
Network Pharmacology in 
Traditional Chinese Medicine
Guest Editors: Shao Li, Tai-Ping Fan, Wei Jia, Aiping Lu, and Weidong Zhang

Evidence-Based Complementary and Alternative Medicine



Network Pharmacology in
Traditional Chinese Medicine



Evidence-Based Complementary and Alternative Medicine

Network Pharmacology in
Traditional Chinese Medicine

Guest Editors: Shao Li, Tai-Ping Fan, Wei Jia, Aiping Lu,
and Weidong Zhang



Copyright © 2014 Hindawi Publishing Corporation. All rights reserved.

This is a special issue published in “Evidence-Based Complementary and Alternative Medicine.” All articles are open access articles
distributed under the Creative Commons Attribution License, which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work is properly cited.



Editorial Board

M. A. Abdulla, Malaysia
Jon Adams, Australia
Zuraini Ahmad, Malaysia
U. P. Albuquerque, Brazil
Gianni Allais, Italy
Terje Alraek, Norway
Souliman Amrani, Morocco
Akshay Anand, India
Shrikant Anant, USA
Manuel Arroyo-Morales, Spain
S. M. B. Asdaq, Saudi Arabia
Seddigheh Asgary, Iran
Hyunsu Bae, Republic of Korea
Lijun Bai, China
Sandip K. Bandyopadhyay, India
Sarang Bani, India
Vassya Bankova, Bulgaria
Winfried Banzer, Germany
Vernon A. Barnes, USA
Samra Bashir, Pakistan
Jairo Kenupp Bastos, Brazil
Sujit Basu, USA
David Baxter, New Zealand
Andre-Michael Beer, Germany
Alvin J. Beitz, USA
Y. Chool Boo, Republic of Korea
Francesca Borrelli, Italy
Gloria Brusotti, Italy
Ishfaq A. Bukhari, Pakistan
Arndt Bssing, Germany
Rainer W. Bussmann, USA
Raffaele Capasso, Italy
Opher Caspi, Israel
Han Chae, Korea
Shun-Wan Chan, Hong Kong
I.-M. Chang, Republic of Korea
Rajnish Chaturvedi, India
Chun Tao Che, USA
Hubiao Chen, Hong Kong
Jian-Guo Chen, China
Kevin Chen, USA
Tzeng-Ji Chen, Taiwan
Yunfei Chen, China
Juei-Tang Cheng, Taiwan
Evan Paul Cherniack, USA

Jen-Hwey Chiu, Taiwan
C. S. Cho, Hong Kong
Jae Youl Cho, Korea
S.-H. Cho, Republic of Korea
Chee Yan Choo, Malaysia
Li-Fang Chou, Taiwan
Ryowon Choue, Republic of Korea
Shuang-En Chuang, Taiwan
Joo-Ho Chung, Republic of Korea
Edwin L. Cooper, USA
Gregory D. Cramer, USA
Meng Cui, China
R. K. Nakamura Cuman, Brazil
Vincenzo De Feo, Italy
R. De la P. Vázquez, Spain
Martin Descarreaux, USA
Alexandra Deters, Germany
S. S. K. Durairajan, Hong Kong
Mohamed Eddouks, Morocco
Thomas Efferth, Germany
Tobias Esch, USA
Saeed Esmaeili-Mahani, Iran
Nianping Feng, China
Yibin Feng, Hong Kong
J. Fernandez-Carnero, Spain
Juliano Ferreira, Brazil
Fabio Firenzuoli, Italy
Peter Fisher, UK
W. F. Fong, Hong Kong
Joel J. Gagnier, Canada
Siew Hua Gan, Malaysia
Jian-Li Gao, China
Gabino Garrido, Chile
Muhammad N. Ghayur, Pakistan
Anwarul H. Gilani, Pakistan
Michael Goldstein, USA
Mahabir P. Gupta, Panama
Svein Haavik, Norway
Abid Hamid, India
N. Hanazaki, Brazil
KB Harikumar, India
Cory S. Harris, Canada
Thierry Hennebelle, France
Seung-Heon Hong, Korea
Markus Horneber, Germany

Ching-Liang Hsieh, Taiwan
Jing Hu, China
Sheng-Teng Huang, Taiwan
Benny Tan Kwong Huat, Singapore
Roman Huber, Germany
Angelo Antonio Izzo, Italy
Suresh Jadhav, India
Kanokwan Jarukamjorn, Thailand
Yong Jiang, China
Zheng L. Jiang, China
Stefanie Joos, Germany
Sirajudeen K.N.S., Malaysia
Z. Kain, USA
Osamu Kanauchi, Japan
Wenyi Kang, China
Dae Gill Kang, Republic of Korea
Shao-Hsuan Kao, Taiwan
Krishna Kaphle, Nepal
Kenji Kawakita, Japan
Jong Yeol Kim, Republic of Korea
Youn Chul Kim, Republic of Korea
Cheorl-Ho Kim, Republic of Korea
Yoshiyuki Kimura, Japan
Joshua K. Ko, China
Toshiaki Kogure, Japan
Jian Kong, USA
Nandakumar Krishnadas, India
Yiu Wa Kwan, Hong Kong
Kuang Chi Lai, Taiwan
Ching Lan, Taiwan
Alfred Lngler, Germany
Lixing Lao, Hong Kong
Clara Bik-San Lau, Hong Kong
Jang-Hern Lee, Republic of Korea
Myeong Soo Lee, Republic of Korea
Tat leang Lee, Singapore
Christian Lehmann, Canada
Marco Leonti, Italy
Ping Chung Leung, Hong Kong
Lawrence Leung, Canada
Kwok Nam Leung, Hong Kong
Ping Li, China
Min Li, China
Man Li, China
ChunGuang Li, Australia



Xiu-Min Li, USA
Shao Li, China
Yong Hong Liao, China
Sabina Lim, Korea
Wen Chuan Lin, China
Bi-Fong Lin, Taiwan
Christopher G. Lis, USA
Gerhard Litscher, Austria
I-Min Liu, Taiwan
Ke Liu, China
Gaofeng Liu, China
Yijun Liu, USA
Cun-Zhi Liu, China
Gail B. Mahady, USA
Juraj Majtan, Slovakia
Subhash C. Mandal, India
J. L. Marnewick, South Africa
Virginia S. Martino, Argentina
James H. McAuley, Australia
Karin Meissner, Germany
Andreas Michalsen, Germany
David Mischoulon, USA
SyamMohan, Saudi Arabia
J. Molnar, Hungary
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Network pharmacology is becoming a cutting-edge research
field in current drug discovery and drug development thanks
to rapid progress in systems biology, network biology, and
chemical biology. By integrating reductionist and systems
approaches as well as computational and experimental
methods, network pharmacology has great potential to act
as the next generation mode of drug research. Network
pharmacology studies emphasize the paradigm shift from
“one target, one drug” to “network target, multicomponent
therapeutics,” highlighting a holistic thinking also shared by
traditional Chinese medicine (TCM). In TCM, the perspec-
tive of holism has long been central to herbal treatments of
various diseases. Characterized by holistic theory and rich
experience in multicomponent therapeutics, TCM herbal
formulae offer bright prospects for the control of complex
diseases in a systematic manner. Thus, introducing network
pharmacology in TCMwill provide novel methodologies and
new opportunities for discovering bioactive ingredients and
endogenous/exogenous biomarkers, revealing mechanisms
of action and exploring scientific evidence of numerous
herbs and herbal formulae in TCM on the basis of complex
biological systems of human body. Moreover, the integration
of TCM and network pharmacology can greatly promote the
progress of network pharmacology as well.

Here, we have grouped together 27 papers in this bur-
geoning field, put forward for publication in this special issue
on TCM network pharmacology.

In the special issue, we have firstly published four con-
cise reviews or perspectives across the two fields between

TCM and network pharmacology. The topics range from
the research paradigm of network pharmacology based
on TCM theory and practice, the available databases and
computational tools in TCM network pharmacology, to the
applications of network pharmacology in TCM.These papers
highlighted some specific themes, such as the concept of
network target, mechanisms of TCM herbal formulae, and
target identification of herbal active ingredients. For example,
a review article provided a perspective regarding TCM-based
network pharmacology and its use in multiple compound
drug discovery, by following an analysis of the merged
networks of differentially expressed genes in rheumatoid
arthritis-cold pattern and protein targets related to Fu Zi, Xi
Xin andGui Zhi.Three other review articles comprehensively
addressed the origin and development of TCM network
pharmacology, the definitions of basic network concepts,
the computational tools and data sources regarding TCM
network pharmacology, and the significance and approaches
of network pharmacology in the TCM field, as well as the
target identificationmethods of herbal active ingredients and
the use of ligand-protein networks.

A remarkable feature of TCM is the use of herbal
formulae. Understanding the mechanisms of action and
combinatorial rules of herbal formulae is of great significance
in TCM modernization and is also one of the important
steps inmodern drug discovery.The emerging TCMnetwork
pharmacology offers a unique opportunity to explore system-
atically not only the molecular complexity of an herbal for-
mula, but also the molecular relationships between an herbal
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formula and complex diseases. A practical strategy of TCM
network pharmacology is the combineduse of network-based
computational predictions and experimental validations. In
this special issue, we have published 11 interesting research
papers covering 10 classic herbal formulae by employing
network-based approaches and omics-based experimental
studies. For example, two research papers established an
integrative platform of TCM network pharmacology on the
basis of the concept of “network target, multicomponent
therapeutics,” and then applied this platform in the iden-
tification of active compounds and mechanisms of action
of an herbal formula Qing-Luo-Yin for the treatment of
rheumatoid arthritis, as well as Ge-Gen-Qin-Lian decoction
recorded in “Shang-Han-Lun” for the treatment of Type 2
diabetes. Moreover, network analysis and omics technologies
including genomic, metabolomic, and proteomic studies
are always integrated together to understand the molecular
actions exerted by herbal formulae at a systematic level. In the
special issue, four papers addressed themetabolomic analysis
for determining the effects of Huang-Lian-Jie-Du-Tang in
a rat model of collagen-induced arthritis, the metabolomic
analysis for She-Xiang-Bao-Xin pill in treating myocardial
infarction in rats, the proteomic analysis for determining the
possible proteomic network associated with the antiarthritic
effects ofQing-Fu-Guan-Jie-Shu in collagen-induced arthritis
rats, and the experimental study of the protective effect of
Xiao-Xu-Ming decoction in a rat model of cerebral ischemia
and reperfusion. It is known that identifying the target
proteins and combinatorial rules of active ingredients in
herbal formulae remains to be a difficult issue. There are
six papers to address such an issue from the network point
of view by using bioinformatics analysis and experiments,
for example, the mechanism of antirheumatic actions of
Huang-Lian-Jie-Du-Tang by network analysis, the molecular
mechanism of Shu-Feng-Jie-Du formula by a module analy-
sis, drug-target network of Yuan-Hu-Zhi-Tong prescription,
the pharmacological mechanisms of Wu-Tou-Tang, and the
mechanism of cell apoptosis induced by Fu-Zheng-Hua-Yu
tablet.

Herbal active ingredients have long been viewed as a
rich source of therapeutic leads in drug discovery. Net-
work pharmacology is expected to be a new strategy and
powerful tool to find the bioactive compounds as well as
their potential molecular targets from numerous herbs or
herbal formulae. For herbal active ingredients, there are
eight papers published in this special issue with the efforts
to study herbal active ingredients by network pharmacol-
ogy approaches. For example, a paper predicted the target
network of vitexicarpin and experimentally validated the
molecular network account for its antiangiogenic activities.
A paper proposed a computational method to identify the
effective herbal components and mechanisms of action. A
paper revealed a pharmacological signaling pathway network
of baicalin in the treatment of ischaemia-reperfusion inmice.
Three other papers addressed the molecular mechanisms of
herbal active ingredients with the help of omics technologies,
including the metabolomic analysis of genipin in rats and
identification of metabolites by LC/MS, the neuroprotective
effects of hydroxysafflor yellowA via theNF-kappaB pathway

by NMR-based metabonomics, and expression profiling and
proteomic analysis of JIN Chinese herbal formula in lung
carcinoma H460 xenografts. Lastly, two experimental stud-
ies are published on the epithelial-mesenchymal transition
induction of shikonin in skin wound healing and capsaicin-
induced cancer cell apoptosis through ER stress.

Uncovering the scientific basis of herbal traditional prop-
erties especially the molecular association between herbal
formulae and TCM syndrome (ZHENG) is absolutely critical
to preserve and develop TCM. Four papers in this special
issue focus on the traditional properties of TCM. A paper
identified the network-based biomarkers for the Cold Coag-
ulation Blood Stasis Syndrome and showed the therapeutic
effects of Shao-Fu-Zhu-Yu decoction in rats. To identify
potent synergistic combinations in herbal formulae, a paper
developed an interesting Feedback SystemControl Scheme to
optimize combinations of flavonoids derived from Astragali
Radix. As the potential adverse effects of herbs have limited
their clinical applications, a paper proposed a network-
based computational model to predict the safety of herbs
through a comparative analysis of withdrawn drugs. Based on
combining formula network, chemical space, and metabolic
space, a paper analyzed the properties of the incompatible
herbal pairs associated with the traditional rule termed
“eighteen antagonisms and nineteen mutual inhibitors” in
herbal formulae.

In summary, TCM network pharmacology is a new
interdisciplinary frontier in both ancient TCM and modern
drug discovery and development fields, which represents
valuable interactions and exchanges between traditional
Chinese medicine and those of network, pharmacological,
biomedical and computational sciences. This special issue
provides a high-profile venue for dissemination of significant
scientific findings in TCM network pharmacology. It is just
the beginning.We encourage researchers in TCM and related
fields to support the development of this novel and promising
direction.

Shao Li
Tai-Ping Fan

Wei Jia
Aiping Lu

Weidong Zhang
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Traditional Chinese medicine (TCM) herbal formulae can be valuable therapeutic strategies and drug discovery resources.
However, the active ingredients and action mechanisms of most TCM formulae remain unclear. Therefore, the identification
of potent ingredients and their actions is a major challenge in TCM research. In this study, we used a network pharmacology
approach we previously developed to help determine the potential antidiabetic ingredients from the traditional Ge-Gen-Qin-Lian
decoction (GGQLD) formula. We predicted the target profiles of all available GGQLD ingredients to infer the active ingredients
by clustering the target profile of ingredients with FDA-approved antidiabetic drugs. We also applied network target analysis to
evaluate the links between herbal ingredients and pharmacological actions to help explain the action mechanisms of GGQLD.
According to the predicted results, we confirmed that a novel antidiabetic ingredient from Puerariae Lobatae radix (Ge-Gen), 4-
Hydroxymephenytoin, increased the insulin secretion in RIN-5F cells and improved insulin resistance in 3T3-L1 adipocytes. The
network pharmacology strategy used here provided a powerful means for identifying bioactive ingredients and mechanisms of
action for TCM herbal formulae, including Ge-Gen-Qin-Lian decoction.

1. Introduction

Type 2 diabetes (T2D), or noninsulin-dependent diabetes
mellitus, is a common complex disease with an increas-
ing prevalence worldwide. In 2012 it was estimated that
more than 371 million people have diabetes and that T2D
constitutes over 90% of diabetic patients [1]. Furthermore,
epidemiological survey analysis suggests that the prevalence
of diabetes is accelerating [2]. T2D is characterized by high
blood glucose levels due to insufficient insulin secretion,
insulin resistance, and impaired insulin action [3]. T2D is
influenced by lifestyle factors, such as age, pregnancy, and
obesity, but has a strong genetic predisposition [4]. Multiple
genes are involved in genetic susceptibility, each making

a small contribution to T2D risk [5, 6]. Alterations inmultiple
signaling pathways, for example, JAK-STAT, MAPK, VEGF,
PPAR, P13K, andWnt were implicated in the pathogenesis of
the disease [7–9]. Treatments aimed at controlling high-level
blood glucose, as well as therapies that prevent diabetic com-
plications, have all shown specific therapeutic activity in T2D
patients, such as metformin, alpha-glucosidase inhibitors,
sulfonylureas, thiazolidinediones (TZDs), and insulin injec-
tions [10]. However, these treatments have shown limited
efficacy and are associated with various side effects such
as flatulence and diarrhea [11]. Therefore, as a complicated
disease, T2D may require complex therapeutic approaches
such as traditional Chinese medicine (TCM) [12].
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In TCM, T2D is treated as “Xiaoke” and the related
herbal formulae have been used over thousands of years.
The therapeutic effects of Chinese medicines used for the
treatment of T2D have been documented based on clini-
cal trials or the use of animal T2D models [13, 14]. One
such herbal formula is the Ge-Gen-Qin-Lian decoction
(GGQLD), an ancient and effective treatment for “dampness-
heat” ZHENG causing diarrhea and dysentery, which origi-
nated from “Shanghan Lun” compiled by ZhongJing Zhang.
GGQLD consists of four herbs: Puerariae Lobatae radix (Ge-
Gen) as the principle herb, Scutellariae radix (Huang-Qin),
Coptidis rhizoma (Huang-Lian), and Glycyrrhizae Radix et
Rhizoma Praeparata cum Melle (Gan-Cao) used as adjuvant
herbs to assist the effects of Ge-Gen. It has been reported
that puerarin from Ge-Gen reduced blood sugar in diabetic
mice, and improved insulin resistance and hyperlipidemia in
rats [15–17]. Baicalin fromHuang-Qin had antihyperglycemic
effects on diabetic rats [18]. Berberine from Huang-Lian
lowered blood glucose significantly by increasing insulin
receptor expression [19]. Furthermore, amorfrutins from
Gan-Cao have potent antidiabetic activity [20]. Intriguingly,
recent studies also showed that GGQLD had good clinical
effects on T2D and the anti-diabetic activities of GGQLD
in vivo and in vitro were investigated [21, 22]. Although
research has indicated that GGQLD, composed of multiple
biologically active compounds, helps in T2D treatment, the
mechanism of this formula remains unknown due to its
complex nature, as well as a lack in appropriate methods.

As complex mixtures of herbs, TCM formulae consist of
many small molecular compounds, which may simultane-
ously, transiently (short residue time), or weakly (low affinity)
bind with multiple target proteins [23, 24]. The systematic
therapeutic strategy of a formula is realized through collec-
tively targeting the disease-specific molecular network. Its
increased efficacy and decreased toxicity may arise as a result
of complex synergistic or antagonistic interactions among
different formula components. Such features of TCM herbal
formulae meet the requirements of complex disease (e.g.,
T2D) treatment in a systematic manner. Interestingly, the
holistic philosophy of TCM is consistent with the key idea
of emerging network pharmacology [25, 26]. Recently, TCM
network pharmacology has been proposed by Li et al. [25, 27–
30], which integrates TCM theory with interaction networks
and uses a “network target” as a mathematical and com-
putable representation of various connections between herbal
formulae and diseases [31, 32]. The combinatorial rules and
holistic regulation effects of herbal formulae can be conveyed
using the network properties arising directly from network
topology and dynamics, such as the network parameters
including connectivity, centrality, modularity, and propaga-
tion [33–37]. Therefore, TCM network pharmacology can be
used to understand the scientific basis of TCM herbal formu-
lae at the molecular level and from a system perspective.

Our previous studies have shown that the “network
target” as a key concept of TCM network pharmacology can
help to decipher themolecularmechanisms of the therapeutic
effects of TCM herbal formulae and to determine their
active ingredients or combinations [25, 31, 32, 38]. Here,
to better understand the molecular basis of the therapeutic

effects of GGQLD on T2D, we computationally recognized
the active ingredients and mechanisms in GGQLD using
integrative analysis based on our TCM network pharmacol-
ogy platform and experimentally validated the antidiabetic
activity of the candidate ingredients. Network target analysis
showed that GGQLD can regulate key biological processes
in T2D development, such as glucose homeostasis and
response to insulin stimulus. Moreover, we revealed that 4-
Hydroxymephenytoin, a core component of Ge-Gen, was
involved in the antidiabetic ingredients of GGQLD, which
can stimulate endogenous insulin secretion and ameliorate
insulin resistance in 3T3-L1-based insulin resistance models.
These results provide new insight into the molecular mech-
anisms of the antidiabetic activity of GGQLD and accelerate
drug discovery on the basis of GGQLD.

2. Methods and Materials

2.1. Computational Prediction of Antidiabetic Ingredients
from GGQLD Using Network Target Analysis

2.1.1. Data Collection. We collected the TCM herbal ingre-
dients imported from the Herb BioMap database (China
Copyright of Computer Software, 2011SR076502), which con-
tains information on 621 herbs and 10,805 distinct chemical
ingredients. To identify the active ingredients in GGQLD,
a total of 287 available chemical ingredients were collected,
with 42 found in Ge-Gen, 57 found in Huang-Qin, 22 found
in Huang-Lian, and 166 found in Gan-Cao. The chemical
information on GGQLD ingredients (structure, canonical
name, and CID number) employed for computational analy-
sis was downloaded from the PubChemCompound database
(http://pubchem.ncbi.nlm.nih.gov/) [39]. A data set of 80
T2D-related genes and the true targets of 19 FDA-approved
antidiabetic drugs were retrieved from the OMIM Morbid
Map and DrugBank databases, respectively [40, 41].

2.1.2. Network-Based Prediction of Herbal Ingredient Target
Profiles. In silico prediction of comprehensive target profiles
of TCM ingredients is the first step in TCMnetwork pharma-
cology. Compared with virtual screening based on docking
analysis, the network-based computational approach for drug
target identification is not restricted to the target protein
structures. In this study, a network-based regression model
(drugCIPHER) for target profile prediction was carried out.
The drugCIPHER method scored the likelihood of drug-
target interactions by integrating structural similarities of
drugs and protein-protein interactions in a heterogeneous
network that correlated chemical and genomic spaces [42].
Briefly, drugCIPHER was performed to predict the target
profiles of each GGQLD ingredient. The drugCIPHER score
represented the likelihood of an ingredient-target interaction,
which was obtained from the correlation between the query
ingredient’s structural similarity vector in chemical space and
the target protein’s closeness vector in genomic space. Finally,
the top 100 proteins were selected as target profiles for each
ingredient since the top 100 targets reach the high prediction
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Table 1: Nineteen FDA-approved antidiabetic drugs compiled from
the Drugbank database.

Category Name CID

Sulfonylureas drug

Tolbutamide 5505
Glyburide 3488
Glipizide 3478
Gliquidone 91610
Glimepiride 3476
Gliclazide 3475

Biguanide drug

Metformin 4091
Phenformin 8249
Acarbose 441184
Voglibose 444020
Miglitol 441314

Euglycemic agent Pioglitazone 4829
Rosiglitazone 77999

Euglycemic agent
(Nonsulfonylurea)

Repaglinide 65981
Starsis (TN) 443871

Aldose reductase inhibitor Tolrestat 53359
Alrestatin 2120

Other oral antidiabetic drugs Sitagliptin 4369359
Rimonabant 104850

accuracy (77.3%) in general and can be a representation of the
whole target profile [42].

2.1.3. Cluster Analysis of Target Profiles for Computational
Identification of Antidiabetic Ingredients. Two-dimensional
hierarchical clustering of target profiles was used to deter-
mine possible antidiabetic ingredients by comparing the
GGQLD ingredients and antidiabetic drug profiles [43]. For
the purpose of comparison and cluster analysis, 19 FDA-
approved antidiabetic drugswere compiled (Table 1) and their
target profiles were generated using drugCIPHER. Clustering
was executed using MATLAB (Mathworks Matlab R2013a)
and standard hierarchical clustering of a matrix dependence
on drugs or ingredient target profiles. The clustering coef-
ficient between GGQLD ingredients and antidiabetic drug
profiles was estimated and the cutoff value was set >0.5.
The similarity networks of herbal ingredients and drugs
(clustering coefficient of target profiles >0.5) were created
using network visualization software CytoScape 2.8.

2.1.4. Network Pharmacology for Predicting Synergistic Herbal
Ingredient Combinations. Prediction of synergistic herbal
ingredient combinations was performed as described pre-
viously [32]. We adapted a synergy score that predicted
how strong disease molecular networks were perturbed with
herbal ingredient combinations. In this study, berberine in
Huang-Lian was used to search possible synergistic combi-
nations with the 286 GGQLD ingredients. Different features
of the disease molecular network were combined to quantify
the synergy, such as node importance and shortest path dis-
tance between berberine and other ingredient target profiles.
The calculation details have been described previously [32].

Statistical significance of the synergistic herbal ingredient
combinations was estimated using P value.

2.1.5. Network Target Analysis of Mechanisms of Action of
GGQLD. Identification and characterization of the action
mechanism of GGQLDwere performed using network target
analysis as depicted previously [38]. Briefly, a gene ontology
(GO) enrichment analysis tool from the DAVID database
was used to identify statistically significant enriched GO
biological process (BP) terms of assembled T2D-related
genes (P value < 0.05 after Benjamini’s correction), which
were selected as common biological functions and path-
ways for T2D [44]. Secondly, the target profile of each
antidiabetic GGQLD ingredient inferred by cluster analysis
and the gene set of enriched GO BP terms of T2D-related
genes were mapped simultaneously onto the protein-protein
interaction (PPI) network assembled PPI data from public
databases [38]. Thirdly, the possible biological functions of
each antidiabetic ingredient were predicted by the network-
based algorithm of drug function identification developed
previously, which integrated important network parameters
such as node importance and shortest path distance between
the herbal ingredients’ target gene set and T2D-related gene
set [45]. Fourthly, we constructed a large GGQLD herbal
ingredient-function network with GO BP terms and herbal
ingredients as nodes and the links extracted from the P
value calculated above. Lastly, amore biologicallymeaningful
subnetwork representing the action mechanisms of GGQLD
was produced, which was visualized by CytoScape software.

2.2. Experimental Validation for Computational
Prediction Results Using Insulin Secretion Assay
and Insulin Resistance Model

2.2.1. Drugs and Reagents. Two FDA-approved antidiabetic
drugs (nateglinide and pioglitazone), a known antidiabetic
herbal ingredient (berberine), the newly discovered GGQLD
herbal antidiabetic (4-Hydroxymephenytoin), and palmitic
acid (PA, P0500) were obtained from Sigma Chemical
Co. (St. Louis, Missouri, USA). The RPMI 1640 medium,
high-glucose DMEM medium, 3-isobutyl-1-methylxanthine,
trypsin, and fetal bovine serum for cell culture were pur-
chased from GIBCO (Grand Island, New York, USA). The
MTT detection kit, insulin ELISA kit, and glucose detection
kit were obtained from R&D (Minneapolis, USA).

2.2.2. Cell Cultures and Treatment. RIN-5F cells derived from
rat insulinoma and 3T3-L1 preadipocytes derived from 3T3
mouse embryo fibroblast were purchased from the American
Type Culture Collection (Manassas, VA; ATCC no.: CRL-
2058 and CL-173, resp.). The RIN-5F cells were cultured
in RPMI 1640 medium containing 10% FBS, 100U/mL
penicillin, and 100 𝜇g/mL streptomycin under an atmo-
sphere of 5% CO

2
/95% humidified air at 37∘C. The medium

was renewed every 3 days. The cells were used at pas-
sages 20–25. The 3T3-L1 preadipocytes were grown and
differentiated into adipocytes as described previously [46].
Briefly, preadipocytes were differentiated in high-glucose
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DMEM, 10% FBS with dexamethasone (0.25 𝜇M), insulin
(10 𝜇g/mL), and 3-isobutyl-1-methylxanthine (0.5mM) for
48 h and then treated with insulin (1 𝜇g/mL) for an additional
48 h. Adipocytes were maintained in and refed every 2 days
with high-glucose DMEM and 10% FBS until being used
for experiments 8–12 days after the addition of differenti-
ation factors, when between 90 and 95% of cells exhibited
an adipocyte phenotype. For antidiabetic drugs or herbal
ingredient treatment of cells, RIN-5F and 3T3-L1 adipocytes
were cultured for the indicated time in the corresponding
medium containing BSA (2%) and glucose (5.4mM) in
the absence of nateglinide, pioglitazone, berberine, and 4-
Hydroxymephenytoin. After that, other assays were per-
formed.

2.2.3. MTT Assay. A total of 1 × 104 cells were plated in 96-
well flat-bottom plates in 100 𝜇L of medium. The next day,
cells were exposed to the antidiabetic drugs and potential
herbal ingredients at different concentrations. After one day
from the last drug addition, 20𝜇L of 5mg/mLMTT solution
in PBS was added to each well for 4 h. The medium was
removed, and 200𝜇L DMSO was added to each well to
dissolve the formazan crystals. Absorption at 570 nm was
determined using a Bio Rad microplate reader (Model 3550
microplate reader, Bio-Rad Laboratories, Richmond, CA).
Triplicate wells were assayed for each condition, and standard
deviationswere determined.The concentrations of each agent
with survival rates>90%were selected for use in the following
assays.

2.2.4. Insulin Secretion. The RIN-5F cells were seeded in 12-
multiwell plates at a density of 107 cells/mL. After 24 h, the
medium was discarded, and the cells were washed twice
for 30min at 37∘C with PBS. The cells were incubated
in the presence or absence of increasing concentrations
of glucose for different periods of time. To study herbal
ingredient-induced insulin secretion, RIN-5F cells were incu-
bated for the last indicated time at 37∘C in the medium
with different glucose content in the presence or absence
of different concentrations of nateglinide, berberine, and
4-Hydroxymephenytoin. Aliquots of the supernatant were
collected and stored at −20∘C for subsequent insulin amount
determination by ELISA.

2.2.5. Oil Red O Staining. Oil red O was used to stain lipids
in the 3T3-L1 adipocytes. Cells were washed three times with
PBS and then once in 60% isopropanol. Oil red O was added
and the cells were incubated for 20 min at room temperature.
Cells were washed three times in PBS and then once in 60%
isopropanol again. Slides were rinsed and counterstained
with haematoxylin. Mounting solution and coverslips were
added.

2.2.6. Insulin-Resistance Model and Glucose Consumption
Assay. The 3T3-L1 adipocytes were cultured for 12 h in
serum-free DMEM with 0.2% BSA. The cells were then cul-
tured in DMEM containing 1% BSA for 24 h (normal group);
or in DMEM containing 0.5mM PA and 2% BSA (model

group); or in DMEM containing 0.5mM PA, 0.1, 1, and
10 𝜇M pioglitazone, berberine, and 4-Hydroxymephenytoin,
and 2% BSA (treatment group) for 24 h [47]. The 3T3-L1
preadipocytes were differentiated to adipocytes in a 12-well
plate. After serum starvation in 0.2% BSA DMEM overnight,
the cells were incubated with DMEM containing 0.5mM PA
and various concentrations of pioglitazone, berberine, and
4-Hydroxymephenytoin for 24 h. The medium was removed
and its glucose concentrations were determined by the
glucose oxidasemethod.The amount of glucose consumption
was calculated by subtracting the remaining glucose in the
plate from the glucose concentrations of blank wells. Three
replicate wells were established. Additionally, an MTT assay
was employed to determine cell number and viability.

2.2.7. Statistical Analysis. Data were expressed as means ±
standard deviation (SD). Multigroup comparisons were car-
ried out by analysis of variance (ANOVA) with SPSS 16.0.
Values of P < 0.05 were considered statistically significant.

3. Results and Discussion

3.1. Computational Prediction Based on Network Pharmacol-
ogy for GGQLD. Cells employ complex signaling networks to
drive biological processes. Genetic or epigenetic alterations in
signaling pathways and networks might result in imbalanced
signaling of islet cells, which then leads to T2D phenotypes.
The successful application of GGQLD in T2D therapy not
only demonstrated the feasibility of TCM herbal formulae
but also showed that increasing the complexity of proposed
therapies by targeting different pathological processes in
disease development should more efficiently treat complex
diseases. Interestingly, the network-based therapeutic strate-
gies are evidence based presumably in agreement with the
properties of TCM herbal formulae [48]. Previously, we
showed that integrative TCM network pharmacology and
its application provided insight into the combinatorial role
of an antirheumatoid arthritis herbal formula and identified
the active ingredients [38]. To gain further insight into the
underlying mechanism of GGQLD, we applied a network-
based approach to predict the target profiles of each herbal
GGQLD ingredient and 19 FDA-approved antidiabetic drugs
(Table 1). Here, the target profiles of herbal compounds
and 19 FDA-approved antidiabetic drugs will be compared
and clustered to predict the actions of herbal compounds.
Note that although the FDA-approved drugs have their
known targets, we need to predict the target profile of these
FDA drugs by drugCIPHER, making the target and activity
information more complete and more comprehensive for the
FDA drugs. The reliability and precision of the target profiles
predicted by drugCIPHER have been evaluated for FDA-
approved small molecular drugs [42]. The genes involved in
target profiles were defined by all genes within the assembled
PPI network. We also restricted our analysis to the top 100
genes present in each target profile.

3.1.1. Identifying Antidiabetic Ingredients from GGQLD Using
Cluster Analysis. To computationally determine antidiabetic
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Figure 1: The herbal ingredient-drug networks based on the target profile cluster analysis. Each node represents a herbal ingredient or drug.
The color of herbal ingredient represents its source herbs. Two nodes between herbal ingredients and drugs are linked by an edge if their
similarity score is above the predefined threshold >0.5.

herbal ingredients and understand the molecular basis of
GGQLD, we hypothesized that the potential antidiabetic
herbal ingredients and FDA-approved antidiabetic drugs
were likely to share similar target profile patterns or similar
biological functions and pharmacological action. In line with
prior research [38], we measured the similarity between the
target profiles of herbal ingredients and the selected drugs
using the hierarchical clustering algorithm, which revealed
that certain herbal ingredients were associated with antidi-
abetic drugs with diverse action mechanisms. After cluster
analysis using target profiles, the herbal ingredients with
coefficients of more than 0.5 were analyzed in greater detail
and a similarity network with weighted edges based on dif-
ferences in the target profiles of herbal ingredients and drugs
was generated (Figure 1). This network represented similar
relationships or commonmechanisms between herbal ingre-
dients and drugs. Table 2 shows that 19 herbal ingredients
in this network were identified as potential antidiabetic
ingredients in GGQLD, of which two, nine, four, and four
ingredients were from Ge-Gen, Huang-Lian, Huang-Qin,
and Gan-Cao, respectively. To demonstrate whether these
ingredients had antidiabetic properties, a literature search
was performed using SciFinder [49] andPubMed.This search
identified 13 of the 19 herbal ingredients as known antidia-
betic compounds supported by at least one independent item
of evidence [50–63].These ingredients were linked to diverse
antidiabetic activities in previous studies and were com-
putationally confirmed here. For example, 1-OCTEN-3-OL
from Ge-Gen and 2-Acetyl-1-methylpyrrole from Gan-Cao

were found to be antioxidants involved in the improvement
of diabetes [50, 63, 64]; guaifenesin from Huang-Qin pro-
moted neurite outgrowth and protected diabetic mice from
neuropathy [61]. In particular, several core ingredients from
Huang-Lian, berberine bisulfate, columbamine, coptisine,
epiberberine, jatrorrhizine, oxyberberine, dehydrocheilan-
thifoline, and berberine were reported to have hypoglycemic
and antidiabetic actions through the regulation of glucose
metabolic effects and reduction of oxidative stress injury [51–
59].These results demonstrated the reliability of our approach
and provided possible explanations for the molecular basis
and mechanisms of action of GGQLD [21, 22]. For the
remaining six ingredients not reported in the literature, 4-
Hydroxymephenytoin was commercially available and was
tested in in vitro antidiabetic assay below.

3.1.2. Determining Combinatorial Rules of GGQLD Using Net-
work Pharmacology. From the computational screening of
the pooled GGQLD herbal ingredients, a known antidiabetic
ingredient (berberine in Huang-Lian) was selected as a core
component to combine with other ingredients, resulting in
287 unique ingredient pairs. We used significant synergy
scores to identify potent ingredient pairs. Table 3 shows the
potent berberine-ingredient pairs with significant P values
(𝑃 < 0.05). Berberine treats T2D by lowering blood
glucose and improving insulin-resistant states.The significant
top ranked herbal ingredient pairs suggest that berberine
combined with oxyberberine in Huang-Lian and guaifenesin
in Huang-Qin may produce synergistic antidiabetic actions.
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Table 2: Potential antidiabetic ingredients in Ge-Gen-Qin-Lian formula by network target analysis.

Ingredients Herbs CID Literature evidence
4-Hydroxymephenytoin Ge-Gen 119507 /
1-OCTEN-3-OL Ge-Gen 18827 [50]
Berbericinine Huang-Lian 19009 /
Berberine bisulfate Huang-Lian 12457 [51]
Columbamine Huang-Lian 72310 [52]
Coptisine Huang-Lian 72322 [53]
Epiberberine Huang-Lian 160876 [54, 55]
Jatrorrhizine Huang-Lian 72323 [55, 56]
Oxyberberine Huang-Lian 11066 [57]
Dehydrocheilanthifoline Huang-Lian 3084708 [58]
Berberine Huang-Lian 2353 [59]
Indole Huang-Qin 798 [60]
1,3-Diphenylbenzene Huang-Qin 7076 /
2-Formylpyrrole Huang-Qin 13854 /
Guaifenesin Huang-Qin 3516 [61]
1-(1H-Pyrrol-2-yl)ethanone Gan-Cao 14079 [62]
2-Acetyl-1-methylpyrrole Gan-Cao 61240 [63]
m-Ethylphenyl acetate Gan-Cao 76462 /
5,6,7,8-Tetrahydro-4-methylquinoline Gan-Cao 185667 /
/: no evidence.

Table 3: Herbal ingredients in GGQLD with potential synergistic antidiabetic effects on berberine.

Herb name Chemical name Synergy score 𝑃 value
Gan-Cao 5,6,7,8-Tetrahydro-4-methylquinoline 0.532 0.001
Huang-Qin Indole 0.463 0.001
Ge-Gen SA3 0.452 0.001
Huang-Lian Oxyberberine 0.372 0.006
Huang-Qin Guaifenesin 0.453 0.011
Gan-Cao 1-(1H-Pyrrol-2-yl)ethanone 0.359 0.042

This result was indirectly validated by the synergistic com-
binations of FDA-approved antidiabetic drugs with similar
target profiles. For example, the combination of repaglinide
and pioglitazone has acceptable safetywith greater reductions
in glycemic parameters than treatment using either agent
alone [65]. In addition, the combinational effects of berberine
with other ingredients in GGQLDwere also predicted, which
needs further experimental verification. We suspect that the
synergisticmechanisms of berberine with 5,6,7,8-Tetrahydro-
4-methylquinoline/1-(1H-Pyrrol-2-yl)ethanone in Gan-Cao
or indole in Huang-Qin might be due to their different
antidiabetic mechanisms, as the similarity network found the
difference of target profiles.

3.1.3. Understanding the Action Mechanisms of GGQLD Using
Network Target Analysis. Comodule analysis by mapping
disease genes and drug target profiles into the integrative PPI
network suggests an underlying link between disease and
drugs if the two gene sets coexist within the same module or
the distance between them is very close in the network. The
network-based approach could therefore provide predictable
power for the pharmacological actions of herbal ingredients.
Consequently, to identify which T2D-related biological
processes were regulated by the predicted herbal ingredients
from GGQLD, network target analysis was performed with
the T2D-related genes enriched GO terms and target profiles

of herbal ingredients. Because the network distribution
of T2D genes was considered a specific network target,
the relationship between T2D pathological processes and
herbal ingredients was evaluated using node importance
and shortest path distance, as previously described [45]. The
network target analysis enabled a comprehensive under-
standing of the action mechanisms of GGQLD so that the
resulting network could be used to explain the combinatorial
activities of herbal ingredients in GGQLD. Figure 2 shows
that the key biological processes involved in T2D (glucose
homeostasis, regulation of glucose import, regulation of
glucose transport, regulation of glucose metabolic process,
and response to insulin stimulus) were regulated by different
ingredients from GGQLD. This suggests that GGQLD can
treat T2D by regulating the complex network related to
multiple pathological processes of T2D.

Furthermore, our previous studies found that Cold
ZHENG and Hot ZHENG in the classic theory of TCM were
characterized by imbalance in the metabolic and immune
networks, considering from a biological or molecular cor-
relate between the ZHENG and diseases [27, 66, 67]. There
are two therapeutic strategies, one direct and one indirect,
for attempting to recover the Yin and Yang balance in
the human body. For example, “clearing heat” is used in
the direct treatment of Hot ZHENG, while the therapeutic
principle of “nourishing Yin and clearing heat” is used in
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Figure 2: Relationships between antidiabetic ingredients and their perturbed GO Biological Processes. Blue nodes represent T2D-related
GO Biological Processes; other color nodes represent ingredients from different herbs. This network can be regarded as a perturbed network
targeted by various ingredients from GGQLD.

the indirect treatment of Hot ZHENG. GGQLD with cold-
dominated herbs is now routinely used for treating “damp-
heat syndrome” in TCM clinics. As shown in Figure 2,
GGQLD mainly affected the positive regulation of many
types of metabolic processes, suggesting that GGQLD can
efficiently treat T2D by improving the imbalanced state of
metabolic processes in T2D patients. These results showed
that the therapeutic strategy of GGQLD is indirect and also
implied that the “damp-heat syndrome” treated by GGQLD
may be one of the phenotypes caused by “Yin deficiency,” such
as the reduced secretion of insulin.

3.2. Experimental Validation of the Antidiabetic Effect of
4-Hydroxymephenytoin. Patients who develop T2D have
a complex phenotype with disordered insulin secretion,
increased hepatic glucose production, and resistance to the
action of insulin, which all contribute to the development
of overt hyperglycemia [68]. The therapeutic action mech-
anisms of antidiabetic agents on T2D might be related to
their effect of ameliorating glucose metabolism disorders,
improving insulin resistance, and increasing tissue sensitivity
to insulin. In this study, we investigated the activities of
4-Hydroxymephenytoin on insulin secretion and resistance
in vitro to validate its antidiabetic potential, as shown in
Figure 3(a).

3.2.1. Effect of 4-Hydroxymephenytoin on Insulin Secretion.
To assess the stimulatory effect of 4-Hydroxymephenytoin
on insulin secretion in vitro, we used a rat insulin enzyme-
immunoassay to determine activity based on the insulin
levels released from RIN-5F cells under both basal and
hyperglycemic conditions, which contained 1 and 20mMglu-
cose, respectively. As shown in Figure 3(b), insulin secretion
was augmented when the glucose concentration increased
from 1 to 20mM. Although nateglinide, berberine, and 4-
Hydroxymephenytoin in the presence of 1mM glucose did
not significantly induce insulin secretion from the cells, expo-
sure to 4-Hydroxymephenytoin (0.1, 0.3, and 3𝜇M) in the
presence of 20mM glucose stimulated a significant increase
in insulin secretion in a concentration-dependent manner
(P < 0.01). Interestingly, RIN-5F cells responded better
to 4-Hydroxymephenytoin than to nateglinide and berber-
ine in insulin secretion. Maximum activity was observed
with 0.3𝜇M of 4-Hydroxymephenytoin. At 20mM glu-
cose, 4-Hydroxymephenytoin induced a 1.9-fold increase in
insulin secretion compared to that without 4-Hydroxymeph-
enytoin, whereas 4-Hydroxymephenytoin in 1mM glucose
showed lower activity. Toxicity profiles of nateglinide, ber-
berine, and 4-Hydroxymephenytoin in the RIN-5F cells
were determined at 0.1–10 𝜇M of nateglinide, berberine
and 4-Hydroxymephenytoin by cell proliferation assay
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Figure 3: 4-Hydroxymephenytoin induced insulin secretion in RIN-5F cells at a nontoxic concentration. (a) Subnetwork targeted by 4-
Hydroxymephenytoin. (b) Effects of nateglinide, berberine, and 4-Hydroxymephenytoin on glucose-stimulated insulin secretion from RIN-
5F islet cells. Cells were incubated with various concentrations of nateglinide, berberine, and 4-Hydroxymephenytoin for 2 h to induce insulin
secretion. Glucose with different concentrations was used as the control for basal and hyperglycemic conditions. Values are means ± SD of
five replicate experiments in each group. ∗𝑃 < 0.05 and ∗∗𝑃 < 0.01 are compared with the control group of 20mM glucose. (c) Effects of
nateglinide, berberine, and 4-Hydroxymephenytoin on cytotoxicity in RIN-5F islet cells. Cells were incubated with various concentrations
of nateglinide, berberine, and 4-Hydroxymephenytoin, respectively for 24 h in the presence of 20mM glucose. Cell viability was measured
using MTT assay. Values are means ± SD of seven replicate experiments in each group.
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Figure 4: 4-Hydroxymephenytoin induced insulin-induced glucose consumption in 3T3-L1 adipocytes. (a) General view of differentiation of
3T3-L1 preadipocytes into adipocytes as seen in inverted phase contrast microscope (A–D). Large lipid droplets are the main characteristics
of the cytoplasm of the cells (C). Intracellular lipid content was measured by oil red O staining. (b) Effects of pioglitazone, berberine, and
4-Hydroxymephenytoin on glucose consumption in 3T3-L1 adipocytes. Differentiated 3T3-L1 adipocytes in 96-well plates were preincubated
with DMEM containing 0.2% BSA for 12 h and then incubated with various concentrations (0.1, 0.3, and 3𝜇M) of pioglitazone, berberine, and
4-Hydroxymephenytoin for 24 h. Glucose consumption amount was obtained from the difference in glucose concentrations between initial
and final states for the indicated time from the culture medium. Values are means ± SD of five replicate experiments in each group. ∗𝑃 < 0.05
and ∗∗𝑃 < 0.01 are compared withmodel group. (c) Effects of pioglitazone, berberine, and 4-Hydroxymephenytoin on cytotoxicity in 3T3-L1
adipocytes. Cells were incubated with various concentrations of pioglitazone, berberine, and 4-Hydroxymephenytoin for 24 h. Cell viability
was measured using MTT assay. Values are means ± SD of seven replicate experiments in each group.

(Figure 3(c)). The incubation period for the induction of
insulin secretion was insufficient to detect cytotoxicity.
Therefore, the cultures were incubated for 24 h. 4-Hydrox-
ymephenytoin did not show apparent cytotoxicity up to 1 𝜇M,
indicating that the activities of 4-Hydroxymephenytoin on
insulin secretion were not due to their toxicity. Moreover,
toxic concentrations of 4-Hydroxymephenytoin were higher
than these of nateglinide and berberine.

3.2.2. Improvement of 4-Hydroxymephenytoin on Insulin
Resistance and Glucose Consumption. We investigated the
effects of 4-Hydroxymephenytoin on improving insulin resis-
tance induced by PA in 3T3-L1 adipocytes. Differentiated
3T3-L1 adipocytes from preadipocytes were used as a cellular
model to evaluate the activity of 4-Hydroxymephenytoin
for the improvement of insulin resistance. Adipocyte dif-
ferentiation was induced in the 3T3-L1 preadipocytes using
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3-isobutyl-1-methylxanthine and dexamethasone, and lipid
droplets were detected with oil red O staining. Because
increased adiposity in the 3T3-L1 adipocytes may be due to
increased adipocyte differentiation, adipogenesis is shown
in Figure 4(a). The 3T3-L1 adipocytes were treated with PA
(0.5mM, 24 h) to induce insulin resistance. Insulin-induced
glucose consumption was measured to determine insulin
sensitivity. The results showed that insulin-induced glucose
consumption was ∼8 times higher than that in the normal
group but was inhibited by as much as 87.5% after incubation
with PA for 24 h, which was consistent with previous free-
fatty acid-induced insulin resistance studies [69]. However,
interventionwith 0.1, 0.3, and 3𝜇Mof pioglitazone, berberine
and 4-Hydroxymephenytoin reversed the condition some-
what. Insulin-induced glucose consumption was increased
by 43.8%, 100%, and 162.5% after intervention with 0.1, 0.3
and 3 𝜇M of 4-Hydroxymephenytoin, respectively for 2 h
and were both dose- and time-dependent. In addition, the
insulin-induced glucose consumption increased by 368.8%
and 212.5%, respectively, in the 3 𝜇Mpioglitazone and berber-
ine groups (Figure 4(b)). As shown in Figure 4(c), nontoxic
concentrations of each agent were selected in this study.
Together, these results suggest that 4-Hydroxymephenytoin
can improve insulin resistance and increase glucose con-
sumption in the 3T3-L1 adipocytes, albeit less efficiently than
pioglitazone and berberine at 0.3 𝜇M.

4. Conclusions

A practical application of the network-based approach was
illustrated in GGQLD and the results demonstrate that
this approach is an effective strategy for TCM modern
research. Increased coverage, quality, and variety of herbal
ingredients data involved in each herb will, in turn, enable
further opportunities for molecular basis of TCM herbal
formulae. Integrating chemical, target protein binding, gene
and protein expression, pharmacokinetic and pharmacody-
namic or diagnostic and clinical information hold further
promise for determining relationships between diseases and
TCM herbal formula at multiple levels. At present, the
success of network-based active ingredient identification and
mechanism prediction supports the notion that TCM herbal
formulae target a disease-specific network [26] and that
the key to understanding the mechanisms of action and
combinatorial rules of TCM herbal formulae is encoded
in the molecular network. The antidiabetic activities of the
GGQLD herbal ingredients were identified in this work
through network pharmacology methods and can serve as
potential antidiabetic ingredients for future experimental
validation, and 4-Hydroxymephenytoin fromGe-Gen is such
a representation validated in this study.
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Because of the complexity of the components in Traditional Chinese Medicine formula (TCM formula), it is still a challenge
to identify its effective components, to elucidate the mechanism of the components, and to discover the relationship between
components and therapy objectives. In this paper, amethod called directed TCMgrammar systems (dTGS) for effective component
identificationwas proposed using entity grammar systems (EGS) as the theoretical framework.The component-disease relationship
of a TCM formula (i.e., Bai-Hu decoction plusWasting-Thirsting formula, BHDWT) and one disease (i.e., type 2 diabetes mellitus)
treated with it was studied, and the effective component groups (ECGs) were identified. 19 compounds were found acting on
20 proteins in type 2 diabetes mellitus (T2D) disease network, and 15 compounds were determined as the candidate effective
components. Results indicated that this method can be used to identify the effective components and provide an innovative way to
elucidate the molecular mechanism of TCM formulas.

1. Introduction

The components in Traditional Chinese Medicine formula
(TCM formula) were very complex and their molecular
mechanism was unclear. For the treatment of one disease,
some components may be favorable and others may not.
Identification of favorable components and analysis of their
action mechanisms will benefit the optimization of culti-
vation condition, processing technology, extraction process,
and newdrug development. At present, experiment screening
was still the main method for the identification of effective
components and effective component groups (ECGs). For
example, high-performance liquid chromatography-mass
spectrometry (HPLC-MS)was used to analyze the active con-
stituents of Xiao-Xu-Ming decoction [1]; drosophila trans-
genic models were used to identify combinatorial drug,
such as suberoylanilide hydroxamic acid (SAHA) and gel-
danamycin, for the treatment ofHuntington’s disease [2]; cell-
based assays technology was used to screen two-component
combinations for the treatment of cancer, infectious dis-
eases, and CNS disorders [3]. However, the results identified

through experimental screening were limited, due to the
complexity of components and the high cost associated with
experiments.

Recently, computational systems biology was used to
study TCM because of the technical advantages of study-
ing large and complex systems and the relative lower cost
compared to experimental screening. The applications of
complex network analysis techniques, in particular, led to
many new findings. For instance, microarray technology
and connectivity maps were integrated into the research of
molecular mechanisms of Si-Wu decoction (composed of
four herbs: Radix Rehmanniae preparata, Radix Angelicae
Sinensis, RhizomaLigustici Chuanxiong, andRadix Paeoniae
Alba) [4]. Multilayer map of “Phenotype network-Biological
network-Herb network” was applied to uncover the underly-
ing network systems of TCM syndromes and herb formulas
[5]; the drug-target network was implemented to elucidate
the mechanism of one TCM formula for the treatment
of T2D [6]. Although those applications of computational
systems biology in the study of TCM formulas are still in
the exploratory stages, they demonstrate the feasibility of
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integrating the biological network and the experiences in
traditional medicines for the analysis of TCM formulas.

To date, graph theory is a primary approach for network
research [7]. It is viable to study a network graph composed
of dozens or hundreds of nodes through visual inspection.
However, it is not practical to analyze a network containing
massive nodes or complex relations between them, even with
the help of three-dimensional display techniques.Mostmeth-
ods developed for complex networks, such as the path-length
method and the nodes-distribution method [8], focus on
the topological structure instead of the specific relationship
between nodes. Therefore, it is still challenging to study a
complex disease network with intercrossing pathways and
to understand the final effects of the components of TCM
formulas based on the biological signal pathways. In addition,
those biological effects may be ambiguous (positive through
one pathway, while negative through the other one) plus some
proteins affected by the components of TCM which have not
been identified as disease targets. In order to solve these issues
and to discover components with positive effect from TCM
formulas, we proposed a new approach called directed TCM
grammar systems (dTGS) to identify effective components
from TCM formula based on an entity grammar system
(EGS). In dTGS, the TCM component-protein network and
the disease network are viewed as grammar systems and
the ECGs can be identified through syntax rules. Bai-Hu
decoction plus Wasting-Thirsting formula (BHDWT) was
selected as an example in this paper to illustrate the basic idea
of the method.

2. Materials and Methods

2.1. Definition of dTGS Model in the Framework of EGS. EGS
is a formal grammar system that aims at complex biological
system modeling [9]. Because of its scalable feature, EGS
has already been used to establish the flow graph models of
chemical processes [10] and to illustrate the mechanisms of
TCM [11]. The details for establishing a specific EGS were
described in [9] and are briefly summarized here.

An entity grammar system 𝐺 is a quintuple, 𝐺 = (𝑉
𝑁
,

𝑉
𝑇
, 𝐹, 𝑃, 𝑆), whereas 𝑉

𝑁
∪ 𝑉
𝑇
= 𝑉, 𝑉

𝑁
is a finite set of

nonterminal symbols, 𝑉
𝑇
is a finite set of terminal symbols,

and 𝑉
𝑁
∩ 𝑉
𝑇
= Φ, 𝐹 is a finite set of relations for 𝑉; 𝑃 is a set

of rules to deduce relationships between entities, and 𝑆 is the
starting entity.

dTGS has the same structure as EGS: set 𝑉 contains
different types of nodes (compounds, proteins, T2D, apop-
tosis, inflammation, etc.); set 𝐹 contains different types of
relationships between adjacent nodes; set 𝑃 defines the rules
to derive the relationship of nodes, as described by the
following:

𝑉 = 𝑉
1
∪ 𝑉
2
∪ 𝑉
3
∪ 𝑉
4
. (1)

𝑉
1
is the set of the compounds in TCM formulas, 𝑉

2

is the set of proteins in the disease network on which the
compounds in TCM formulas act directly, 𝑉

3
is the set

of the rest proteins in the disease network, and 𝑉
4
is the

i

m

k

T

b

h

f

e

c

A

g

d

Figure 1: Network used in dTGS for deduction. Red triangle node:
chemical compound; blue circle node: protein; “→”: one chemical
component or one protein enables the expression of the next protein,
raises the expression, or enhances the activity of the next protein.
“⊣”: one chemical component or one protein inhibits the expression
of the next protein, lowers the expression, or weakens the activity of
the next protein.

set of nonprotein nodes in the disease network (e.g., T2D,
apoptosis, inflammation, etc.). Consider

𝐹 = {cp (𝑋, 𝑌, 𝑍) , pp (𝑋, 𝑌, 𝑍) , draw (𝑋, 𝑌, 𝑍) , tag (𝑋)} .
(2)

In cp(𝑋, 𝑌, 𝑍), 𝑋 ∈ 𝑉
1
, 𝑌 ∈ 𝑉

2
, 𝑍 ∈ {pos, neg}; in

pp(𝑋, 𝑌, 𝑍),𝑋, 𝑌 ∈ 𝑉
3
∪𝑉
4
, 𝑍 ∈ {pos, neg}; in draw(𝑋, 𝑌, 𝑍),

𝑋, 𝑌 ∈ 𝑉, 𝑍 ∈ {pos, neg}; in tag(𝑋), 𝑋 ∈ 𝑉.
cp(𝑋, 𝑌, 𝑍) defines that𝑋 (compound in TCM formulas)

acts on𝑌 (protein directly reacts to compound) with an effect
described in𝑍. pp(𝑋, 𝑌, 𝑍) defines that𝑋 (protein) acts on 𝑌
(protein) with an effect described in 𝑍. tag(𝑋) labels nodes
of interest. draw(𝑋, 𝑌, 𝑍) extracts tagged nodes, and their
relationships defined in cp(𝑋, 𝑌, 𝑍) or pp(𝑋, 𝑌, 𝑍) in dTGS;
𝐸(𝑉, 𝐹) refers to all entities composed by the elements in 𝑉,
with the structure cp(𝑋, 𝑌, 𝑍), pp(𝑋, 𝑌, 𝑍), draw(𝑋, 𝑌, 𝑍), or
tag(𝑋). Consider

𝑃 = 𝑃
1
∪ 𝑃
2
∪ 𝑃
3
∪ 𝑃
4
∪ 𝑃
5
∪ 𝑃
6
,

𝑃
1
= {pp (𝑋, 𝑌, pos) , pp (𝑌,𝑀, pos) ⇒ pp (𝑋,𝑀, pos)} ,
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Figure 2: Compound-protein network of BHDWT. Red triangle node: compound in BHDWT; blue circle node: protein.

𝑃
2
= {pp (𝑋, 𝑌, neg) , pp (𝑌,𝑀, neg) ⇒ pp (𝑋,𝑀, pos)} ,

𝑃
3
= {pp (𝑋, 𝑌, pos) , pp (𝑌,𝑀, neg) ⇒ pp (𝑋,𝑀, neg)} ,

𝑃
4
= {pp (𝑋, 𝑌, neg) , pp (𝑌,𝑀, pos) ⇒ pp (𝑋,𝑀, neg)} ,

𝑃
5
= {pp (𝑋, 𝑌, 𝑍) , tag (𝑋) ⇒ draw (𝑋, 𝑌, 𝑍) , tag (𝑌)} ,

𝑃
6
= {cp (𝑋, 𝑌, 𝑍) , tag (𝑋) ⇒ draw (𝑋, 𝑌, 𝑍) , tag (𝑌)} .

(3)

𝑃
1
∪ 𝑃
2
∪ 𝑃
3
∪ 𝑃
4
is the set of rules to deduce the eventual

effects of chemical compounds on the disease. 𝑃
1
indicates

that if the effect of𝑋 to 𝑌 is positive and the effect of 𝑌 to𝑀
is positive too, then the effect of 𝑋 to𝑀 is positive. Similar
derivations are defined in 𝑃

2
, 𝑃
3
, and 𝑃

4
. They may be used

as many times as necessary to the final disease node. 𝑃
5
and

𝑃
6
are the rules to extract the nodes for the network. They

can also be used to draw the subnetwork when the original
networks are too complicated to analyze. 𝑃

5
indicates that if

𝑋 (protein) acts on 𝑌 (protein) with the effect of 𝑍 and 𝑋 is
tagged, then this relation is extracted and 𝑌 is also labeled
for further derivation. 𝑃

6
is similar to 𝑃

5
except that the

starting entity is chemical compound 𝑋. In the construction
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Figure 3: Biological network of T2D. Blue circle node: protein; purple circle node: nonprotein node; green octagon nodes: type 2 diabetes;
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the expression of the next node, lowers the expression, or weakens the activity of the next node.

of network, 𝑃
6
will be used once and 𝑃

5
may be used as many

times as necessary to the target.
The modes of action between nodes include the positive

(pos) and the negative (neg) effects. If we define the positive
effect as “1” and the negative effect as “−1,” the ultimate
influence of intervention will depend on the product of each
step in the whole signal pathway. For example, compound A
in Figure 1 influences protein T through 3 paths.The effect of
A to T is negative through the path “A-c-d-e-f-T” and the path
“A-b-h-k-i-m-T.” This effect is uncertain through the third
path “A-g-h-k-i-m-T,” taking into account the negative effect
from the feedback path m to g. In this paper, we neglected
the effects produced through feedback because the role of
feedback is expected to regulate the magnitude of effect but
not to alter the overall mode of action of effect. So, the
effect is positive through the third path. After the effects
of one compound on the ultimate node (i.e., T in Figure 1)
through all signal pathways are determined, we can select
the effective compounds based on the desired effect. If the
desired effect on the ultimate node is positive, the compounds

with positive effects through all pathways will be selected
as active components. The compounds with negative effects
through all pathways will be ruled out. The components with
both effects through different pathways need further analysis
on molecular mechanism. If their undesired effects can be
countered by other compounds, they may also be selected as
effective components to be used together with the countering
compounds. The opposite analysis will be done if the desired
effect on the ultimate node is negative. Consider

𝑆 = 𝑆
1
∪ 𝑆
2
. (4)

𝑆
1
is the set of entities with structure cp(𝑋, 𝑌, 𝑍) or

pp(𝑋, 𝑌, 𝑍) in biological network of disease, which are the
background for deduction. 𝑆

2
is the set of labeled compounds

or proteins, expressed by tag(𝑋). 𝑆
2
is the initial conditions

for deduction.

2.2. Data for Construction of Component-Protein Network
of BHDWT Formula. For decades, BHDWT has been used
to treat T2D at the Beijing Guang-An-Men Hospital [12].



Evidence-Based Complementary and Alternative Medicine 5

beta-Sitosterol

Baicalein

Adenosine

T2D

linoleic acid
Isoliquiritigenin

Acteoside

Chrysin

Ferulic acid

Nicotinic acid

Lauric acid

Catalpol
Mangiferin

Berberine

Mannitol

Phenylacetic acid

Scutellarin

Rutin

Succinic acid

Wogonin

Figure 4:The effect of compound of BHDWT on T2D. Red triangle node: chemical compound; green octagon nodes: type 2 diabetes; “→”:
one compound has the positive effect on T2D; “⊣”: one compound has the negative effect on T2D.

BHDWT has a positive effect on blood glucose control and
symptom control for some patients in the early stages of
T2D. The BHDWT formula consists of eight herbs, includ-
ing gypsum, Anemarrhena asphodeloides Bunge, rehmannia
dried rhizome, radix trichosanthis,Ophiopogon japonicusKer
Gawl, Coptis chinensis Franch, Scutellaria baicalensis Georgi,
and Glycyrrhiza uralensis.

The components of the BHDWT formula came from
the Traditional Chinese Medicines Database (TCMD) [13],
the State Administration of Traditional Chinese Medicine
Basic Information Database (http://dbshare.cintcm.com/
ZhongYaoJiChu/), and A Handbook on the Analysis of the
Active Composition in Traditional Chinese Medicine [14].

The compound-targeted proteins were derived from the
STITCH system (http://stitch.embl.de/) [15]. By entering the
names or identifiers of compounds or proteins of interest,
STITCH provides the list of proteins withmatching or higher
confidence score that the user specified, up to the number
the user specified. The required confidence score represents
the possibility of interaction between the entities. In order
to obtain more general results, the parameter of the required
confidence score was set higher than 0 and the interacting
entities number was set to be 500. The interacting entities
with clear mode of action (positive or negative) were chosen
for further analysis.

2.3. Data for the Construction of T2D Biological Network. To
construct the T2D network, we used the data collected from
the Kyoto Encyclopedia of Genes and Genomes (KEGG)
and therapeutic targets database (TTD). KEGG lists the
signal pathways related to T2D and TTD lists the chemical
components used to treat T2D. The biological network of
T2D (Figure 3) was constructed using the signal pathways
from KEGG, the chemical components from TTD, and
the positive or negative relationship between targets and
T2D from STITCH. The networks were visualized with the
software Cytoscape [16].

3. Results and Discussion

3.1. Compound-Protein Network of BHDWT Formula and
the Biological Network of T2D. We first constructed the
component-protein network of BHDWT using the data
from Section 2.2 (Figure 2, additional file 1 in Supplemen-
tary Material available online at http://dx.doi.org/10.1155/
2013/840427). In this network, there are 144 compounds
and 2865 proteins. The red triangle nodes represent the
compound in BHDWT and the blue circle nodes represent
the proteins. The biological network of T2D (Figure 3) was
derived from the data in Section 2.3 using 𝑃

5
and 𝑃

6
defined

in Section 2.1, with T2D as the ultimate node. Biological
network of T2D contains 146 proteins. The effects of each
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compound in BHDWT on T2Dwere derived using 𝑃
1
, 𝑃
2
, 𝑃
3
,

and 𝑃
4
rules defined in Section 2.1.

3.2.The Effect of Chemical Components on T2D. Theultimate
effects of each compound of BHDWT on T2D can be found
by combining Figures 2 and 3 through dTGS. We applied
rule 𝑃

6
for each compound node in Figure 3 as 𝑋, with

the linked protein with 𝑋 to be 𝑌 in 𝑃
6
rule. As a result,

all the compounds in Figure 2 that have clear modes of
action on linked protein were labeled.The proteins presented
in both Figures 2 and 3 were also labeled by applying 𝑃

6
.

With the labeled protein as 𝑋 and the connected node as
𝑌, the pathway describing the relationship can be extracted
by applying 𝑃

5
. Those compounds’ ultimate effects on T2D

(Figure 4) can be derived through 𝑃
1
, 𝑃
2
, 𝑃
3
, and 𝑃

4
. Totally,

45 compounds in 7 TCMs (except gypsum) showed effects
on 61 proteins in the T2D biological network. Among 45
compounds, 19 (additional file 2) have a clear mode of action
(positive or negative) recorded in STITCH. Three kinds of
effect were found: positive, negative, and bidirectional effects.
The desired effect on T2D is negative. Among these 19
compounds, 𝛽-sitosterol, isoliquiritigenin played a positive
effect on T2D (i.e., negative effect on the treatment of T2D)
and four compounds (i.e., scutellarin, catalpol, mangiferin,
and acteoside) have negative effects on T2D (i.e., positive
effect on the treatment of T2D).The rest of the 13 compounds

show bidirectional effects and will be studied further in the
next section.

3.3. Extraction of the Subnet and Effective Components. For
each of the 13 bidirectional compounds, we extracted the
subnetworks affected by each of them to study their effects
in more detail. The method of extracting the subnetwork
has been explained in Section 2.1. We found through sub-
networks that the negative effect of rutin and phenylacetic
acid on T2D originates from the feedback pathways, being
not expected to override the positive effect through direct
pathways. So, these two compounds were not considered
as candidate effective components. Some other bidirectional
components have a complex sub-network. For example,
berberine acts on six proteins. The derived sub-network
including all six proteins is too complex for further analysis
(Figure 5). Therefore, we derived six sub-networks including
one or two proteins reacting with berberine. Two of those
sub-networks were shown in Figures 5(b) and 5(c). Through
analyzing these six sub-networks, we found that berberine’s
negative effect on T2D arises from the direct pathway. Finally,
all 13 bidirectional components except rutin and phenylacetic
acid were selected as candidate effective components. They
together with the other four negative compounds (i.e., scutel-
larin, catalpol, mangiferin, and acteoside) form 15 candidate
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effective components combinations and will be screened
further in the next section.

3.4. Combination of Candidate Effective Components. In this
section, we try to find out which proteins each of the 15
effective components affects. This will help us figure out how
to combine those components to achieve optimal results.
According to the literature, insulin resistance and impaired
insulin secretion are two major etiological factors of T2D
[17], and 𝛽-cell apoptosis was considered as one reason for
the impaired insulin secretion [18]. Therefore, we divided
the proteins into four categories. The first category is only
related to insulin resistance; the second category is only
related to apoptosis; the third category is related to both
insulin resistance and apoptosis; the fourth category is only
related to insulin secretion. Then, the effects of each active
component were screened according to the category of
proteins (Figure 6). For instance, mangiferin acts on insulin
resistance related proteins (PPARa) and catalpol acts on
apoptosis related proteins (BCL-2); hence, the combination
of mangiferin and catalpol was predicted to treat T2D by
ameliorating insulin resistance and inhibiting apoptosis. It is
worth noting that Figure 6 missed one protein in additional
file 2, that is, CASP9. This is due to the fact that beta-
sitosterol, the only compound which enables CASP9, was
ignored because of beta-sitosterol’s positive effect on T2D.
The rest of the compounds in Figure 6 did not act on CASP9.

Some of the findings revealed in Figure 6 are consistent
with numerous studies on the treatment of T2D. Ferulic
acid showed antidiabetic effects in experiments on diabetic
mice [19]. Mangiferin exhibited the potential to improve
blood lipids in T2D [20]. Baicalein was demonstrated to
protect pancreatic beta-cells from apoptosis and amelio-
rates hyperglycemia in a mouse model of T2D [21]. The
experiment in vitro indicated that berberine can improve
glucose consumption (GC) over 30%when the concentration
is above 5 × 10−6mol/L; at the same time, berberine also
depressed cell growth remarkably at the same concentration
[22]. This finding was consistent with our analysis that
berberine promotes cell apoptosis by promoting caspase 3
and inhibiting BCL-2.

The compounds that have multiple and counterpart
pathways in Figure 6 were still selected as candidate effective
components to treat T2D because their unfavorable effects
may not be dominant or counteracted by other compounds,
as demonstrated in clinical practice. For example, some
physicians have used berberine to treat hyperglycemia agent
in China for many years [23].

Figure 6 also discloses some information useful for
designing or analyzing component combination. Although
the hepatotoxicity or pancreotoxicity (typically resulting
from enhanced cell apoptosis) induced by berberine has
never been observed in clinics, Figure 6 indicated that its
toxicity may be counteracted while constructing drug com-
binations with the components that can inhibit cell apop-
tosis, such as catalpol, scutellarin, acteoside, and baicalein.
In clinical practice, BHDWT was used to treat early stages

of T2D when the main disease factor is insulin resistance [8].
This can be explained by several effective components acting
on green nodes (i.e., proteins related to insulin resistance)
in Figure 6. Similar effects to suppress the insulin resistance
can also be achieved by the combinations of some of these
effective components according to Figure 6, such as (i) the
combinations of berberine and mangiferin, (ii) the combi-
nations of berberine and catalpol (or scutellarin or acteoside
or baicalein), and (iii) of berberine, mangiferin compination
and catalpol (or scutellarin or acteoside or baicalein). Some
of these combinations have been validated by the work
from other researchers: the combination of berberine and
mangiferin was granted a patent [24], and the combination
of berberine and catalpol [25] has been filed for a patent. All
of the results indicate that TCM formula plays its role through
synergistic effects of multiple components.

4. Conclusions

This paper proposed dTGS as an innovative method to
study TCM formulas. It integrates the research achievements
from three fields: TCM chemistry, drug discovery, and the
network biology. The findings include the action trends of
chemical components against one disease (T2D) and the
active component combinations from BHDWT formula. It
can also be applied on other TCM formulas to benefit the
research on the mechanism of TCM formulas.

In addition, our work would benefit the development
of fixed-dose combinations. Nowadays, drug combinations
or fixed-dose combinations (FDCs) are widely used in the
treatment of complex diseases because of the low cost and the
clinical efficiency. TCM formulas, due to their characteristics
of multicomponents, multitargets, andmultipath effects, may
embody some component combinations or combination
principles beneficial to the design of drug combination.
Our method provides a systemic approach to reveal those
principles.

Last but not least, our method provided a novel idea for
network analysis. Our method is different from the primary
approach in network research (e.g., graph theory) in that
we proposed a series of inference rules derived from the
relationship of the nodes and provided a new theoretical
framework for analyzing the complex network.The feasibility
of this theoretical framework was proved by its success
to identify the effective component combinations in TCM
formulas.
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At the molecular level, it is acknowledged that a TCM formula is often a complex system, which challenges researchers to
fully understand its underlying pharmacological action. However, module detection technique developed from complex network
provides new insight into systematic investigation of the mode of action of a TCM formula from the molecule perspective. We
here proposed a computational approach integrating the module detection technique into a 2-class heterogeneous network (2-
HN) which models the complex pharmacological system of a TCM formula. This approach takes three steps: construction of a
2-HN, identification of primary pharmacological units, and pathway analysis. We employed this approach to study Shu-feng-jie-
du (SHU) formula, which aimed at discovering its molecular mechanism in defending against influenza infection. Actually, four
primary pharmacological units were identified from the 2-HN for SHU formula and further analysis revealed numbers of biological
pathways modulated by the four pharmacological units. 24 out of 40 enriched pathways that were ranked in top 10 corresponding
to each of the four pharmacological units were found to be involved in the process of influenza infection. Therefore, this approach
is capable of uncovering the mode of action underlying a TCM formula via module analysis.

1. Introduction

With the development and evolution for thousands of years,
Traditional Chinese Medicine (TCM) has become a sound
and complete theory based on distinct principles and founda-
tion from Western Medicine. TCM formulae, characterized
by abundant ingredients and vast associated targets, are
usually effective alternatives to western drugs for various
multifactorial disorders [1]. Influenced by the decreased
efficiency of new drug invention in recent years, the pattern
of drug design has to evolve from traditional “one drug, one
target” to “multicomponent, multitarget” drug discovery [2,
3]. Asmulticomponent agent with potential treatment effects,
TCM formula holds great promise to promote the process
of multitarget drug discovery based on molecular networks

[1, 4]. Thus, the investigation of molecular mechanism of
TCM formula plays an important role for better understand-
ing the essence of TCM therapies and multicomponent drug
discovery.

Currently, network-based approaches become crucial in
unveiling and interpreting the mode of action of a TCM
formula, with the accumulation of volume “omics” data
and the emerging of network pharmacology. So far, lots
of researchers have made great effort to acquire and col-
lect “omics” data through advanced in vivo and in vitro
techniques [5–7]. Among various “omics” data, interaction
knowledge such as compound-protein interaction (CPI) and
protein-protein interaction (PPI), as well as Gene Ontology
(GO) and pathway annotation, make it possible to describe
and analyze complex TCM formula in a holistic manner by
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using computational techniques. On the other hand, network
pharmacology brought new insight into drug discovery once
it was put forth [8]. The research interests of drug discovery
extend from simple disease-drug-gene relations to some new
spots such as promiscuity, synergistic effect, and functional
modules [9–11]. Consequently, the focus in pharmacology
research has shifted to the exploration of multicomponent
multitarget drugs [3, 12]. In fact, plenty of work investigated
the intrinsic regulating mechanism between many drugs and
numerous targets or synergistic effects of drug combinations
from a network perspective [13, 14]. Meanwhile, numerous
network-based methods have been developed to decipher
the pathological pattern underlying complex disorders and
uncover the mode of action of TCM herbs or formulae [15,
16].Moreover, network targetwas introduced as a new subject
for studying the pharmacological action of TCMherbs rather
than individual target or target set [17]. By using network-
based techniques, several TCM formulae such as Liu-wei-di-
huang have been particularly observed and studied in order
to discover the underlying mode of action at the molecular
level [18].Therefore, it is essential to investigate themolecular
mechanism of TCM formula using network-based methods,
especially in TCM pharmacology research [1].

Notably, module analysis technique based on network
model holds great promise to deal with most widely-used
TCM formulae of unexpected complexity at the molecular
level. In general, a TCM formula contains hundreds of
chemical constituents and may associate with thousands
of potential targets. It is a challenging task to identify
the effective bioactive compounds or even discover the
pharmacological action of numerous constituents of a TCM
formula [1]. Thus, it is of great importance to capture the
dominant modules of the molecular network representing a
TCM formula. Two common types of dominant modules we
are interested in are functional module and pharmacological
unit. A functional module usually represents a group of
genes or proteins sharing similar molecular functions, while
a pharmacological unit is a connected subnetwork in which
a set of compounds with similar physiochemical properties
modulate the activities of a group of function-similar gene
products. Typically, functional modules or pharmacological
units within the molecular network usually hold some sig-
nificant properties that are helpful in revealing the mode
of action of TCM formula. In fact, numbers of researchers
proposed diversemethods to detect functionalmodules from
interaction networks [11, 19, 20]. On the contrary, there
are few researches on identifying pharmacological units for
multicomponent drugs [18]. On the other hand, network
clustering algorithms, also known asmodule detectionmeth-
ods, developed from statistical physics are usually capable
of finding significant communities enriched with explicit
real-world meaning [21, 22]. As a matter of fact, several
algorithms accomplished important tasks in biological field
such as identifying protein complexes [23–25]. Additionally,
to identify functional modules or pharmacological units is
obviously another application of network clusteringmethods,
which is crucial in the investigation of pharmacological
action of TCM formula. Hence, applying classic module
detection algorithms to the molecular network of TCM

formula may contribute to better understanding of its mode
of action at the molecular level.

We here proposed a computational approach combin-
ing clustering algorithm with heterogeneous network to
investigate the molecular mechanism of TCM formula. This
approach takes a three-step procedure. At first, we con-
structed a 2-class heterogeneous network (2-HN) comprised
of herbal ingredients and associated targets for a TCM for-
mula under study.Then, a classicmodule detection algorithm
was applied to the 2-HN and we identified pharmacological
units from the 2-HN. Finally, we finely selected primary
pharmacological units and investigated them by pathway
analysis. This approach is apparently applicable for any TCM
formula. In this paper, we use Shu-feng-jie-du formula (SHU
formula) as an example to illustrate the procedure of the
approach.Thepathway analysis of four pharmacological units
identified from the 2-HN for SHU formula showed that 24
out of 40 enriched pathways that were ranked in top 10
corresponding to each of the four pharmacological units were
directly or indirectly involved in the process of influenza
development.

2. Methods

The novel approach is aimed at discovering the molecular
mechanism of TCM formula based on a heterogeneous
network together with a clustering algorithm.The procedure
of this approach mainly consists of three steps: the construc-
tion of a heterogeneous network, module detection from
the network, and the pathway analysis of selected primary
pharmacological units. In practice, we investigated the mode
of action of Shu-feng-jie-du formula by using this approach.

2.1. Construct Heterogeneous Network. Since our approach
takes advantage of the network to study a TCM formula,
we should firstly construct a heterogeneous network com-
prised of herbal ingredients and potential targets. At the
beginning, the specific composition of each herb in a given
TCM formula must be acquired. Typical ways to collect
the chemical ingredients of herbs include literature mining,
TCM database retrieval, and identification test. By diverse
means, we can collect the chemical constituents together
with their geometric structure for all herbs in the TCM
formula. Subsequently, the interaction data and potential
targets could be computed and retrieved, respectively, based
on the chemical knowledge for the studied TCM formula.

First of all, we acquire the interaction data between
herbal compounds by computational chemistry techniques.
Although various kinds of interaction knowledge is available,
compound pairs with similar chemical structures are widely
used in network-based pharmacology and drug discovery
research. The rationale is a well-known assumption that
similar compounds have similar properties [26]. In other
words, similar chemicals may share common targets and
are likely to perform synergistic action on complex diseases.
Thus, we evaluate compound pairs by calculating the pairwise
chemical similarity using the geometric structure previously
curated. In the field of cheminformatics, various methods
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were proposed to compute the structural similarity between
compounds. Notably, fingerprint-based similarity is practi-
cally preferable to MaximumCommon Subgraph (MCS) and
other methods in dealing with a large number of compound
pairs. We here employ Pybel, a Python wrapper for the
Openbabel toolkit, to calculate fingerprint-based chemical
similarity [27]. In the similarity measure, Tanimoto Coef-
ficient is used to evaluate the commonness of fingerprints
derived from two corresponding compounds as follows:

𝑠TC (𝑐1, 𝑐2) =
𝑐

𝑎 + 𝑏 − 𝑐

, (1)

where 𝑐
1
and 𝑐

2
are two compounds; 𝑎 and 𝑏 are bit

lengths of 𝑐
1
and 𝑐
2
fingerprints, respectively; and 𝑐 is the

number of common bits between 𝑐
1
and 𝑐
2
fingerprints. In

addition, a threshold 𝜃 is predefined to determine whether
two compounds are similar in structure. Compound pairs are
considered to be similar only if the pairwise similarity is equal
to or greater than the threshold. In the end, similar compound
pairs are collected as one of the sources for the construction
of the heterogeneous network.

Next, we retrieve potential targets from some authentic
databases according to the chemical constituents within
the TCM formula under study. When retrieving a specific
database such as DrugBank, CTD, and STITCH, we regard
the gene products that interact with herbal compounds as
potential targets. Note that only gene products of homosapi-
ens (human) will be taken into consideration. Once the
initial set of potential targets is achieved, the potential targets
should be carefully selected in order to avoid contingency.
It is understood that “hub” targets usually associate with
two or more chemicals due to the promiscuous property
of potential target in pharmacological space [9, 13]. So we
here define Promiscuity Index of a target simply by the
number of chemicals interacting with that target. Similarly,
the Promiscuity Index of a chemical can be measured by
the number of its binding targets. A threshold 𝛿 is specified
beforehand to eliminate peripheral targets curated for the
TCM formula. Gene products with Promiscuity Index no less
than 𝛿 are eventually selected into the target set for the TCM
formula. Note that the threshold 𝛿 is a small integer but is
greater than one, for instance, 2 or 3.

Then, we collect interaction relations between gene
products in the target set from some authentic databases.
Recent findings demonstrated that proteins always function
in cooperation with others rather than in isolation inside
or out of a cell [13]. That is, gene products tend to form
functional modules to participate in certain biological pro-
cesses or accomplish specific physiological functions. Lots of
databases, such as HPRD, BioGrid, IntAct, and DIP, gather
plenty of acknowledged protein-protein interactions (PPIs)
across diverse species. We usually select one database as the
source of PPI data due to the diverse reliability of PPIs in
different databases. Therefore, the interactome knowledge is
introduced to the heterogeneous network by retrieving PPIs
between gene products in the target set.

Finally, we construct an integrated network on the basis
of heterogeneous data acquired before. Since compounds
and gene products are present in this integrated network

at the same time, we consider such a network as a 2-
class heterogeneous network (2-HN). In brief, 2-class het-
erogeneous network (2-HN) is an abstract network model
involving two distinct groups of objects. As a matter of
fact, heterogeneous network, sometimes viewed asmultilayer
network, has been employed in recent work to study complex
drug-target interactions and predict disease genes [18, 28, 29].
In our case, the 2-HN describes a complex pharmacological
system relating the TCM formula under study to its treatable
diseases. From a local point of view, the 2-HN can be divided
into three subnetworks in chemical, pharmacological and
genomic space in terms of three types of links in the 2-HN
(Figure 1) [30]. In most cases, it is difficult to investigate and
analyze the 2-HN for the TCM formula due to its complexity.
Moreover, dense modules identified from the 2-HN may
reveal some important pathways enriched in a subset rather
than the whole set of genes related to the TCM formula.
Therefore, to identify the pharmacological units from the
2-HN by module detection methods is always necessary
to uncover the molecular mechanism of the TCM formula
(Figure 1).

2.2. Detect Significant Modules. Since the complex network
theory emerged, module detection has become one of the
major techniques to promote the application and develop-
ment of complex network. A great quantity of algorithms
have been devised and implemented to find significant
modules from connected networks [21–23]. Among various
classic methods, a well-known method, Girvan-Newman
algorithm, is capable to detect communities of a complex sys-
tem and identify community structure [22]. Girvan-Newman
algorithm is performed by iteratively removing edges with
highest betweenness from the original network. In this way,
the community structure could be viewed as a dendrogram.
We employ clusterMaker, an implementation of Girvan-
Newman algorithm in Cytoscape, to identify significant
modules within the 2-HN for the TCM formula [31, 32].

After the clustering partition is detected from the net-
work, we need a measure to quantify the significance of
identified modules. Notably, modularity is an outstanding
quality functionmeasuring the goodness of network partition
[33, 34]. Consequently, we use a measure similar to the
definition of modularity to evaluate whether a module is
significant or not in the original network. For an undirected
simple graph, the modularity of a module𝐶 can be expressed
as follows:

𝑄 (𝐶) =

𝑙
𝐶

𝑚

− (

𝑑
𝐶

2𝑚

)

2

, (2)

where 𝑙
𝐶
= ∑
𝑖𝑗∈𝐶

𝑤
𝑖𝑗
is the summation of weights of edges

in module 𝐶; 𝑑
𝐶

= ∑
𝑛∈𝐶

deg(𝑛) is the summation of
degrees of nodes in module 𝐶; and 𝑚 = (1/2)∑

𝑖,𝑗∈𝐺
𝑤
𝑖𝑗

is the size of the graph 𝐺. Obviously, a significant module
corresponds to a modularity larger than zero. A “good”
module always has a large modularity; otherwise, a small
modularity indicates the “poor” significance of a net-
work module. Moreover, according to the definition above,
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Figure 1: (a) A 2-class heterogeneous network (2-HN) modeling the complex system of a TCM formula and its molecular targets. A 2-
HN can be simply divided into three subnetworks in chemical, pharmacological, and genomic space in terms of the type of links. (b) A
pharmacological unit identified from the 2-HN in (a). A pharmacological unit includes a set of structure-similar herbal compounds and a
group of function-similar target genes, indicating that the herbal compounds modulate the activities of gene products.

the modularity of a clustering partition of a given network is
just the summation of modularities over all modules in the
partition.

2.3. Analyze Pharmacological Units. The significant mod-
ules identified from the 2-HN of the TCM formula need
to be examined before conducting further analysis. First,
modules should be excluded if they are only comprised
of compounds or gene products. Since compound-protein
interactions (CPIs) relate herbal ingredients to potential
targets, modules without any CPI make little contribution to
uncover the pharmacological action of herbal compounds in
the TCM formula. Second, modules with small modularity
close to zero should be eliminated. Generally, a module may
not be significant enough to be considered as a rational phar-
macological unit for the TCM formula if it has a fairly small
modularity. Third, modules should be paid less attention
if the ratio of preserved compound-protein interactions is
particularly low. The ratio of preserved CPIs is defined as the
number of CPIs in a module divided by the total number of

CPIs in the 2-HN.The ratio for a module 𝐶 can be expressed
as

𝑅 (𝐶) =






{𝑒
𝑐𝑔
| 𝑐, 𝑔 ∈ 𝐶}












{𝑒
𝑐𝑔
| 𝑐, 𝑔 ∈ 𝐺}







, (3)

where 𝑐 is a compound and 𝑔 is a gene product; | ⋅ | is the
norm of a set, that is, the number of elements in the set. If the
ratio is low or few CPIs are present in a module, the module
is unlikely to represent the primary interacting pattern that
links herbal compounds and potential targets for the TCM
formula under study.After these examinations, the remaining
modules can be simply regarded as primary pharmacological
units responsible for the studied TCM formula taking effect
on complex diseases.

We investigate and analyze the primary pharmacological
units by pathway analysis. Pathway analysis always play an
essential role of discovering possible biological processes that
the genes in the input list participate in. A lot of databases
collect many curated pathways concerning metabolism, cel-
lular processes, and diseases, such as KEGG, BioCarta, Reac-
tome, GeneGo, and Ingenuity. Besides, Gene Ontology (GO),
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another kind of pathways, usually reveals the physiological
functions and cellular locations of a group of genes or gene
products. Thus, pathway and GO supply us with sufficient
knowledge about molecular regulation and gene function.
Other analysis methods, for instance, disease analysis using
gene overlapping and biomarkers, could provide new insight
to understand the underlying functions of the TCM formula.
In this paper, we use MetaDrug, a platform of systems
pharmacology and toxicity, to perform pathway analysis for
the identified primary pharmacological units [35]. Then, the
molecular mechanism underlying the studied TCM formula
could be uncovered through analyzing the enriched pathways
or GO terms for primary pharmacological units.

To illustrate the workflow of the approach in detail, we
apply the approach to an effective agent for influenza, Shu-
feng-jie-du formula. Instead of Shufeng-jie-du formula, we
use SHU formula for short in following sections. Following
the procedure of the approach, we can investigate the mode
of action underlying SHU formula.

3. Results and Discussion

3.1. 2-HN for SHU Formula. We firstly acquired the herb
composition of SHU formula and collected chemical con-
stituents within each herb. In fact, SHU formula mainly
consists of 8 herbs: Bai-Jiang-Cao (Herba Patriniae), Ban-
Lan-Gen (Radix Isatidis), Chai-Hu (Radix Bupleuri), Gan-
Cao (Radix Glycyrrhizae), Hu-Zhang (Rhizoma Polygoni
Cuspidati), Lian-Qiao (Fructus Forsythiae), Lu-Gen (Rhi-
zoma Phragmitis), and Ma-Bian-Cao (Herba Verbenae)
(Table 1). According to the herb composition, we collected
243 nonredundant chemical constituents for this formula. All
constituents of SHU formula were retrieved from the Chem-
istry Database founded by Shanghai Institute of Organic
Chemistry (http://www.organchem.csdb.cn). The 2D struc-
tures of herbal constituentswere downloaded fromPubChem
Compound database according to unique CAS Registry
Number. Then, we evaluated the similar compound pairs
based on the fingerprint-based Tanimoto similarity. The
threshold 𝜃 for similarity score was set to 0.7 as stated in
[27]. In this way, 562 pairs of compounds were collected
and considered to be similar because they had comparable
structural similarities to the threshold. In the next step,
we searched Comparative Toxicogenomics Database (CTD)
for potential targets interacting with herbal ingredients in
SHU formula [36]. The threshold 𝛿 for Promiscuity Index
of potential targets was set to 3. Namely, we only selected
gene products targeted by at least 3 herbal compounds, as
well as the interactions between those proteins and chemicals.
As a result, 238 potential targets were collected from CTD,
which associatedwith herbal compounds by 1101 interactions.
At last, we extracted acknowledged interactions between
238 gene products extracted before from BioGRID database
[37]. There were 718 nonredundant PPIs between the curated
potential targets. Based on these data, a 2-HN, an integrated
network for SHU formula, was constructed. Since we focused
on the largest connected component of the 2-HN for SHU

Table 1: Herb composition of Shu-feng-jie-du formula (SHU
formula).

English
translation Pharmaceutical name Simplified

Chinese script
Hu-Zhang Rhizoma Polygoni Cuspidati 虎杖

Lian-Qiao Fructus Forsythiae 连翘

Ban-Lan-Gen Radix Isatidis 板蓝根

Chai-Hu Radix Bupleuri 柴胡

Bai-Jiang-Cao Herba Patriniae 败酱草

Ma-Bian-Cao Herba Verbenae 马鞭草

Lu-Gen Rhizoma Phragmitis 芦根

Gan-Cao Radix Glycyrrhizae 甘草

formula, the resultant network contained 171 herbal com-
pounds and 238 potential targets after discarding small-size
components (Table 2).

The 2-HN of SHU formula has some interesting proper-
ties in topology. As shown in Table 2, two groups of nodes
in the 2-HN (rectangle for compounds and ellipse for gene
products) are connected by three types of links. It is obvious
that the pharmacological subnetwork is a bipartite, which is
comprised of all CPIs (Table 2). So the 2-HN for SHU formula
is beyond a bipartite by including compound interactions
andPPIs (Table 2).Thenetwork heterogeneity decreases from
2.531 of the pharmacological subnetwork to 1.588 of the 2-HN
for SHU formula.This is because compound interactions and
PPIs bring many extra links to the “nonhub” chemicals and
gene products, respectively [38]. In addition, the chemical
subnetwork has 34 connected components of which 17 are
isolated compounds (Table 2). Regardless of the isolated
nodes, each of the remaining connected components has
9.059 compounds in average. That is, herbal compounds in
SHU formula tend to form multiple components in terms of
similar structure. As for the genomic subnetwork, there are
57 connected components, among which 55 are comprised of
isolated proteins (Table 2). In fact, nearly all of the noniso-
lated proteins connect to a giant component with 181 nodes
and 717 links in the genomic subnetwork. It suggests that
the giant component determines the mode of action of SHU
formula to a large extent. Different from the phenomenon
in chemical subnetwork, target proteins of SHU formula
tend to form a single large component instead of multiple
components. Furthermore, only a small fraction (50 out of
171) of the involved herbal compounds (blue rectangles) take
direct or indirect actions on the 238 gene products in the 2-
HN (Table 2). Apart from the incompleteness of chemical-
protein knowledge, we could see that only limited number
of compounds have acknowledged therapeutic effects in SHU
formula. Among these 50 compounds, there are several “hub”
compounds associated with many targets, such as quercetin
and resveratrol, which may exhibit high activities against
influenza progression.

The “hub” compounds usually play an essential role to
achieve the excepted effect of SHU formula treating influenza.
We listed four “hub” herbal compounds in Table 3 and inves-
tigated their pharmacological functions at the same time.
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Table 2: Topological properties of the 2-HN for SHU formula and its three subnetworks.

Property CSN PSN GSN 2-HN
Node Compounds 171 50 0 171

Proteins 0 238 238 238
Edge CCIs 481 0 0 481

CPIs 0 1101 0 1101
PPIs 0 0 718 718

Connected components 34 1 57 1
Isolated nodes 17 0 55 0

Clustering coefficient 0.662 0.0 0.198 0.414
Network density 0.033 0.027 0.025 0.028

Network heterogeneity 0.664 2.531 1.287 1.588
∗CCI is short for compound-compound interaction, CPI is compound-protein interaction, andPPI is protein-protein interaction. CSN represents the chemical
subnetwork of the 2-HN for SHU formula, PSN the pharmacological subnetwork, and GSN the genomic subnetwork.
∗All the topological properties were calculated using Cytoscape 2.8 [32].

Table 3: “Hub” herbal compounds identified from the pharmacological subnetwork of the 2-HN for SHU formula.

Name CAS RN PubChem
CID PI Action Reference

Quercetin 117-39-5 5280343 222
(i) Quercetin and rutin exhibit prooxidant effect in healthy
and antioxidant activity in influenza—infected animals. [39]

(ii) Quercetin and oseltamivir exhibited antivirus effect on
the Toll-like receptor 7 (TLR7) signaling pathway when
dendritic cells and macrophages were infected with H1N1.

[40]

Resveratrol 501-36-0 445154 218 Resveratrol inhibited the replication of influenza virus in
MDCK cells. [43]

Kaempferol 520-18-3 5280863 67

Kaempferol inhibited influenza A nucleoprotein
production in human lung epithelial (A549) cells infected
with the H5N1 virus strain A/Thailand/Kan-1/04 in
non-toxic concentrations.

[44]

Eugenol 97-53-0 3314 61
Eugenol could inhibit autophagy and influenza A virus
replication, inhibit the activation of ERK, p38MAPK and
IKK/NF-𝜅B signal pathways.

[45]

∗PI is Promiscuity Index of individual compound, that is, the number of binding targets in the 2-HN for SHU formula.

Two outstanding compounds are quercetin and resveratrol
with far larger Promiscuity Index (222 and 218, resp.) than
other compounds (the third largest is 67 for kaempferol).
Previous works revealed the underlying functions of these
four compounds in defending against influenza. For instance,
quercetin could relieve the oxidative stress caused by exper-
imental influenza virus infection in organisms like lungs
and liver [39]. Another work demonstrated that quercetin
together with oseltamivir exhibited antivirus effect on the
Toll-like receptor 7 (TLR7) signaling pathway when dendritic
cells and macrophages were infected with H1N1 [40]. Several
quercetin derivatives such as quercetin-3-rhamnoside and
isoquercetin also served as anti-influenza agents by inhibiting
the replication of influenza virus [41, 42]. Additionally,
resveratrol was found to inhibit the replication of influenza
virus in MDCK cells, which involved the blockade of the
nuclear-cytoplasmic translocation of viral ribonucleopro-
teins [43]. Moreover, kaempferol could inhibit the influenza
A nucleoprotein production in human lung epithelial cells
infected by the H5N1 virus [44] and eugenol could inhibit
autophagy and influenza A virus replication by suppressing

the activation of ERK, p38MAPK, and IKK/NF-𝜅B signal
pathways [45]. Therefore, these four “hub” herbal com-
pounds, characterized by large Promiscuity Index, indeed
take effect to defend against influenza.

Although the general effect of SHU formula could be
observed by studying the “hub” herbal compounds in the 2-
HN, we still neededmodule analysis to further investigate the
biological pathways that SHU formula actually influences and
regulates.We firstly identified primary pharmacological units
from the 2-HN for SHU formula and then investigated the
particular mode of action of SHU formula treating influenza.

3.2. Pharmacological Units from the 2-HN. Through detect-
ing modules using Girvan-Newman algorithm, 12 significant
modules were identified from the 2-HN for SHU formula.
However, not all themodules are fairly important and need to
be analyzed in detail. We selected primary pharmacological
units from the 12 modules according to three principles
explained before. As shown in Table 4, module 11 is only
comprised of compounds and thus excluded because it is
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Table 4: Metrics of detected modules from the 2-HN for SHU formula.

Module Compounds Proteins Valid Modularity Ratio of preserved CPIs
1 20 121 Yes 0.121375 0.257039
2 37 58 Yes 0.075361 0.15168
3 31 2 Yes 0.040522 0.003633
4 3 30 Yes 0.037876 0.023615
5 17 14 Yes 0.021214 0.014532
6 19 1 Yes 0.030336 0.001817
7 12 4 Yes 0.014417 0.003633
8 9 5 Yes 0.013261 0.004541
9 11 1 Yes 0.009457 0.000908
10 7 1 Yes 0.006564 0.000908
11 3 0 No 0.001104 0.0
12 2 1 Yes 0.000873 0.000908

not a valid pharmacological unit (including compounds and
gene products).We chose 0.02 as the threshold formodularity
and consequently five more modules, 7, 8, 9, 10, and 12, were
discarded due to the low significance in the original network.
The threshold for the ratio of preserved CPIs was set to 0.01
and another two modules, 3 and 6, were eliminated as they
included too few CPIs. In the end, four modules, 1, 2, 4, and
5, were selected and considered as primary pharmacological
units. From the topological perspective, modules 1, 2, 4, and
5 are highly connected in the background network of the 2-
HN characterized by relatively large modularities. Besides,
these four pharmacological units are of great importance to
represent the pharmacological essence of SHU formula due
to the large amount of preserved CPIs from the original
system. So we made great effort to investigate these four
pharmacological units by pathway analysis.

We analyzed the underlying biology by performing
enrichment analysis with pathways from GeneGo database.
For each primary pharmacological unit, we employed the
genes within the module as input gene list to search for
enriched pathways in GeneGo database. The top 10 enriched
pathways corresponding to each module were illustrated in
Figure 2. The pathways were sorted according to the 𝑃 value
whichmeasured the significance of a given pathway enriched
in the gene list of a pharmacological unit. The bioactive
compounds in every pharmacological unit potentially acting
on the enriched pathways were also highlighted in Figure 2.
The associated herbal compounds were ranked by Promis-
cuity Index, which was defined as the number of targets
connected to a given compound by the preserved CPIs in
an identified module (Materials and Methods). From the
viewpoint of pathway category, the bioactive compounds in
every primary pharmacological unit seemed to particularly
interfere with pathways from one or two specific categories.
For example, compounds in module 1 generally participate
in the processes of cell cycle (4 pathways) and development
(4 pathways); the highly enriched pathways of module 2
exhibit high relevance tometabolism (9 pathways), especially
the estradiol metabolism (3 pathways); module 4 mostly
influence the biological processes related to apoptosis and
survival (10 pathways); andmodule 5 interfere in the activities

of cell adhesion (4 pathways) and cytoskeleton remodeling (3
pathways) as well as immune response (3 pathways). Despite
of the redundancy of GeneGo pathways, we could see that
each of the four pharmacological units tends to regulate
relevant pathways from specific categories, which implies
that SHU formula carries out pharmacological efficacy by
simultaneously intervening pathological activities from dis-
tinct aspects at the pathway level. Since the module analysis
approach was applied to SHU formula generated explicit
results as exhibited in Figure 2, we should verify the reliability
of the prediction and evaluate the relevance of SHU formula
to influenza infection.

According to Figure 2, we could find that compounds
in all four pharmacological units had potential effects on
influenza infection. At first, 40 enriched pathways in Figure 2
were regulated to some extent by corresponding herbal
compounds in each module, which can be explained by the
acknowledged regulatory relations between compounds and
pathway components from CTD. For example, resveratrol
influences the EGFR signaling pathway through binding to
EGFR protein and thus decreasing the phosphorylation of
EGFR protein [46]. However, since not all enriched pathways
were involved in the activities of influenza infection, we
particularly focused on those related to influenza progression
and the regulatory relations between SHU formula and
those pathways. As shown in Table 5, 24 of the 40 enriched
pathways were found to directly or indirectly participate
in the processes of influenza virus invasion, production,
proliferation, and transition, and to account for the influenza-
induced syndromes as well, such as inflammation. Here we
primarily studied the specific action of herbal compounds in
each pharmacological unit on 24 influenza-related pathways,
while the participation of these pathways in the progression
of influenza would be analyzed in following section. For
module 1, resveratrol togetherwith other compounds blocked
the G1/S-phase transition [47], inhibited the EGFR/HER2
signaling pathway [46], and regulated the PTEN/AKT path-
way [46]. Quercetin and kaempferol together with other
bioactive compounds in module 2 showed inhibitory effect
on the in vitro hepatic metabolism of 17𝛽-estradiol [48] and
on the hydroxylation of benzo[a]pyrene [49]. Additionally,
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Figure 2: (a), (b), (c), and (d) Top 10 enriched pathways and associated herbal compounds corresponding tomodule 1, 2, 4, and 5, respectively.
The herbal compounds are ranked by Promiscuity Index (PI), which is defined as the number of targets connected to a given compound by
the preserved CPIs in a detected module. Note that only compounds with PI greater than zero are listed in this figure.The enriched pathways
are ranked by the 𝑃 values calculated in MetaDrug. The circled numbers in brackets after pathway name indicate the major category that
pathway belongs to. For example, “ESR1 regulation of G1/S transition” belongs to category 1 and 3, that is, cell cycle and development. The
category knowledge is curated from the classification tree of GeneGo pathways in MetaDrug. All pathways in this figure are significant with
𝑃 values lower than 0.001.

quercetin also suppressed COX-2 expression and PGE2
production [50]. Herbal compounds in module 4 such as
adenosine, phenol, and betulinic acid tended to inhibit IL-
12 and TNF-𝛼 production [51], downregulate the expression
of IAP2 [52], and trigger CD95 (APO-1/Fas)- and p53-
independent apoptosis [53]. Compounds in module 5 like
catechin could inhibit the endotoxin-inducedHMGB1 release
[54] and block the TLR signaling pathway [55]. Moreover,
the remaining 16 pathways were also likely to correlate with
influenza infection, although there has been no literature
support for those pathways so far. In brief, 24 influenza-
related pathways elucidated the potential effects of SHU
formula against influenza infection from diverse aspects at
the pathway level.

Moreover, by exploring the development of influenza, we
could explicitly see how the enriched pathways modulated
by bioactive components in SHU formula led human phys-
iological system to a serious disease state. These pathways
either promoted the production and replication of viral
RNAs or proteins or induced host immune response and
inflammation. The participation of these pathways in the
pathological process of influenza infection, discussed in

the next section, explained how SHU formula treated against
influenza infection by intervening various pathways in differ-
ent stages and cellular locations.

3.3. SHU Formula Treating Influenza. When Influenza A
virus (H1N1) enters host cells, it induces host cell cycle
arrest in G(0)/G(1) phase and creates favorable conditions
for viral replication. The nonstructural protein 1 (NS1) of
influenza A virus induces G(0)/G(1) cell cycle arrest mainly
through interfering with the RhoA/pRb signaling pathway,
thus providing beneficial conditions for viral protein replica-
tion and accumulation [56]. The concentration and activity
of RhoA protein is pivotal for G(1)/S phase transition, which
were decreased with overexpressing NS1 [56]. When viral
macromolecules interact with host proteins. High-mobility-
group box (HMGB) proteins bind to the nucleoprotein
(NP) component of viral ribonucleoproteins (vRNPs) in the
absence of viral RNA, and HMGB1 protein plays a significant
role in intranuclear replication of influenza viruses [74].
PI3K/Akt signaling pathway is activated by NS1 protein and
inhibition of the PI3K/Akt pathway is an anti-influenza
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Table 5: Literature-verified pathways related to influenza infection corresponding to four pharmacological units.

Module Enriched pathways 𝑃-value Rank Reference

1

Regulation of G1/S transition (part 2) 4.137𝑒 − 24 1
[56]Influence of Ras and Rho proteins on G1/S Transition 2.156𝑒 − 23 2

EGFR signaling pathway 2.803𝑒 − 20 3 [57]
TGF-beta-dependent induction of EMT via MAPK 2.603𝑒 − 18 5 [58]
AKT signaling 5.258𝑒 − 16 7 [59]
Brca1 as a transcription regulator 1.710𝑒 − 15 9 [60]
Histamine H1 receptor signaling in immune response 3.503𝑒 − 15 10 [61]

2

Estradiol metabolism (human version) 4.213𝑒 − 9 5
[62]Estradiol metabolism 1.293𝑒 − 7 7

Estradiol metabolism (rodent version) 1.832𝑒 − 7 8
Benzo[a]pyrene metabolism 4.024𝑒 − 7 9 [63]
PGE2 signaling in immune response 6.146𝑒 − 7 10 [64]

4

Apoptotic TNF-family pathways 8.253𝑒 − 32 1 [65]
Role of IAP-proteins in apoptosis 6.132𝑒 − 27 2 [66]
FAS signaling cascades 6.374𝑒 − 20 4 [67]
Inhibition of angiogenesis by PEDF 2.792𝑒 − 13 8 [68]
Granzyme B signaling 3.712𝑒 − 13 9 [69]
Ceramides signaling pathway 2.652𝑒 − 12 10 [70]

5

TGF, WNT, and cytoskeletal remodeling 3.303𝑒 − 9 1 [71]
Chemokines and adhesion 1.360𝑒 − 7 2 [72]
Cytoskeleton remodeling 1.502𝑒 − 7 3 [73]
HMGB1/RAGE signaling pathway 5.901𝑒 − 7 5 [74]
HSP60 and HSP70/TLR signaling pathway 4.805𝑒 − 5 9 [75]
MIF-mediated glucocorticoid regulation 3.981𝑒 − 4 10 [76]

∗The rank is the order of ascending 𝑃 values of enriched pathways corresponding to each primary pharmacological unit.

strategy which is still in an early phase of preclinical devel-
opment [59]. In addition, influenza virus infection activates
three distinct MAPKs, ERK, p38 MAPK, and JNK, to partic-
ipate to various extents in the induction of PGE2 synthesis
from arachidonic acid in human bronchial epithelial cells
[64]. Metabolized benzo[a]pyrene (BaP) reduced viral IFN
induction by approximately 80% assessed in LLC-MK2 cell
[63].

Airway epitheliumplay an important role in host immune
response. Many diverse viruses target a polarized epithelial
monolayer during host invasion. The polarized epithelium
restrict the movement of pathogens across the mucosa. This
regulation can be attributed to the presence of a junctional
complex between adjacent cells and to an intricate network
of actin filaments [73]. Virus-infected alveolar epithelium
regulate CCL2/CCR2-dependent monocyte transepithelial
migration dependent on both classical beta(1) and beta(2)
integrins but also junctional adhesion molecule pathways
during influenza infection [72]. The epithelial response to
inhaled pathogens in airway epithelium that deposit on the
airway epithelial surface includes EGFR signaling cascades
[57].

Influenza virus invasion is associated with host immunity
and inflammation. Inflammatory cytokines such as TNF-
𝛼, IFN-𝛾, and ET-1 may trigger the occurrence of AMI
[65]. Toll-like receptors (TLRs) play an important role in
early, innate viral inhibition in naturally occurring influenza

with inflammatory cytokine responses [75]. Histaminemedi-
ates the acute inflammatory and immediate hypersensitivity
responses, and it has also been demonstrated to affect
chronic inflammation and regulate several essential events
in the immune response [61]. Type V collagen [col(V)]
overexpression and IL-17-mediated anti-col(V) immunity are
key contributors to obliterative bronchiolitis pathogenesis.
IL-17 is shown to induce EMT, TGF-𝛽 mRNA expression,
and SMAD3 activation, whereas downregulating SMAD7
expression in vitro [58]. Macrophage migration inhibitory
factor (MIF) is involved in inflammatory responses to H5N1
influenza virus infections by induction of pulmonary inflam-
matory cytokines and chemokines [76]. BRCA1 regulates
inflammation-induced endothelial cell function and limits
endothelial cell apoptosis and dysfunction [60]. Pigment
epithelial-derived factor (PEDF) suppresses inflammation by
inhibiting lipopolysaccharide-driven macrophage activation
in vitro and in vivo [68]. GzmB deficiency associated with
pathology, morbidity, andmortality results in exacerbation of
lymphocytic inflammation during bleomycin-induced acute
lung injury [69]. Ceramide is the core of sphingolipid
metabolism, and phosphorylation of ceramide by ceramide
kinase gives rise to ceramide-1-phosphatewhich has also been
shown to participate in inflammation [70].

Besides immune responses in host defence, influenza A
virus infection induces endoplasmic reticulum stress, Fas-
dependent apoptosis, and TGF-𝛽 production in a variety of
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Figure 3: An illustration of SHU formula intervening the influenza development through multiple pathways. The blue rectangle is bioactive
herbal compounds derived from SHU formula. The ellipse represents biological pathways that the compounds modulate. The red ones are
literature-verified pathways that participate in the process of influenza infection, while the gray ones are not verified yet. A thick edge
indicates many common hits (pathway components that are also associated targets of herbal compounds) between two pathways or between
a compound and a pathway.

cells [71]. Inhibitor of apoptosis proteins (IAPs) influence
ubiquitin-dependent pathways thatmodulate innate immune
signaling via activation of nuclear factor 𝜅B (NF-𝜅B) [66].
Multiple influenza virus factors have been identified that can
activate intrinsic or extrinsic apoptotic induction pathways.
dsRNA, NS1, NA, and PB1-F2 are influenza virus inducers
of apoptosis. dsRNA and NA act via an extrinsic mecha-
nism involving proapoptotic host-defensemolecules: PKR by
induction of Fas-Fas ligand and NA by activation of TGF-
beta. PB1-F2 act intrinsically by localization and interaction
with the mitochondrial-dependent apoptotic pathway [67].

The symptoms of influenza virus infection are related
to gender. Females suffer a worse outcome from influenza
A virus infection than males, which can be reversed by
administration of estradiol to females and reflects differences
in the induction of proinflammatory responses [62].

3.4. Discussion. According to the results of pathway analysis,
we built a simple network to illustrate the pharmacological
action of SHU formula against influenza infection (Figure 3).
This networkwas constructed based onmodule 1 identified by
Girvan-Newman algorithm from the 2-HN of SHU formula.
The edge connecting a compound and a pathway indicates
the cooccurrence of associated targets of the compound and
pathway components, while the edge between two pathways
represents the commonness of hits (pathway components
that are also associated targets of herbal compounds) cor-
responding to both pathways. As shown in Figure 3, 8

bioactive compounds of module 1 modulate 10 enriched
pathways related to influenza infection. From the perspective
of topology, resveratrol is the most important to regulate
the involved pathways compared to other compounds. It
is obvious that resveratrol is connected to all 10 pathways
through strong links, indicating that resveratrol mediates
multiple gene products in these pathways. Besides, resveratrol
is found to modulate the 𝐺1/𝑆-phase transition (𝑃 value
4.1𝑒 − 24) [47], the EGFR/HER2 signaling pathway (𝑃 value
2.8𝑒−20) [46], and the PTEN/AKTpathway (𝑃 value 5.3𝑒−16)
[46]. Other compounds like Acteoside also perform similar
functions on the involved pathways [77]. Of the top 10
enriched pathways, 7 (red ellipse) are found to participate
in the development of influenza and its induced symptoms,
illustrated in Table 5.Thus, the herbal compounds in Figure 3
are likely to intervene in the invasion, production, prolifer-
ation, and transition of influenza virus, through mediating
multiple relevant pathways. Three pathways (grey ellipse)
regulated by the compounds in Figure 3 hold great promise
to influence the influenza development, while such prediction
needs further work to test and verify.

In this paper, we presented a computational approach
based onmodule analysis to investigate themolecularmecha-
nism of TCM formula.This approach has several advantages.
On one hand, we employed a precise model, 2-class hetero-
geneous network (2-HN), to represent the pharmacological
system of a TCM formula. Since a 2-HN is structurally
more complete than a bipartite by incorporating interactions
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within the same categories, so additional information is
integrated into such a comprehensive model. In case of the
2-HN for SHU formula, besides the regulatory relations
between chemicals and gene products, similar compounds
within SHU formula and interactions between gene products
are also taken into consideration when studying the mode
of action of SHU formula. This additional information rep-
resented by compound-compound interactions (CCIs) and
PPIs is critical to systematic investigation of multicomponent
drugs, while traditionalmethods always disregard knowledge
like this or use it separately [15]. On the other hand, the
approach presented in this paper takes advantage of module
detection technique to uncover themolecularmechanismof a
TCM formula. Different from conventionalmethods, we ana-
lyze small-size yet topologically significant pharmacological
units rather than the whole drug-target system of unexpected
complexity. Generally, the pharmacological units identified
by module detection methods are more reliable in topology
than the original system.This is because the pharmacological
units are significantly components in the original network
featured by dense intraconnections. So a 2-HN together with
module detection technique could deal with the challenging
task of discovering the molecular mechanism of a TCM
formula from its pharmacological system with hundreds
of herbal compounds and thousands of targets, as well as
unpredictable amount of interactions.

Although the approach provides new insight into molec-
ular mechanism of TCM formula, it can be improved in three
aspects. First, the compound interaction is not limited to
structurally similar compound pair. The derivative or iso-
metric relation, similarity in physicochemical property, and
ontology similarity between compounds may outperform
structural similarity to some extent. Second, the module
detection methods could be improved in order to (i) identify
modules with overlapping nodes and edges and (ii) take into
account the differences of interactions in a 2-HN. Generally,
a compound may have diverse therapeutic functions and
a gene may participate in diverse biological processes. In
other words, a node should be assigned to two or more
modules representing diverse functions or processes. So
overlapping modules detected from a 2-HN may be more
consistent with reality. In addition, CPIs in a 2-HN should
be paid more attention than CCIs and PPIs when detecting
pharmacological units.This is because CPIs are indispensable
in a pharmacological unit that is a connected subnetwork
containing compounds and gene products. Third, we could
adopt improved pathway analysis to uncover the biology
underlying identified pharmacological units. As elaborated
in [78], pathway enrichment analysis has two inevitable
shortcomings. It treats every gene equally when finding
pathways enriched in the input gene list. Besides, it does not
take the pathway dependence into account, which results in
three “Estradiol metabolism” pathways enriched in module
2 gene list (Figure 2). So precise pathway techniques are
in need to find rational and reliable pathways underlying
each primary pharmacological units from the 2-HN for a
given TCM formula. With these improvements, the module
analysis-based approach will be more capable of uncovering
explicit molecular mechanism of TCM formula.

4. Conclusion

We here propose a computational approach based onmodule
analysis to investigate the molecular mechanism underly-
ing TCM formula. The approach incorporates the module
detection technique with a 2-class heterogeneous network,
a precise model to depict the complex system of a TCM
formula. This approach mainly consists of three steps: net-
work construction, module detection, and pathway analysis.
The application of this approach to Shu-feng-jie-du formula
outputs good results, which identified four primary phar-
macological units uncovering key herbal compounds and
essential pathways they modulated. 24 out of 40 enriched
pathways that were ranked in top 10 corresponding to each
of the four pharmacological units were found to be relevant
to the process of influenza infection and some induced symp-
toms like inflammation. This demonstrates the effectiveness
of our approach in discovering the molecular mechanism
of a TCM formula. Although effective, this approach still
requires improvement with regard to chemical similarity,
module detection algorithm and accurate pathway analysis
of identified modules. After all, our approach provides new
insight into discovering the molecular basis of TCM formula
and further promotes the large-scale exploration of the
pharmacological action of multicomponent drugs in a low-
cost manner, especially TCM formulae.
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A traditional Chinese medicine (TCM) formula network including 362 TCM formulas was built by using complex network
methodologies. The properties of this network were analyzed including network diameter, average distance, clustering coefficient,
and average degree. Meanwhile, we built a TCM chemical space and a TCM metabolism room under the theory of chemical
space. The properties of chemical space and metabolism room were calculated and analyzed. The properties of the medicine
pairs in “eighteen antagonisms and nineteen mutual inhibitors,” an ancient rule for TCM incompatibility, were studied based on
the TCM formula network, chemical space, and metabolism room. The results showed that the properties of these incompatible
medicine pairs are different from those of the other TCM based on the analysis of the TCM formula network, chemical space,
and metabolism room. The lines of evidence derived from our work demonstrated that the ancient rule of TCM incompatibility,
“eighteen antagonisms and nineteen mutual inhibitors,” is probably scientifically based.

1. Introduction

Chinese formula is the most common use form of TCM
in clinical treatment. The theory of TCM incompatibility
is the fundamental principle that should be followed for
correct clinical medication, which has a direct relationship
with effectiveness and safety of TCM formulas. With the
accumulation of practice and experience for thousands of
years, the theoretical system of TCM and formulas was
gradually taking form and passed it down, such as “Harmony
in Four Properties and Five Flavors,” “Sovereign, Minister,
Assistant and Guide in Formulas”, and “eighteen antagonisms
and nineteen mutual inhibitors,” a special rule for TCM
incompatibility in formulas. Since the beginning of the 21st
century, the modernization of TCM in China has remarkably
proceeded. However, up to present, interpreting ancient the-
ory of TCM inmodern scientific language is still a challenging
problem for us to make clear the traditional subjects, like the
incompatibility of TCM.

The complexity characteristic of traditional Chinese
medicine has been generally accepted for many years [1]. The
theory of complicated systemprovides a new cutting point for
the present TCM researches.The characteristics of TCM, like
complexity and systematicness, make the methodologies of
complex system theory adaptednaturally to the investigations
on TCM.The complex network method is frequently used in
studying the complex systems in recent years [2, 3], particu-
larly in biological researches.Thanks to the complex network
technologies, to some extent, Systems Biology has been
developed from academic theory to practical application [4–
7]. In recent years, systems Biology has been introduced
into the TCM researches. Li et al. carried out a series of
studies centering on TCM Syndrome theory and Chinese
herbal property with complex network technology in Systems
Biology and made their own achievements [8–13].

On the other hand, the theory of chemical space has
drawn widespread attention as soon as it was proposed.
Theoretically, chemicals can be characterized by a wide range
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of “descriptors,” such as their molecular mass, lipophilicity,
and topological features. “Chemical space” is a term often
used in place of “multi-dimensional descriptor space”: it is a
region defined by a particular choice of descriptors and the
limits placed on them. In the context of this insight, chemical
space is defined as the total descriptor space that encompasses
all the small carbon-based molecules that could in principle
be created [14]. It describes things at the standpoint of
macrochemical perspective and tends towards conclusions
on the integral view. It has been applied preliminarily in TCM
studies [15]. Based on the theory of chemical space, we created
TCM chemical space and TCM metabolism room in this
work by using TCM chemical and metabolic properties.

Up to now, our understanding of the whole law of TCM
formula is still poor, due to the complexity of the traditional
theories, such as incompatibility of TCM, and less documents
available in this field. In order to resolve the mystery of the
ancient rule of TCM incompatibility, “eighteen antagonisms
and nineteenmutual inhibitors,” scientific experiments based
on chemistry and pharmacology were carried out recently
[16, 17]. In this study, based on our preliminary work [18],
we constructed TCM formula network, chemical space, and
metabolism room by collecting massive data with complex
network and chemical space methodologies. Property anal-
ysis was preformed based on the formula network, chemical
space, and metabolism room to get the knowledge of TCM
formulas, and efforts were made to interpret the ancient rule
of TCM incompatibility, “eighteen antagonisms and nineteen
mutual inhibitors,” from a new viewpoint.

2. Materials and Methods

2.1. TCM Formula Network

2.1.1. Data Collection. Three hundred and sixty-two TCM
formulas were collected into our formula database in the
light ofChineseMedical Formulas [19], the Textbook for TCM
Colleges and Universities edited by the National Educational
Ministry. These formulas are all classic and effective and
confirmed by numerous clinical studies, with authority and
reliability both ensured.

2.1.2. Network Construction. The TCM formula network was
constructed with all the 330 Chinese drugs collected in the
formula database. The Chinese drugs were defined as the
network nodes, and the relationships among these drugs
were defined as the network edges. It was stipulated that
there was a special relationship between the two Chinese
drugs if they appeared in the same formula; then we give
them a network edge by connecting the two drugs or
two nodes. Consequently, these network nodes and edges
make up the whole TCM formula network. Excel combining
with programming script was used to process the original
data, and then they were converted to Pajek file format by
Creatpajek program [20].

2.1.3. Network Analysis. The files obtained above were
imported into network analysis software, such as Pajek [21]

and ORA [22, 23]. The frame chart was subsequently drawn,
and topology analysis was performed as follows [24].

(1) The distance (𝑑
𝑖𝑗
) between the nodes 𝑖 and 𝑗 in

the network is defined as the number of edges on
the shortest path that connected the two nodes. The
maximum distance between any of two nodes, which
is noted as 𝐷, is defined as the diameter in the
network. The average path length 𝐿 in the network is
defined as the average distance of any two nodes.

(2) Assuming a node (𝑖) has 𝐾
𝑖
sides to connect it

with other nodes, then these 𝑘
𝑖
nodes are called the

neighbors of 𝑖. Obviously there are atmost 𝑘
𝑖
(𝑘
𝑖
−1)/2

sides among 𝑘
𝑖
nodes.The ratio of the number of sides

that actually exist to that which might exist in the
overall is defined as clustering coefficient of the node
𝐶
𝑖
.

(3) In the properties of individual node, degree is a
simple and important concept. The degree of node,
𝑘
𝑖
, is defined as the number of the other nodes

connecting to this node (𝑖). The average of all the
degrees is called the average degree of the network.
The distribution of degree in the network can be
described with a distribution function 𝑃(𝑘) which
means the probability of a randomly selected degree
𝑘. Numerous studies indicate that the distribution of
degree can be described in the form of power law:

𝑃 (𝑘) ∝ 𝑘
−𝛾
. (1)

The network that is featured by power-law distribution is
also called scale-free distribution network.

2.2. TCM Chemical Space. The construction of TCM chem-
ical space was based on the database of Chinese Medicine
Chemistry which was developed in our previous work [25],
and 383 commonly used TCM are included in this database.
The chemical components of every TCM, 8514 compounds
in total, are collected in the database. TCM chemical space
was constructed according to the following steps shown in
Figure 1.

2.2.1. Calculation of Descriptors. The descriptor calculation
modules of softwareCODESSA [26] andMOE [27]were used
to calculate the descriptors of all chemical constituents of
each TCM in the database.There are 120 descriptors involved
in all, including structural descriptors, fragmental descrip-
tors, electrical descriptors, topology descriptors, and space
descriptors. These descriptors comprehensively describe the
physic-chemical properties of the chemical constituents of
each TCM in various perspectives and levels, which paved the
way for the construction of TCM chemical space.

2.2.2. Weight Center Treatment. Each of 120 descriptors was
defined as a dimensionality. Then all the chemical con-
stituents of each TCMwere distributed in amultidimensional
chemical space. According to the theory of Chinese medicine
chemistry, the property of each TCM is mostly determined
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TCM Chemicals Descriptors Weight centers Chemical space

Figure 1: The workflow of constructing TCM chemical space.

Figure 2: Graphical user interface of software “WeightCen-
terFinder.”

by its chemical constituents. However, the number and type
of chemical constituents in each TCM vary from tens to
hundreds. It is hard to describe the properties of TCM
by using such a wide variety of chemical constituents in
a chemical space. After instant searches and creations, we
developed a new method called weight center treatment that
is employed to gather all the constituents of every TCM
to a point, which bring together the chemical properties of
all the constituents of a TCM and dexterously balance the
differences among the chemical constituents. As a result, the
whole property of a TCM can be described in a chemical
space from a macro perspective. It is assumed that all the
particles have the sameweight in this work. Each TCMcan be
presented as a separate unit in the chemical space. Thereby,
all the TCM can be redefined chemically by this method of
chemical space. The detail of this treatment was described in
reference [26]. The weight center treatment is accomplished
by the software of “WeightCenterFinder” (Figure 2), which is
compiled on Visual C++ 6.0 platform.

2.2.3. Dimension Reduction in Chemical Space. It is diffi-
cult to describe the chemical properties of the objects in
multidimensional chemical space. In the present study, in
order to reduce the chemical dimensions, we employed the
method of principal component analysis (PCA) to obtain
the eigenvalues and eigenvectors by calculating relevant
matrices and diagonalization of the 120 descriptions. Matrix
of eigenvectors is used as a transformational matrix to bring
the largest percentage of information into the new units
of relevant matrix. It can be plotted when the number of
units reduced to three.Thereby, the data of multidimensional

Figure 3: Graphic user interface of chemical spatial distance
calculator.

descriptors can be effectively mapped to 3D diagram. If the
cumulative contribution rate of the three main units reaches
80%, it means that the three main units included message
of all descriptors basically. The PCA and other statistical
analyses were all performed by using SPSS 16.0 [28].

2.2.4. Calculation of Chemical Spatial Distance. The chem-
ical spatial distance can display the relationship of affin-
ity between the two TCM, and the formula for calcu-
lating chemical spatial distance is given herein: 𝐷 =
[(𝑋
𝑗
− 𝑋
𝑖
)
2
+ (𝑌
𝑗
− 𝑌
𝑖
)
2
+ (𝑍
𝑗
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𝑖
)
2
]

1/2.
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𝑗
, 𝑍
𝑗
) represent the coordinates of

any two dots in chemical space.
The calculation of chemical spatial distance is accom-

plished by self-developed chemical spatial distance calculator
(Figure 3). Affinity and compatible relationship among TCM
is analyzed by calculating chemical spatial distance.

2.3. TCM Metabolism Room. In this study, we made a
metabolism room involved with P450 enzymes, which are
the most important factors that influence the incompatibility
property of TCM. Through analysis of this metabolism
room, we tried to find evidence for interrupting the rule
of “eighteen antagonisms and nineteen mutual inhibitors.”
All the TCM chemicals were derived from the database of
ChineseMedicine Chemistry, with 383 commonly used TCM
and 8514 TCM chemicals involved. TCM metabolism room
was built by a similar workflow like the TCM chemical space,
under the basic theory of chemical space. In the construction
process, there were four steps as follows.
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2.3.1. Molecular Docking. Fifteen P450 enzymes, the most
critical ones related to drug and TCM metabolism, were
selected as targets for TCM chemicals in molecular docking.
The crystal structures of these enzymes were collected from
PDB, with the names and their PDB code as follows: CYP
1A1 (PDB code: 4I8V), CYP 1A2 (PDB code: 2HI4), CYP
1B1 (PDB code: 3PM0), CYP 2A6 (PDB code: 1Z10), CYP
2A13 (PDB code: 2PB5), CYP 2B4 (PDB code: 3TMZ), CYP
2B6 (PDB code: 3UA5), CYP 2C5 (PDB code: 1NR6), CYP
2C8 (PDB code: 2VN0), CYP 2C9 (PDB code: 1R9O), CYP
2C18 (PDB code: 2H6P), CYP 2C19 (PDB code: 4GQS), CYP
2D6 (PDB code: 3TDA), CYP 2E1 (PDB code: 3T3Z), and
CYP 3A4 (PDB code: 3NXU). Molecular docking was imple-
mented by Glide, a docking program in Schrodinger software
package. Protein preparation, chemical disposure, and other
operations were all carried out in Maestro, the molecular
modeling environment of Schrodinger software.The docking
score of each TCM chemical towards each P450 enzyme will
be assigned as a metabolic value for this chemical.Then, each
TCM chemical will have 15 metabolic values corresponding
to the 15 P450 enzymes. These metabolic values describe the
whole P450 metabolic properties of this chemical from an
overall perspective.

2.3.2. Weight Center Treatment. The same treatment used
in TCM chemical space was applied in this process. As the
treatment result, each TCM will be presented by a weight
center, which was concentrated from all the chemicals in this
TCM, in a multiple dimensional metabolism room.

2.3.3. Dimension Reduction. The same treatment used in
TCM chemical space was applied in this process.The original
15 dimensions were reduced into 3 dimensions by using PCA,
with over 80% of the cumulative contribution rate from these
3 main units.

2.3.4. Calculation of Metabolism Room Distance. We applied
the same method in TCM chemical space to calculate the
metabolism room distance.

3. Results and Discussion

3.1. TCM Formula Network. The TCM formula network we
constructed has 330 nodes and 5236 edges in all.The network
structure chart is drawn with the software ORA. We can see
the results in Figure 4.

The topological parameters of the network were calcu-
lated by Pajek; for main parameters, see Table 1.

There are 330 nodes in this network, and the number of
edges reached 5258, with 31.7 as the average degree of each
node,which indicate a high network density and considerably
close connection among TCM. Most of TCM are likely to
have good comparability with each other, which is in linewith
the actual application of TCM. The diameter of the network
is 5, and the average path length is 2.17, which indicate
that the TCM formula network is featured as a small-world
network. Generally, the clustering coefficient of the network
ranges from 0 to 1. The bigger the coefficient, the higher the

Figure 4: The map of TCM formula network (a partial enlarged
illustration on the upper left).

Table 1: The main topological parameters of TCM formulas
network.

Parameter Value
Network diameter 5
Average distance 2.17
Clustering coefficient 0.726
Average degree 31.7

clustering property. The clustering coefficient of the TCM
formulas network is 0.726, which indicates a high clustering
property of this network.

As we know, there are hundreds of medicines frequently
used in the TCM formulas, and the properties of TCM
are different from each other, such as “Four Properties and
Five Flavors,” “Ascending, Descending, floating and sinking.”
However, the different TCM in the same formula can be used
as a whole to cure the same kind of disease. This may be
because the TCM of different properties in the same formula
interacts with each other, and these interactions make them
tended to be homogenous and compatible. Turning to the
TCM formula network, the high clustering property of the
network probably gives us a clue to explain it. The analysis
results of degree distribution showed that the TCM formulas
network is featured by partly scale-free property (Figure 5).
The degree distribution function is described as follows:

𝑃 (𝑘) ∝ 𝑘
−0.6237
, 𝛾 = 0.6237. (2)

According to the theory of complex networks, the higher
the value of power exponent, the less homogenous the
network. Thus, a low value of power exponent indicates
that the hubs and the key nodes play vital roles in the
network. The 𝛾 of this network is 0.6237, which is smaller
than the general scale-free network, which shows that the key
nodes in TCM formula network are in great numbers and
play critical roles in this network. It can be concluded that
the commonly used TCM occupy an important position in
forming of the formulas. Additionally, the scale-free network
is usually of robustness, which is also called antistrike
capability. Interestingly, the clinical use of TCM formulas
exhibits the same characteristic as well. As is known to us,
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Figure 5: The degree distribution chart of TCM formulas network.

some Chinese medicines have substitutes in clinical usage;
for instance, rhinoceros horn can be substituted by buffalo
horn. It is normal practice for traditional Chinese physicians
to substitute, add, and reduce some medicine in the same
formula according to actual needs. But it will not change
the main property and function of this formula in clinic.
A traditional Chinese doctor can still make a prescription
by using the principle of substitution in the case of some
medicine lacking. On the other hand, they are usuallymaking
different prescriptions to the same disease case because of
different habits of prescribing, but they can still achieve
the same therapeutic purposes. Probably, the robustness
property of the TCM formulas network can give us insight
on explaining all the phenomena mentioned above.

Network path analysis of the TCM pairs derived from
“EighteenAntagonisms andNineteenMutual Inhibitors” was
performed based on the formula network (seen in Figure 8).
The path distance of the network nodes represents their
affinity relationship. The result shows that the average path
distance between the TCM pairs in “Eighteen antagonisms
and nineteen mutual inhibitions” is 2.46, which is longer
than the average path distance of the network, 2.17. Because
of the most commonly used TCM in formulas, liquorice
root, the network path distance of the medicine pairs in
“Eighteen antagonisms and nineteen mutual inhibitions” has
been greatly shortened. But the difference between the special
medicine pairs and the average path distance still signified
that the theory of “Eighteen antagonisms and nineteen
mutual inhibitions” is science based from the results of TCM
formula network.

3.2. TCMChemical Space. To further confirm the conclusion,
we studied the chemistry basis of “antagonism and mutual
restraint” in TCMbyusing themethod of chemical space.The
chemical space is constructed containing 383 commonly used
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Figure 6: The map of TCM chemical space.

TCMwith 8514 chemical components. From the PCA results,
we found that the variance of the first principle component
(PC) was 42.72%, the second PC was 31.64%, and the third
PCwas 11.78%, with the cumulative rate of three PCs reaching
86.14%. Thus, it means that the three PCs included message
of all descriptors basically, and the map of TCM chemical
space was constructed based on these three PCs, seen in
Figure 6. According to the theory of chemical space, chemical
entities with similar functions tend to cluster in a certain
special region. In themap of TCM chemical space, we can see
that the distribution of TCM in the whole space ranges from
loose to dense. But a significant proportion of them cluster
at the top right corner of this chemical space. It is inferred
that most of TCM are chemically compatible; in other words,
they are likely to compose formulas with each other. A small
proportion of TCMare dispersed and at intervals with others,
which corresponds with the fact that incompatibility exists in
a small proportion of TCM.

Wemeasured the spatial distance of TCM in the chemical
space, to judge the chemical affinity relationship between
every two TCM. The results show that average chemical
spatial distance between medicine pairs of “Eighteen antag-
onisms and nineteen mutual inhibitions” is 2.066, which is
much larger than the average distance of all TCM, 1.641.
The detailed results for each medicine pair were shown in
Figure 8.This implicated that the property of incompatibility
among TCM is chemically based, and it is formed by the
whole chemical properties of the components contained in
each TCM.

3.3. TCM Metabolism Room. It was well demonstrated that
the metabolic property of TCM, especially about the P450
enzymes, is always themain factor to cause the in vivo toxicity
when two kinds of incompatible TCM are used together [29].
For instance, if the chemical components from two TCM
in vivo compete for one special P450 enzyme, the guardian
responsible for detoxifying the dangerous drugs or TCM
chemical components in the body, one of them is doomed
to be left with its untreated form. If this one happened to
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Figure 7: The map of TCMmetabolism room.

be toxic, the body will be poisoned. In this case, it will
be called the incompatibility of TCM. Thus, studying the
metabolic property of TCM will be helpful to reveal the
incompatibility phenomenon in TCM. Accordingly, we built
this TCMmetabolism room, where all the TCM will be fixed
in their positions by evaluating their activities towards P450
enzymes. In this room, the TCM ones close to each other
indicate that they have the close metabolic characteristic.
It also implies a potential risk when they are used in a
prescription simultaneously. The PCA results showed that
the variance of the first PC was 52.13%, the second PC was
30.54%, and the third PCwas 9.69%, with the cumulative rate
of three PCs reaching 92.36%. Therefore, it means that the
three PCs included the most message of all descriptors, and
the map of TCM chemical space was constructed based on
these three PCs.

In Figure 7, we can see that there is a large proportion of
TCM located in the upper inside corner, where most of P450
enzymes keep high activity. It tells us that a large part of TCM
is easily metabolized, for many P450 enzymes can undertake
this job with enthusiasm. But we also can be implied that
a part of TCM favor exclusive enzyme colony, with their
particular position being shown in the room.The distance of
TCM in the metabolism room was measured, so as to tell the
metabolic relationship between every two TCM. The result
shows that the average metabolism room distance between
the TCM pairs in “Eighteen antagonisms and nineteen
mutual inhibitions” is 2.40, which is much shorter than the
average distance of all TCM, 4.25.Thedetailed results for each
medicine pairs were shown in Figure 8. It showed that the
incompatible TCMpairs tend to compete for the similar P450
enzyme colony, which make the toxic TCM ones obstructed
to be metabolized or detoxified. This probably induces the
incompatibility phenomenon that occurred.

3.4. Discussion about the Limitation of the Applied Method-
ology. In the construction of TCM chemical space and

metabolism room, we employed a new methodology, weight
center treatment. It is a novel strategy to approach describing
TCM by chemical information. Chemistry is easy to be
used to describe a single compound by various chemical
descriptors. But TCM always contains tens or even hundreds
of chemical compounds. It is a difficult problem to apply
chemistry to describe a kind of TCM by batches of chemical
descriptors derived from its numerous chemical components.
Enlightened from geometrics, we applied weight center strat-
egy to obtain an integrated chemical profile of a kind of
TCM by treating all its chemical components in a chemical
space. This chemical space is multidimension featured, every
dimension of which represents a kind of chemical descrip-
tion. In this space, the dispersed chemical components of a
kind of TCM concentrate to a pyknosis, the weight center,
which will be used as the symbol of this TCM. That means a
kind of TCMwill be described by a series of treated chemical
descriptors produced by the original descriptors of all the
compounds contained in this kind of TCM. In this study, we
assumed that all the “particles” in the chemical space have
the same mass; that is to say, all the chemical components are
assigned the same content ratios. Apparently, it was not fully
considered since the content of the chemical components, in
fact, is various in a kind of TCM. However, even though our
softwareWeightCenterFinder is originally designed to be able
to assign the components content values, it is impossible, in
the present condition, to collect all the exact content data
of the TCM chemical components. The reason is that, a
part of these data are still absent; on the other hand, the
available data are always in disparity because of the different
measure methods and conditions. In addition, the number
of the chemicals in a kind of TCM is also not completely
certain, because there are still new compounds that can be
discovered from TCM. But the number of the chemicals is
very crucial to position the TCMweight center.These factors,
obviously, will bring uncertainty and inaccuracy to the results
of this study. Therefore, it is expected that, with the coming
of new technologies and more discoveries, this methodology
will have further improvement in the future.

4. Conclusion

In this study, the TCM formula network was built by using
complex network methodologies. Meanwhile, we built a
TCM chemical space and a TCM metabolism room under
the theory of chemical space. Then the analysis of general
network properties and chemical space was performed. The
analysis results showed that the TCM formulas network
was a partial scale-free network and also has the feature
of small-world network. The analysis of TCM chemical
space indicated that the properties of compatibility and
incompatibility among TCM had chemical foundation. In
addition, we found that the incompatible TCM pairs were
different from the other ones in metabolism room. The
ancient rule for incompatibility of TCM, “Eighteen Antag-
onisms and Nineteen Mutual Inhibitors,” was evidenced by
our analysis fromTCMformula network, chemical space, and
metabolism room constructed in this work. Taken together,
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Figure 8: The network path distance (blue numbers), chemical spatial distance (pink numbers), and metabolism room distance (green
numbers) between the medicine pairs of “Eighteen antagonisms and nineteen mutual inhibitions.”

the TCM formula network, chemical space, and metabolism
room gave us new insight and standpoint in analyzing the
incompatibility property of TCM. We also hope it will bring
up some new ideas and enlightenments into solving the
problems in investigation of TCM and formulas.
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Huang-Lian-Jie-Du-Tang (HLJDT) is a classic TCM formula to clear “heat” and “poison” that exhibits antirheumatic activity. Here
we investigated the therapeutic mechanisms of HLJDT at protein network level using bioinformatics approach. It was found that
HLJDT shares 5 target proteins with 3 types of anti-RA drugs, and several pathways in immune system and bone formation are
significantly regulated by HLJDT’s components, suggesting the therapeutic effect of HLJDT on RA. By defining an antirheumatic
effect score to quantitatively measure the therapeutic effect, we found that the score of each HLJDT’s component is very low, while
the whole HLJDT achieves amuch higher effect score, suggesting a synergistic effect of HLJDT achieved by its multiple components
acting on multiple targets. At last, topological analysis on the RA-associated PPI network was conducted to illustrate key roles of
HLJDT’s target proteins on this network. Integrating our findings with TCM theory suggests that HLJDT targets on hub nodes
and main pathway in the Hot ZENG network, and thus it could be applied as adjuvant treatment for Hot-ZENG-related RA. This
study may facilitate our understanding of antirheumatic effect of HLJDT and it may suggest new approach for the study of TCM
pharmacology.

1. Introduction

Rheumatoid arthritis (RA) is a chronic, systemic inflamma-
tory joint disorder that principally attacks flexible (synovial)
joints, leading to the destruction of articular cartilage and
fusion of the joints. It can also affect other tissues throughout
the body. RA is considered as a systemic autoimmune disease,
whose cause and pathogenesis remain largely unknown.

Currently there is no cure for RA. The aim of the
treatment is to reduce inflammation, relieve pain, suppress
disease activity, prevent joint damage, and slow disease
progression, so as to maintain the patient’s quality of life and
ability to function. Clinical treatments for RA include non-
steroidal anti-inflammatory drugs (NSAIDs), disease modi-
fying antirheumatic drugs (DMARDs), glucocorticoids, and
biological response modifiers. Even so, current RA treatment

medications are limited by several well-characterized clinical
side effects, such as hepatotoxicity [1, 2], gastrointestinal
effects [3], and cardiotoxic effects [4]. Therefore, there is a
need to explore new or alternative anti-RA agents.

Huang-Lian-Jie-Du-Tang (HLJDT; oren-gedoku-to in
Japanese), a classic TCM formula to clear “heat” and “poison,”
is an aqueous extract of four herbal materials, Rhizoma Cop-
tidis, Radix Scutellariae, Cortex Phellodendri, and Fructus
gardeniae. It has been used to treat gastrointestinal disorders,
inflammation, liver disease, hypertension, and cerebrovascu-
lar disease [5]. Earlier studies have demonstrated that HLJDT
possesses antiobesity [6], antitumor [7], neuroprotection [8],
and anti-inflammatory activities [9, 10]. A series of experi-
mental studies by one of our laboratories on HLJTD’s effects
on collagen-induced arthritis in rats suggested that HLJDT
exhibits antirheumatic activity [11–13]. On the other hand,
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many compounds have been identified as active ingredients
of HLJDT, including baicalin, baicalein, wogonoside, wogo-
nin, berberine, coptisine, palmatine, jatrorrhizine, crocin,
crocetin, chlorogenic acid, and geniposide [14], some of
which have been reported to show antirheumatic effects [15–
18].

It has been known that complex chronic diseases includ-
ing RA are usually caused by an unbalanced regulating
network resulting from the dysfunctions of multiple genes
or their products [19–22]. Meanwhile, as multicomponent
and multitarget agent, the therapeutic effectiveness of a
TCM formula is believed to be achieved through collectively
modulating the molecular network of the body system by its
active ingredients [23, 24]. Thus there is a need to study the
therapeutic mechanism of TCM formulae on complex dis-
eases from the viewpoint of network-based systems biology
[23–28].

In this work, we studied antirheumatic effects of HLJDT
as compared to FDA-approved anti-RA drugs from network
perspective. We first collected genes associated with RA,
proteins inhibited by main active compounds of HLJDT, and
targets of FDA-approved anti-RA drugs. Then we study the
drug targets in the context of RA-associated pathway and pro-
tein networks. HLJDT’s targets were mapped onto the drug-
target network of FDA-approved anti-RA drugs and the RA
pathway in the KEGG database to investigate their potential
anti-RA functions. The network-based antirheumatic effect
score was defined to quantitatively analyze the antirheumatic
effect of HLJDT and compare it with those of FDA-approved
anti-RAdrugs. Topological analysis on the RA-associated PPI
network was conducted to explore the roles that HLJDT’s
target proteins play on this network.

2. Materials and Methods

2.1. Data Preparing

2.1.1. RA-Associated Genes. We collected genes associated
with RA from three resources as follows.

(1) The Online Mendelian Inheritance in Man (OMIM)
database [29]: it is a database that catalogues all
the known diseases with a genetic component and
when possible links them to the relevant genes in
the human genome and provides references for fur-
ther research and tools for genomic analysis of a
catalogued gene. We searched the OMIM database
with a keyword “rheumatoid arthritis” and found 7
causal genes: CD244, HLA-DR1B, MHC2TA, NFK-
BIL1, PAD, SLC22A4, and PTPN8.

(2) Genetic Association Database (GAD) [30]: it is an
archive of human genetic association studies of
complex diseases and disorders and includes sum-
mary data extracted from published papers in peer-
reviewed journals on candidate gene andGWAS stud-
ies. We searched the GAD database with a keyword
“rheumatoid arthritis” and found 82 genes whose
association with RA was shown “Y.” Five of the seven

RA causal genes in the OMIM database are also
included in the 82 genes collected from the GAD.

(3) Kyoto Encyclopedia of Genes and Genomes (KEGG)
Pathway Database [31]: this is a collection of online
databases dealingwith genomes, enzymatic pathways,
and biological chemicals. A total of 92 genes appear
on the rheumatoid arthritis pathway in the KEGG
database. These genes are considered to be associated
with RA.

Based on the above three databases, we obtained 163
distinct genes that are associated with RA (see Table S1 in
Supplementary Material available online at http://dx.doi.org/
10.1155/2013/245357).

2.1.2. FDA Approved Anti-RA Drugs and Their Target Pro-
teins. The data of FDA-approved anti-RA drugs and their
targets was downloaded from the DrugBank database [32],
which was updated in May 2013. We searched the Drug-
Bank database with a keyword “rheumatoid arthritis” and
extracted all of the FDA-approved anti-RA drugs and their
corresponding targets (32 drugs and 51 protein targets). Four
classes of drugs are used clinically for the treatment of
RA.They are nonsteroidal anti-inflammatory drugs (NSAID)
such as flurbiprofen, disease-modifying antirheumatic drugs
(DMARDs) such as sulfasalazine, glucocorticoids such as
cortisone acetate, and biological response modifiers such as
etanercept and abatacept. See Supplementary Table S2 for
detail.

2.1.3. Target Proteins of HLJDT’s Main Ingredients. Based on
our pervious study and literature reports, fourteen active
components are identified in HLJDT: baicalin, baicalein,
wogonoside, wogonin, berberine, magnoflorine, phelloden-
drine, coptisine, palmatine, jatrorrhizine, crocetin, crocin,
chlorogenic acid, and geniposide [10, 14]. Data about tar-
get proteins for HLJDT’s main compounds was collected
from Herbal Ingredients’ Targets Database (HIT) [33], a
well-known herb ingredient target database (http://lifecenter
sgst.cn/hit/), with a keyword of each ingredient name.
According to HIT, 10 ingredients can find the corresponding
drug target proteins. They are baicalein, berberine, chloro-
genic, coptisine, crocetin, crocin, geniposide, jatrorrhizine,
palmatine, and wogonin, in which crocin’s only one target
could not be found on the PPI network we used. Thus crocin
is not included in our network analysis. A total of 91 distinct
target proteins of HLJDT were found in the HIT database.
The detailed data are shown in Supplementary Table S3.

2.1.4. Protein-Protein InteractionData. Protein-protein inter-
actions between human proteins were downloaded from the
version 9.05 of STRING [34]. STRING includes both phys-
ical and functional interactions integrated from numerous
sources, including experimental repositories, computational
prediction methods, and public text collections. It uses a
scoring system to weigh the evidence of each interaction.
The interaction scores were normalized to the interval [0,
1]. We first extracted interactions weighted at least 0.9 to
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construct a protein-protein interaction network with high
confidence. Then we checked if the genes we studied, that
is, RA-associated genes, FDA-approved anti-RA drugs’ target
proteins, and target proteins of HLJDT’s main ingredients,
are included in this network. For those genes missing in this
network but appearing in the STRING database, we added
their interactions with the highest weights which are less than
0.9. In this way, we constructed a weighted PPI network with
9289 nodes and 57179 edges.

2.2. Construction of Drug-Target Network. A drug-target
network is defined as a bipartite network for the drug-target
associations consisting of two disjoint sets of nodes [35]. One
set of nodes corresponds to all drugs under consideration,
and the other set corresponds to all the proteins targeted by
drugs in the study set. A protein node and a drug node are
linked if the protein is targeted by that specific drug according
to the DrugBank information.

2.3. Pathway Enrichment Analysis. We used pathway enrich-
ment analysis [36] to determine whether a pathway is sig-
nificantly regulated by HLJDT. Hypergeometric cumulative
distribution was applied to quantitatively measure whether a
pathway is more enriched with HLJDT’s targets than would
be expected by chance [37]. Generally, if we randomly draw 𝑛
samples from a finite set, the probability of getting 𝑖 samples
with the desired feature by chance obeys hypergeometric
distribution as

𝑓 (𝑖) =

(
𝐾

𝑖
) (
𝑁−𝐾

𝑛−𝑖
)

(
𝑁

𝑛
)

, (1)

where 𝑁 is the size of the set and 𝐾 is the number of
items with the desired feature in the set. Then the probability
of getting at least 𝑘 samples with the desired feature by
chance can be represented by hypergeometric cumulative
distribution defined as 𝑃 value:

𝑃 = 1 −
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)

. (2)

Given significance level 𝛼, a 𝑃 value smaller than 𝛼
demonstrates low probability that the items with the desired
feature are chosen by chance. In our case, if all pathways
under study include 𝑁 distinct genes, in which 𝐾 genes are
HLJDT’s targets, for a pathway with 𝑛 genes, a 𝑃 value < 𝛼
implies a low probability that the 𝑘HLJDT’s targets appear in
the pathway by chance; that is, this pathway can be regarded
as significantly regulated by HLJDT.

2.4. Network Scoring of Antirheumatic Effects of Drugs

2.4.1. Scoring Network Effect of a Group of Seed Nodes. We
applied the algorithmof randomwalkwith restart to score the
effect of a group of seed nodes on all the nodes in the network
under study [38, 39].The network is the weighted human PPI
network, while the seeds could be disease-associated genes or
protein targets of drugs.

A randomwalk starts at one of the seed nodes in the set 𝑆.
At each step, the random walker either moves to a randomly
chosen neighbor 𝑢 ∈ 𝑁 of the current node V or it restarts at
one of the nodes in the seed set 𝑆.The probability of restarting
at a given time step is a fixed parameter denoted by 𝑟. For
each restart, the probability of restarting at V ∈ 𝑆 suggests
the degree of association between V and the seed set 𝑆. For
each move, the probability of moving to interacting partner
𝑢 of the current node V is proportional to the reliability of the
interaction between 𝑢 and V. After a sufficiently long time, the
probability of being at node v at a random time step provides a
measure of the functional association between V and the genes
in seed set 𝑆. This process could be denoted as follows:

𝑥
𝑡+1
= (1 − 𝑟) 𝑃𝑥

𝑡
+ 𝑟𝑥
0
, (3)

where P is the adjacency matrix of the weighted PPI network,
representing the coupling strength of nodes in the network;
𝑟 ∈ [0, 1] is a parameter denoting the restart probability
which needs to be calibrated with real data; 𝑥𝑡 is a vector in
which 𝑥𝑡(V) denotes the probability that the random walker
will be at node V at time 𝑡; 𝑥0 is a vector corresponding to the
strength of seed nodes.The effect strength of seed set 𝑆 to each
nodes in the network is defined by steady-state probability
vector 𝑥∞ when 𝑥𝑡+1 = 𝑥𝑡.

The algorithm of random walk with start has been
successfully used in the prioritization of candidate disease
genes and 𝑟 = 0.3 appeared to be a robust choice [40]. Thus
we took 𝑟 = 0.3 in this study.

2.4.2. Scoring RA’s Effect on the Human PPI Network. In this
case the seed nodes are defined as RA-associated genes we
collected. Theoretically, the degree in which different RA-
associated gene correlates with RA is varying, and thus the
initial strength values of different seed nodes should be
different. For simplicity, we treated all RA-associated genes
equally and defined the initial vector x0 as 𝑥0(V) = 1 if v is a
seed; otherwise, 𝑥0(V) = 0.

Then random walk with restart was used to compute the
RA effect score of each node in the human network and we
get a disease effect vector xRA.

2.4.3. Scoring a Drug’s Effect on the Human PPI Network. In
this case, the seed nodes are defined as the drug’s protein
targets and the initial strength value of a seed node should
be the binding strength or affinity of the drug to the corre-
sponding target. In theory, the affinities could be measured
in biochemical assays, which are not always available. Some
studies used chemical proteomics data as a proxy for binding
strengths [41, 42]. Here we study HLJDT’s effect on the
human PPI network by comparison with those of FDA-
approved anti-RA drugs; thus, our focus is on the relative
binding affinities of western drugs and HLJDT’s components
to target proteins. It has been known that the inhibition
potency of natural compounds on protein targets is usually
much lower than that of specifically designed drugmolecules;
for example, our earlier study found that the IC50 value
of natural compound Astragaloside IV against proteins CN
and ACE was approximately two orders higher than the
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corresponding western drugs cyclosporine A and enalapril,
respectively [43]. Therefore, for an FDA-approved anti-RA
drug, we defined the initial vector x0 as 𝑥0(V) = 1 if V is a
seed; otherwise, 𝑥0(V) = 0. Meanwhile, we defined the initial
vector x0 of a HLJDT’s component as 𝑥0(V) = 0.01 if V is a
target of this component; otherwise, 𝑥0(V) = 0.

For each drug, random walk with restart was used to
compute its effect score on each node in the human network
and we get its drug effect vector xdrug.

2.4.4. Scoring the Antirheumatic Effects of a Drug. We applied
the inner product between the vectors of disease effect and
drug effect to measure how the drug impacts the human
interactome under the influence of the disease [42]. 𝐸 =
⟨𝑥RA, 𝑥drugk⟩ is defined specifically as the antirheumatic effect
score of the kth drug under study. The effect score of a drug
was then compared with that of its random contracts by z-
score.

2.5. Z-Score. 𝑍-score was applied to quantify the difference
between the antirheumatic effect scores of a drug and its
random counterparts as

𝑧 =

𝐸 − 𝐸
𝑟

Δ𝐸
𝑟

, (4)

where 𝐸 is the score of antirheumatic effect of a drug
and 𝐸 and Δ𝐸

𝑟
are the mean and standard deviation of

the corresponding metric for the random counterparts. The
higher the absolute value of a z-score, themore significant the
difference.

2.6. Construction of RA-Associated PPI Network. We defined
RA-associated PPI network as a subnetwork of human PPI
network consisting of nodes with high RA effect score. We
sorted RA’s effect scores and collected the top 3% proteins.
Then these proteins and their interactions were extracted
from human PPI network to construct the RA-associated PPI
network.

2.7. Topological Features of Nodes in RA-Associated PPI Net-
work

Node Degree.The degree of a node in a network is the number
of connections it has to other nodes.
k-Core. A k-core of a graph is a maximal connected subgraph
in which every vertex is connected to at least k vertices in
the subgraph [44]. A 𝑘-core subgraph of a graph can be
generated by recursively deleting the vertices from the graph
whose present degree is less than 𝑘. This process can be
iterated to gradually zoom into the more connected parts of
the network. A node located in higher-level core indicates its
higher centrality in the network.

Betweenness Centrality. Betweenness centrality is a measure
of a node’s centrality in a network [45]. It is equal to the
number of the shortest paths from all vertices to all others
that pass through that node. Betweenness centrality is a more

useful measure (than just connectivity) of both the load and
importance of a node.The betweenness centrality of a node v
is given by the following equation:

𝑔 (V) = ∑
𝑠 ̸= V ̸=𝑡

𝜎
𝑠𝑡
(V)

𝜎
𝑠𝑡

, (5)

where 𝜎
𝑠𝑡
is the total number of shortest paths from node 𝑠

to node 𝑡 and 𝜎
𝑠𝑡
(V) is the number of those paths that pass

through node V.

3. Results and Discussion

3.1. HLJDT’s Targets in the Drug-Target Network for Anti-RA
Drugs. It would be interesting to bridge HLJDT and existing
FDA-approved anti-RA drugs via their common drug targets.
This is expected to provide alternative insights for deducing
the therapeutic mechanism of HLJDT. We constructed the
drug-target network for the 32 FDA-approved anti-RA drugs
included inDrugBank and their corresponding 51 targets and
then mapped the 91 targets of HLJDT onto this network.
As shown in Figure 1, this network shows that the active
compounds of HLJDT share 5 targets (TNF, PTGS1, PTGS2,
AHR, and IL1B) with 3 types of anti-RA drugs, in which
PTGS1, PTGS2, and TNF are conformed therapeutic targets
for nonsteroidal anti-inflammatory drugs (NSAID) and bio-
logical response modifiers, respectively, suggesting that the
effect of HLJDT could be a combination of different classes
of anti-RA agents.

On the other hand, ZHENG is the key pathological prin-
ciple in the TCM theory to understand disease pathogenesis
and guide the treatment, in which the “Cold” ZHENG and
“Hot” ZHENG are the two key statuses which therapeutically
direct the use of TCM recipe in the clinical practice. It has
been found that two targets of HLJDT, TNF, and IL1B are
main hub nodes in the Hot ZENG network, implying the key
roles that these proteins play in diseases related to Hot ZENG
[46]. Therefore, from TCM theory, HLJDT as a hot-cooling
TCM formula clears “heat” and “poison” by targeting the hub
nodes of Hot ZENG network.

3.2. Pathways Significantly Regulated by HLJDT. RA is a
systemic autoimmune disease which causes recruitment and
activation of inflammatory cells, synovial hyperplasia, and
destruction of cartilage and bone. The course of RA is
accompanied with the prolonged and enhanced activation
of the immune system, leading to the disturbance of the
balance between bone formation and bone resorption, which
results in periarticular bone destruction. Multiple inflam-
matory signaling pathways such as cytokine pathway and
Wnt signaling are known to strigger the generation of bone
resorbing osteoclasts [47].

To deduce the possible pathways affected by HLJDT,
we mapped HLJDT’s targets onto KEGG pathways of basic
biological process, including pathways inmetabolism, organ-
ismal systems, cellular processes, environmental information
processing, and genetic information processing. A pathway
enrichment analysis was performed to identify the pathways
significantly affected by HLJDT, and 𝑃 values were computed
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Figure 1: Drug-target network for all FDA approved anti-RA drugs in DrugBank. A target protein node and a drug node are linked if
the protein is targeted by the corresponding drug. Triangles are drugs, while circles and diamonds are targets. Green: Nonsteroidal anti-
inflammatory drugs; Shallow blue: Disease-modifying anti-rheumatic drugs; Dark blue: Glucocorticoids; Pink: Biological responsemodifiers;
Red: Overlapped drug targets of FDA approved anti-RA drugs and HLJDT.

for each of the pathways with HLJDT’s targets. Considering
that diseases are higher level biological processes caused by
the dysfunctions of basic biological processes, we did not
include the KEGG pathway section of human diseases in this
statistical analysis. The computation generated 32 pathways
with values of 𝑃 < 0.01, which may be regarded as key
pathways affected by HLJDT (see Supplementary Table S4).
In Table 1, we listed the 13most significantly affected pathways
with 𝑃 value < 10−4.

A central feature of RA is inflammation, one of the first
responses of the immune system to infection or irritation.
As listed in Table 1 and Supplementary Table S4, HLJDT
acts on a large fraction of pathways in immune system.
Some other pathways, although not classified into immune
system in the KEGG database, have been known to be highly
associated with the function of immune response, such as
apoptosis [48] and MAPK signaling pathway [49]. Table 1
includes specifically several pathways related to pathogen
recognition and inflammatory signalling in innate immune
defences, in which the most important one is the Toll-like
receptor (TLR) signalling pathway. The innate immune sys-
tem relies on pattern recognition receptors (PRRs) to detect
distinct pathogen-associated molecular patterns (PAMPs).

Upon PAMP recognition, PRRs trigger a number of different
signal transduction pathways.The pathways induced by PRRs
ultimately result in the expression of a variety of proin-
flammatory molecules, such as cytokines, chemokines, cell-
adhesion molecules, and immunoreceptors, which together
orchestrate the early host response to infection, mediate the
inflammatory response, and also bridge the adaptive immune
response together [50]. The family of TLRs is the major class
of PRRs [50]. In addition, we also found thatHLJDT regulates
some proinflammatory molecule-involved pathways, such as
the chemokine signaling pathway, natural killer-cellmediated
cytotoxicity, and Fc epsilon RI signaling pathway. These
pathways indicate the process of innate immune response in
the progress of RA. On the other hand, it is known that B
and T lymphocytes are responsible for the adaptive immune
response [51]. Table 1 shows that HLJDT’s targets are involved
in B- and T-cell receptor signalling pathways, implying that
they regulate the adaptive immune response of RA.

Another prominent feature of RA is enhanced osteo-
clast formation, which disturbs the balance between bone
resorption and bone formation.The osteoclast differentiation
pathway is a biological process that maintains bone density
and structure through a balance of bone resorption by
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Figure 2: Regulations of HLJDT’s active compounds on different proteins on RA pathway. Yellow boxes represent targets of HLJDT’s active
compounds. The original pathway map was downloaded from the KEGG database.

Table 1: KEGG pathways significantly enriched with targets of HLJDT’s components.

Pathway class Pathway name Total genes on pathway HLJDT’s targets on pathway
Cell communication Focal adhesion 200 14

Cell growth and death p53 signaling pathway 69 13
Apoptosis 86 14

Development Osteoclast differentiation 128 13

Immune system

Toll-like receptor signaling pathway 102 13
T-cell receptor signaling pathway 108 13
NOD-like receptor signaling pathway 59 9
B-cell receptor signaling pathway 75 9
Chemokine signaling pathway 189 11

Nervous system Neurotrophin signaling pathway 127 12

Signal transduction VEGF signaling pathway 76 10
MAPK signaling pathway 272 15

Signaling molecules and interaction Cytokine-cytokine receptor interaction 275 15

osteoclasts and bone deposition by osteoblasts, while the
WNT pathway regulates the balance between osteoclast and
osteoblast function [52]. As can be seen in Table 1 and
Supplementary Table S4, HLJDT’s targets are significantly
enriched in these two pathways, suggesting its function in
tuning the imbalanced status.

Table 1 also tells us that HLJDT acts on the cytokine-
cytokine receptor interaction pathway. An earlier study has
found that immune factors are predominant in the Hot
ZHENG network, and genes related to Hot ZHENG-related
diseases are mainly present in the cytokine-cytokine receptor
interaction pathway [46]. Thus from the perspective of TCM
theory,HLJDTperforms its therapeutic function by acting on
the Hot ZENG network.

To see howHLJDT acts on the biological processes of RA,
we then mapped the targets of HLJDT on the RA pathway
in the KEGG database [31]. It was found that 12 of the 91
targets appear on this pathway (Figure 2). Figure 2 shows that
HLJDT intervenes in the RA pathway by inhibiting multiple
cytokines localized at its three distinct but associated devel-
oping branches of the disease, thus retarding the processes of
inflammatory cell infiltration, inflammatory synovial pannus
formation, and joint destruction. This suggests the therapeu-
tic effect of HLJDT on RA.

3.3. Antirheumatic Effects of HLJDT Compared with Those of
FDA-Approved Drugs by Network Scores. To quantitatively
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Table 2: The anti-rheumatic effect scores of representative anti-RA western medicines.

Class of drug Anti-RA drug Targets Effect score

Biological
response
modifiers

Etanercept FCGR2C, TNFRSF1B, TNF, LTA, FCGR3B, FCGR3A, FCGR2B,
FCGR2A, FCGR1A, C1S, C1R, C1QC, C1QB, C1QA 1.644

Abatacept CD86, CD80 0.609
Infliximab TNF 0.293
Anakinra IL1R1 0.159

DMARDs

Chloroquine TLR9, TNF, GSTA2 0.463
Sulfasalazine SLC7A11, PTGS2, PTGS1, PPARG, IKBKB, CHUK, ALOX5, ACAT1 0.454
Hydroxychloroquine TLR9, TLR7 0.173
Leflunomide PTK2B, DHODH, AHR 0.149
Auranofin PRDX5, IKBKB 0.14
Leflunomide PTK2B, DHODH, AHR 0.061
Azathioprine HPRT1 0.053
Auranofin PRDX5, IKBKB 0.05

NSAIAs Flurbiprofen PTGS2, PTGS1 0.133
Glucocorticoids Cortisone acetate NR3C1 0.063
RA-associated disease genes are marked in bold characters.

compare the antirheumatic effect of HLJDT with those of
FDA-approved anti-RA drugs, we chose several represen-
tatives from each of the four classes of anti-RA western
medicines and then computed the network score for the
antirheumatic effect of each drug, respectively. The initial
vector 𝑥0 of drug effect was defined as 𝑥0(V) = 1 if node V
is a drug target; otherwise, 𝑥0(V) = 0.

As shown in Table 2, biological response modifiers
and disease-modifying antirheumatic drugs (DMARDs) get
averagely much higher scores than the other two classes of
drugs, nonsteroidal, anti-inflammatory drugs (NSAID) and
glucocorticoids. Actually, biological response modifiers are a
new type ofDMARDs [53], that is, biotech agents, while drugs
categorized into the class of DMARDs are small molecular
compounds. DMARDs target the part of the immune system
that is leading to inflammation and joint damage. Thus they
can often slowor stop the progression of RA. FromTable 2, we
can see that some DMARDs target directly on RA-associated
genes such as TNF, CD80, and CD86 [54], supporting their
higher antirheumatic effects.

Since RA is an inflammatory disease affecting the joints,
it gets worse over time unless the inflammation is stopped
or slowed. Thus anti-inflammatory is very important in the
treatment. Glucocorticoids and NSAIDs are such class of
drugs, in which glucocorticoids are steroidal strong anti-
inflammatory drugs that can also block other immune
responses while NSAIDs work by inhibiting enzymes that
promote inflammation [55]. By reducing inflammation, anti-
inflammatory agents help reduce swelling and pain. But they
are not effective in reducing joint damage. Thus these drugs
alone are not effective in treating the disease and they should
be taken in combination with other rheumatoid arthritis
medications [56].

We then computed the network score for the antirheu-
matic effect of HLJDT and its compounds, respectively.
Unlike specifically designed drug molecules, HLJDT’s active

Table 3: The anti-rheumatic effect scores of HLJDT and its main
ingredients.

The component of
HLJDT Target numbers Effect Score Z-score

HLJDT 78 0.137 21.122
Berberine 52 0.061 9.635
Coptisine 6 0.0139 7.827
Wogonin 26 0.032 7.627
Baicalein 24 0.0215 4.377
Chlorogenic 1 0.001 1.914
Crocetin 1 0.001 1.457
Geniposide 5 0.002 0.468
Palmatine 1 0.0003 −0.011
Jatrorrhizine 1 0.0002 −0.260

compounds are naturally occurring substances; thus, their
inhibition potency on targets could be much weaker. There-
fore, we defined the initial vector 𝑥0 of HLJDT’s components
as 𝑥0(V) = 0.01 if node V is a target; otherwise, 𝑥0(V) =
0. In this way, the antirheumatic effect score of HLJDT
and its compounds are obtained as listed in Table 3. It
can be seen that the effect score of each component is
very small, while the whole HLJDT achieves a much higher
effect score, which is in the same order as that of anti-
inflammatory agents, including glucocorticoids andNSAIDs.
This result quantitatively validates the suggestion that weak
inhibition of multiple targets could orchestrate synergistic
effect comparable to strong inhibition of a single target [57].

To investigate if the scores of HLJDT and its components
suggest significant antirheumatic effect, for each drug, we
generated 3000 random target sets, respectively, each of
which included the same number of proteins as the drug’s
targets. The mean effect score and the standard deviation
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Table 4: The network topology analysis about the overlapped genes and target proteins of HLJDT. It mainly included degree of distribution,
betweenness, and K-core analysis.

Gene Degree Betweenness K-coreness RA disease gene Targeted by component of HLJDT
IL6 84 0.059 20 Y Berberine; coptisine; wogonin
IFNG 75 0.047 20 Y Berberine
IL1B 63 0.029 20 Y Berberine; coptisine
JUN 59 0.016 20 Y Berberine; wogonin
IL8 58 0.026 20 Y Berberine; wogonin
VEGFA 51 0.027 20 Y Baicalein; berberine
FOS 51 0.024 20 Y Baicalein; berberine
IL4 50 0.014 20 Y Berberine
CCL2 41 0.006 20 Y Berberine; wogonin
CXCL12 33 0.009 19 Y Berberine
NOS2 9 1.35 × 10

−5 9 Y Berberine; coptisine; wogonin
TNF 6 4.45 × 10

−5 6 Y Berberine; coptisine; wogonin
RELA 56 0.012 20 N Baicalein; berberine; wogonin
SRC 48 0.026 20 N Baicalein
IL2RA 44 0.003 20 N Berberine
MAPK1 42 0.016 20 N Berberine
NFKBIA 42 0.008 20 N Berberine
AKT1 42 0.010 20 N Baicalein; wogonin
MMP9 38 0.0130 20 N Baicalein
EGFR 35 0.004 20 N Berberine
FN1 34 0.010 15 N Wogonin
BCL2 33 0.004 20 N Baicalein; berberine; geniposide; wogonin
PTGS2 30 0.004 20 N Baicalein; berberine; coptisine; wogonin
RAC1 26 0.002 19 N Berberine
APP 24 0.006 16 N Berberine
TP53 24 0.007 18 N Baicalein; berberine; wogonin
KDR 22 0.003 15 N Wogonin
NFATC1 20 0.003 18 N Baicalein

of the 3000 random counterparts were calculated. Hence
the z-score of HLJDT and its compounds’ antirheumatic
effect score were obtained, which were listed in Table 3. The
absolute value of z-score bigger than 3 usually suggests a
statistically significant deviation between the actual value and
the random ones. Thus the z-score 21.12 of HLJDT suggests
its significant antirheumatic effect.The z-scores of four active
compounds, berberine, coptisine, wogonin, and baicalein, are
greater than 3.0, implying the antirheumatic effect of these
single compounds. In fact, an earlier study has reported the
effects of these compounds on RA [15–18].

3.4. HLJDT’s Effects on RA-Associated PPI Network. To see
how HLJDT acts on a protein-protein interaction network
affected by RA, we first constructed an RA-associated PPI
network, which consists of proteins with top 3% RA effect
scores and their interactions. This network has 272 nodes
and 2803 edges. Of the 163 RA-associated genes under study,
151 ones appear on this network, taking a percentage of
93.79%, suggesting a high correlation of this network to RA’s
biological process. Then the 91 target proteins of HLJDT
were mapped onto this RA-associated PPI network and 28 of
which were found on this network, in which half are targeted

by multiple components of HLJDT. As shown in Figure 3,
HLJDT acts on 12 RA-associated genes, while some major
causative genes of RA in this network, such as TNF and ILs
are targeted by HLJDT’s multiple components.

To understand the roles that HLJDT’s targets play on the
RA-associated PPI network, we analyzed three topological
features which reflect node centrality in this network, includ-
ing degree, betweenness, and k-core. The average degree and
betweenness of nodes in this network are 20 and 0.0063,
respectively, and the highest k-core index is 20. In Table 4
we listed the three topological measures of the 28 HLJDT’s
targets in this network. It can be seen that most targets
located in the highest k-core and have degrees higher than
the average, and the betweenness values of more than half
targets are higher than the average, suggesting that HLJDT
may interfere with RA by acting on proteins in the central
locations of the disease network with multiple components.

4. Conclusions

This work studies HLJDT’s antirheumatic effects from a
network perspective. We have extracted data related to
RA’s pathogenesis and treatment—RA-associated genes from
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Figure 3: HLJDT’s effects on RA-associated PPI network. This network consists of proteins with high RA effect score and their interactions.
Diamond nodes are overlapped target proteins of HLJDT, while the size of a diamond node corresponds to the number of HLJDT’s
components targeting on this protein. Red: RA-associated genes; Yellow: other genes.

the OMIM database, GAD and KEGG pathway database,
protein targets of FDA-approved anti-RA drugs, and HLJDT,
respectively. First, we constructed drug-target network for
FDA-approved anti-RA drugs. By mapping HLJDT’s targets
on this network, we found that 5 targets of HLJDT, TNF,
PTGS1, PTGS2, AHR, and IL1B, exist in this network. Then
we mapped HLJDT’s targets onto KEGG pathways of basic
biological process and identified 32 pathways enriched with
HLJDT’s targets, which include pathways in immune system
and bone formation. These pathways are considered as key
pathways affected by HLJDT. In addition, 12 targets were
found involved in the KEGG RA pathway. These findings
indicate that HLJDT could intervene in the biological process
of the occurrence and development of RA by targeting on
multiple targets associated with immune function and bone
modeling, and it may function as a combination of different
categories of anti-RA drugs.

We also quantitatively analyzed the antirheumatic effect
of HLJDT and compared it with those of FDA-approved
anti-RA drugs through a network based antirheumatic effect
score. It is found that the antirheumatic effect score of each
HLJDT’s component is very low, while the whole HLJDT

achieves a much higher effect score, which is comparable to
that of FDA approved anti-inflammatory agents. This result
suggests a synergistic antirheumatic effect ofHLJDTachieved
by its multiple components acting on multiple targets.

At last, we conducted topological analysis on the RA-
associated PPI network to investigate the roles HLJDT’s
targets play on this network. We found that most targets
own large degree, betweenness, and high k-core index in
the network, suggesting that HLJDT may interfere with RA
by acting on proteins in the central locations of the disease
network with multiple components.

In TCM theory, RA could be related to Cold ZHENG
or Hot ZHENG [58]. Our study on drug-target network
and pathways also found that HLJDT targets on hub nodes
and main pathway in the Hot ZENG network, suggesting
that HLJDT could be applied as adjuvant treatment for
Hot-ZENG-related RA. Further clinical trial needs to be
conducted to confirm this.

This work applied network approach to explain HLJDT’s
antirheumatic effect. It may shed new lights on the study
about the TCMpharmacology and promote the development
of nationality medicine.
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Background. Baicalin (BA) exhibits ill understood neuroprotective, anti-inflammatory, and antioxidative effects in brain injury.
Objective. To identify the differential network pathways associated with BA-related biological effects. Methods. MCAO-induced
mice received BA 5mg/Kg (BA group). Controls received vehicle only. Following ischaemia-reperfusion, ArrayTrack analysed the
whole genome microarray of hippocampal genes, and MetaCore analysed differentially expressed genes. Results. Four reversing
pathways were common to BA and controls, but only 6 were in the top 10 for BA.Three of the top 5 signalling pathways in controls
were not observed in BA. BA treatment made absent 3 pathways of the top 5 signalling pathways from the top 5 in controls. There
were 2 reversing pathways between controls and BA that showed altered gene expression. Controls had 6 networks associated with
cerebral ischaemia. After BA treatment, 9 networks were associated with cerebral ischaemia. Enrichment analysis identified 10
significant biological processes in BA and controls. Of the 10 most significant molecular functions, 7 were common to BA and
controls, and only 3 occurred in BA. BA and controls had 7 significant cellular components. Conclusions. This study showed that
the clinical effectiveness of BA was based on the complementary effects of multiple pathways and networks.

1. Introduction

The biochemical and molecular mechanisms underlying
cerebral ischaemia, such as reperfusion injuries (common
in stroke patients), alterations in multiple genes, proteins,
and mechanistic pathways, cumulatively lead to progressive
neurological damage and cell death [1]. Cerebral ischae-
mia mechanisms involve mitogen-activated protein kinases
(MAPKs), phosphoinositide 3-kinase/protein kinase B, nucle-
ar factor kappa-light-chain-enhancer of activated B cells,
cAMP response element-binding protein, Janus kinase-signal
transducer and activator of transcription (STAT) pathway,
WNT/beta-catenin pathway, and excessive inflammatory
response [2–7]. Elucidating details of these complex mech-
anisms are difficult despite recent improvements in research

technologies, such as reverse pharmacology. A better under-
standing is however critical to facilitate development of novel
therapeutic agents.

Baicalin (5,6-dihydroxy-7-O-glucuronide flavone) (BA)
is a flavonoid compound, extracted from the dry dicotyle-
donous skullcap root commonly used in traditional Chinese
and clinical medicine to treat stroke [1]. BA exerts neuro-
protective, anti-inflammatory, and antioxidative effects in a
variety of animal models of brain injury [8–14], but its mech-
anism of action is not well understood. Initial studies of BA’s
mechanism of action focused on differential gene expression.
By identifying many potentially up- or downregulated can-
didate genes, these studies produced complex and disparate
mechanistic data. Genes studied included those involved
in TLR2/4 signalling [15, 16], apoptosis [1, 12, 17], reactive
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oxygen species scavenging [12], GABAergic signalling [11],
calcium signalling, and tight junction proteins in the blood-
brain barrier [17, 18].

Several contemporary analytical tools have been devel-
oped to determine trends and to assimilate and visualize
molecular interaction data, such as Ingenuity Pathway Anal-
ysis (IPA) [19] and the Kyoto Encyclopaedia of Genes and
Genomes (KEGG) [20] databases. These tools, coupled with
computerized databases, allow a better understanding of the
gene interactions that cumulatively affect important biologi-
cal pathways and have analysed the influence of BA on gene
molecular functions and network path functions. In a study
of a cDNA microarray of 374 genes, ArrayTrack and IPA
pathway analysis showed that the genes influenced by BA
participated in calcium regulation, cell signal transduction,
cell proliferation, and antiapoptotic mechanisms [21]. In a
study of a microarray of 16464 genes, ArrayTrack and KEGG
pathway analysis showed that BA affected expression of 361
distinct genes was associated with activation of 76 pathways,
including those regulating extracellular matrix receptors and
ATP-binding cassette transporters [22]. Despite increases
in available raw data, limited computing power and small
databases have reduced the ability of research efforts to estab-
lish associations between numerous and complex cellu-
lar mechanisms following ischemic events involving many
cell types and pathways. An analysis of the full array of
mechanisms that occur following ischaemia requires more
advanced software solutions, such as larger datasets andmore
advanced data retrieval methods. GeneGo MetaCore soft-
ware [23] uses a unique, proprietary, high-quality, manually
curated database of human protein-protein, protein-DNA,
and protein-RNA interactions. Unlike previous software
systems, MetaCore integrates information on signalling and
metabolic pathways and the effects of bioactive molecules
[24]. Another benefit is that data are presented within an
intuitive graphical model, which allows transcriptomics data
to be visualized [25]. MetaCore software was used to identify
the differential pathway networks of BA in a rodent model of
cerebral ischaemia-reperfusion injury. Amicroarray of 16,463
genes, analyzed with combined ArrayTrack and MetaCore
systems, identified differential pathway networks from gene
expression profiles in the hippocampus of mice with cerebral
ischaemia following BA administration.

2. Methods

2.1. Animal Subjects. There were 144 healthy, specific path-
ogen-free, adult male Kunming mice aged 12 weeks of age
and weighing 38 to 48 g. They were housed at 25∘C with a 12-
hour light/dark cycle and randomly divided into 3 groups of
48 mice (BA group, vehicle group, and sham group). Animal
use protocols were reviewed and approved by the Ethics
ReviewCommittee for Animal Experimentation of the China
Academy of Chinese Medical Sciences, and all animal exper-
iments were conducted in accordance with the Prevention
of Cruelty to Animals Act of 1986 and National Institute of
Health guidelines for care and use of experimental laboratory
animals.

2.2.Middle Cerebral Artery Occlusion. For the BA and vehicle
groups, mice were anaesthetized with 2% napental (4mg/Kg,
intraperitoneal) then underwent surgery to induce middle
cerebral artery occlusion. The middle cerebral artery was
ligated with an intraluminal filament for 1.5 hours and then
reperfused for 24 hours. For the sham group, the external
carotid artery was surgically prepared for insertion of the fila-
ment, but no filament was inserted. During the experimental
procedures, blood pressure, blood gas level, and glucose
levels were monitored. Rectal temperature was maintained
at 37.0 to 37.5∘C with a heating pad, and body temperature
was maintained at 37∘C with a thermostatically controlled
infrared lamp. Brain temperature was maintained at 36 to
37∘C and monitored with a 29-gauge thermocouple in the
right corpus striatum and a temperature-regulating lamp. An
electroencephalogram was taken to ensure isoelectricity dur-
ing the ischemic period. Operational success was determined
based on infarct volume and subsequent mouse behaviour.

2.3. Drug Administration. BA group mice were administered
5mg/Kg BA, dissolved in 0.9% normal saline immediately
prior to use, by injection into the tail vein 1.5 hours after
focal cerebral ischaemia induction. Vehicle and sham group
mice were administered only 0.9% normal saline (2mL/Kg).
All BA preparations were standard, validated using finger-
print chromatography, and obtained from the China Natural
Institute for the Control of Pharmaceutical and Biological
Products or the Beijing University of Traditional Chinese
Medicine.

2.4. RNA Isolation. The left hippocampus of 9 mice in each
group was homogenized in TRIzol Reagent (Invitrogen,
USA), and total RNA was isolated according to the manu-
facturer’s instructions. RNA was further purified to remove
genomic DNA contamination and concentrated using an
RNeasy micro kit (Qiagen, Valencia, CA, USA). The RNA
quality was determined from the 26S/18S ratio, using a
Bioanalyzer microchip device (Agilent, Palo Alto, CA, USA).

2.5.Microarrays. Amouse brain array (BoaoCapital, Beijing,
China) and a microarray chip for the whole genome array for
mice containing 16,463 oligoclones (Incyte Genomics, Santa
Clara, CA, USA) were used for gene expression profiling.
On each chip, duplicate clones were printed, generating 4
technical replicates per clone. A single intensity value for each
clone was generated by averaging quadruplet measurements
after smoothing spline normalization. All cloneswere verified
byDNA sequencing. RNA from the vehicle groupwas pooled
and labelled with Cy3, and RNA from other groups was
labelled with Cy5. Microarrays were hybridized, washed, and
scanned according to standard protocols. These procedures
were repeated for each group, at least as biological triplicates
and technical quadruplets.

2.6. Microarray Data Analysis. All experimental data were
uploaded to the ArrayTrack system. Experimental analysis
was based on the Minimum Information about Microarray
Experiment Guidelines and the Microarray Quality Control
Project, and the results were submitted to the Array Express
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database. All microarray data were normalized by locally
weighted linear regression to reduce experimental variability
(smoothing factor, 0.2; robustness iterations, 3). One-way
analysis of variance and significance analysis of microarrays
were used to compare means of the altered genes between
the sham and vehicle groups and between BA and vehicle
groups. Genes with a 𝑃 < 0.05 and a >1.5-fold change were
further analysed. An increase in expression level >1.5-fold or
a decrease <0.5-fold was considered to indicate upregulation
or downregulation, respectively. All statistically significant
differentially expressed geneswere uploaded into theGeneGo
system [26] and gene identity numbers were uploaded to
MetaCore to determine their associated networks. A cut-
off value was set to identify molecules with significantly
differentially regulated expressions, and these were labelled
as Network Eligible molecules.

Networks of Network Eligible molecules were algorith-
mically generated based on connectivity. Right-tailed Fisher’s
exact test was used to calculate 𝑃 values for the probability
that each biological function assigned to a network was due
to chance alone. The significance of association between
these genes and the canonical pathway was measured in the
following 2 ways:

(1) a ratio calculated using the number of genes from the
dataset that maps the pathway divided by the total
number of genes that map to the canonical pathway;

(2) a 𝑃 value, calculated by Fischer’s exact test, determin-
ing the probability that the association between the
genes and canonical pathwaywas explained by chance
alone. The level of statistical significance was set at
𝑃 < 0.05. Finally, canonical pathways with 𝑃 < 0.05
and a fold change >1.5 were screened and analyzed.

2.7. Network Calculation of Enrichment. Enrichment analysis
is a computational method for identifying the functional
distribution of genomic/proteomic expression profiles and
significantly enriched functional categories [26].Thismethod
is helpful to understand the overall functions of differentially
expressed genes and so supply fundamental bioinformatics
information. Biological processes, subcellular locations, and
molecular function distributions of differentially expressed
genes were computed using MetaCore based on Gene Ontol-
ogy annotations [27], and the network distribution of selected
genes was computed using MetaCore based on GeneGo
network ontologies.

Auto Expand adds objects until a dense network is cre-
ated, allowing neighbouring interactions and objects sur-
rounding selected nodes to be visualized. Using the original
input list, Analyze Network analyzes the network modularity
for selected genes, thus creating a large network which can
be subdivided it into smaller subnetworks sets. The result-
ing networks are evaluated and ranked according to their
statistical significance (𝑃 values). This high trust 𝑃 value
calculation is also used to evaluate the network’s relevance
to Gene Ontology Biological Processes classification. The
advantage of using this network algorithm is that it may
find a well-connected cluster of root nodes without any
predefined restrictions and thereby offer more flexibility in

identifying possible connections. These interactions are then
assigned to specific biological processes, cellular compo-
nents, and/or molecular functions to further characterize the
underlying condition and provide insight into the underlying
mechanisms.

2.8. Statistical Analysis. Significance of enrichment and path-
ways was calculated using scores produced using the Expres-
sion Analysis Systematic Explorer software (National Insti-
tute of Health, USA) [28], which employs modified Fisher’s
exact test [29]. To calculate pathways, the statistical signifi-
cance of ontological matches was calculated for the probabil-
ity of a match occurring by chance, taking database size into
account. Lower significance, which denoted higher ratings for
matched terms, was expected as the number of genes/proteins
belonging to a single process/pathway increased, with𝑃 < 0.1
considered statistically significant.

3. Results

3.1. Pharmacodynamic Results. BA was effective in reducing
ischemic infarction volume compared with the vehicle group
in our previous study (𝑃 < 0.05) [25].

3.2. Pathway Map Analysis of Altered Genes. The MetaCore
pathway map analysis of the selected genes was used to
identify the 10 most statistically significant pathways, based
on calculated 𝑃 values (see Supplementary Table 5A avail-
able online at http://dx.doi.org/10.1155/2013/630723). Four
reversing pathways were common to both BA and vehicle
groups, but only 6 pathways were among the top 10 for only
the BA group: “cytoskeleton remodeling: TGF, WNT, and
cytoskeletal remodeling”; “development: VEGF signalling
via VEGFR2-generic cascades”; “development: TGF-beta-
dependent induction of EMT via MAPK”; “transcription:
transcription factor Tubby signalling pathways”; “cytoskele-
ton remodelling: cytoskeleton remodeling”; and “normal and
pathological TGF beta-mediated regulation of cell prolifera-
tion” (Figure 1). A diagramof BA action in targeting pathways
involved in cell apoptosis, and death is shown in Figure 2.

Three of the top 5 most statistically significant signalling
pathways in the vehicle group were not observed in the BA
group (Figure 1, Supplementary Tables 1A, 1B). Notably, in the
“development:G-proteinmediated regulation ofMAPK-ERK
signalling” pathway, 8 genes were upregulated. In the “repro-
duction: GnRH signalling” pathway, 9 genes were upregu-
lated, while ATF3 was downregulated. In the “development:
thyroliberin signalling” pathway, 6 genes were upregulated.

BA treatment also produced 3 of the top 5 most statisti-
cally significant signalling pathways, and these were absent
from the top 5 in the vehicle group. In the “cytoskeleton
remodeling: TGF, WNT, and cytoskeletal remodeling” path-
way, 11 genes were upregulated. In the “development: Flt3
signalling” pathway, 8 genes were upregulated. In the “devel-
opment: VEGF signalling via VEGFR2-generic cascades”
pathway, 8 genes were upregulated.

There were 2 reversing pathways between the vehicle
and BA groups that nonetheless showed altered gene expres-
sion. In the “neurophysiological process: NMDA-dependent

http://dx.doi.org/10.1155/2013/630723
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dependent postsynaptic long-term potentiation
in CA1 hippocampal neurons
2. G-protein signaling regulation of p38 and
JNK signaling mediated by G-proteins
3 . Development Flt3 signaling
4. G-protein signaling G-protein alpha-i
signaling cascades 4

2. Development VEGF signaling via VEGFR2-generic cascades
3. Development TGF-beta-dependent induction of EMT via MAPK
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regulation MAPK-ERK signaling
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signaling pathway
5. Development PIP3 signaling in
cardiac myocytes
6. Signal transduction PKA signaling
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Figure 1: Pathway maps associated with regulated genes in both BA and vehicle groups.
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Figure 2: Diagram of BA action in targeting pathways involved in cell apoptosis and death.
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(a) (b)

Figure 3: Two reversing pathways between the vehicle and baicalin groups. (a) Neurophysiological process: NMDA-dependent postsynaptic
long-term potentiation in CA1 hippocampal neurons’ pathway. (b) G-protein signalling: regulation of p38 and JNK signalling pathway.

postsynaptic long-term potentiation in CA1 hippocampal
neurons” pathway (Figure 3(a)), the following genes were
upregulated in the vehicle group: NMDA receptor, NR1, G-
protein alpha-q, CaMKII, Pyk2, c-src, CaMKIV, adenylate
cyclase type I, Shc, and PKA-cat. After treatment with BA,
NMDA receptor, NR1, G-protein alpha-q, CaMKII, and Shc
were still dominantly expressed, whereas adenylate cyclase
type I and PKA-cat were not, and B-Raf, PKA-reg, BDNF,
and MNK1 were upregulated. In the “G-protein signalling:
regulation of p38 and JNK signalling” pathway (Figure 3(b)),
the following genes were upregulated in the vehicle group: G-
protein alpha-12 family, G-protein alpha-q, ARHGEF1, ZAK,
c-src, and Pyk2. In the BA group, G-protein alpha-q, G-
protein alpha-12 family, ZAK, and c-src were still dominantly
expressed, while ARHGEF1 and Pyk2 were no longer dom-
inantly expressed, and MEK6, ROCK1, and MEKK4 were
upregulated.

3.3. Process Network Distribution. In the vehicle group, 6 net-
works were associated with cerebral ischaemia, each with
150 nodes (Supplementary Table 7). The major function
of subnetwork 1 was positive regulation of cellular process
(Figure 4). The major function of subnetwork 2 was positive
regulation of RNA metabolic process. The major function
of subnetwork 3 was positive regulation of DNA-dependent
transcription. The major function of subnetwork 4 was
nucleotide metabolic process. The major function of sub-
network 5 was regulation of cellular metabolic process. The
major function of subnetwork 6 was viral genome expression
(Supplementary Figure 1, Supplementary Table 7). Subnet-
work 1 and subnetwork 5 of vehicle have similar function of
cellular process.

After BA treatment, there were 9 networks associated
with cerebral ischaemia, with 150 nodes (Supplementary
Table 6). The major function of subnetwork 1 was regulation
of cellular metabolic process. The major functions of subnet-
work 2 were positive regulation of the nitrogen compound
metabolic process and positive regulation of the cellular
biosynthetic process (Figure 5). The major functions of

subnetwork 3 were intracellular signal transduction and cell
surface receptor linked signalling pathway (Supplementary
Figure 2). The major function of subnetwork 4 was positive
regulation of macromolecule metabolic process (Figure 5).
The major function of subnetwork 5 was positive regulation
of macromolecule metabolic process. The major function of
subnetwork 6 was positive regulation of cellular metabolic
process. The major function of subnetwork 7 was regulation
of molecular function. The major function of subnetwork
8 was regulation of calcium ion transport via voltage-gated
calcium channel activity. The major function of subnetwork
9 was positive regulation of RNA metabolic process (Supple-
mentary Figure 2 and Supplementary Table 6).

Sub-network 1 and sub-network 7 of BA had similar
function of cellular metabolic process. Subnetwork 4 and
subnetwork 5 of BA had similar function of macromolecule
metabolic process.

In the BA group novel subnetwork function includes
“positive regulation of the nitrogen compound metabolic
process and positive regulation of the cellular biosynthetic
process,” “intracellular signal transduction and cell surface
receptor linked signalling pathway,” “macromolecule meta-
bolic process,” and “regulation of calcium ion transport via
voltage-gated calcium channel activity” (Supplementary Fig-
ure 2 and Supplementary Table 6).

3.4. Enrichment Analysis of Biological Processes in the BA and
Vehicle Groups. Therewere 10 significant biological processes
identified by enrichment analysis in the BA and vehicle
groups (𝑃 < 0.05) (Supplementary Table 3). The biological
processes “positive regulation of cellular process,” “signaling,”
and “signal transduction” were among the top 10 biological
processes in all groups, but “positive regulation of molecular
function,” “cellular response to stimulus,” and “intracellular
signal transduction” were absent from the BA group. In
the BA group, novel biological processes included “positive
regulation of biological process,” “cell communication,” and
processes associated with phosphorylation and phospho-
rus/phosphate metabolism (Figure 6).
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Figure 4: Subnetwork 1 and 5 of 6 networks in vehicle group. The subnetwork 1 primarily consisted of G-protein alpha-q, TFIID, ARHGEF1
(p115RhoGEF), Shc, and E2F3, and its major function was positive regulation of cellular process. The centre of subnetwork 5 is p53 whose
major function was the regulation of cellular metabolic process.



Evidence-Based Complementary and Alternative Medicine 7

Genetic enzyme
Genetic kinase
Protein kinase
Lipid kinase
Protein phosphatase
Genetic phospholipase
Generic protease
Metalloprotease
G-alpha
RAS-superfamily
G beta/gamma
Regulators

Generic channel
Transporter
Protein
Generic binding protein
Receptor ligand
Transcription factor
Genetic receptor
GPCR
Receptor with enzyme activity

Activation effect
Inhibition effect
Unspecified

Figure 5: Subnetworks 1, 2, and 4 of 9 networks in baicalin group.The subnetwork 1 primarily consisted of Shc, c-src, VEGF-A, paxillin, and
SMAD3, and its major function was regulation of cellular metabolic process. The centre of subnetwork 2 is p21 whose major function was
positive regulation of nitrogen compoundmetabolic process and positive regulation of cellular biosynthetic process.The centre of subnetwork
4 is cyclin D whose major function was positive regulation of macromolecule metabolic process.

3.5. Distribution of Molecular Functions in the BA and Vehicle
Groups. Of the 10 most significant molecular functions pre-
sented in Supplementary Table 4 (𝑃 < 0.05), sevenmolecular
function categories were common to the BA and vehicle
groups, and 3 categories (“phosphotransferase activity with

alcohol group as acceptor,” “protein kinase binding,” and
“kinase activity”) only occurred in the BA group (Figure 6).

3.6. Distribution of Cellular Components in the BA and
Vehicle Groups. The 10 most significant cellular components
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Figure 6: Biological process (a), molecular functions (b), and cellular components (c) associated with upregulated genes in both BA and
vehicle groups.

(𝑃 < 0.05) associated with the vehicle and BA groups are
shown in Supplementary Table 5. Seven cellular components
were identified for both groups, and 3 (“cytoplasm,” “tran-
scription factor complex,” and “chromatin”) appeared only in
the top 10 of the BA group (Figure 6).

4. Discussion

Although several previous studies have investigated the
effects of BA on individual gene expression, none has inte-
grated these various findings into a coherent series of inter-
acting functional pathways and networks [1, 9, 12, 17, 18, 18–
20]. The current study is a novel combination of microarray

techniques with 16463 clones analyzed with ArrayTrack and
MetaCore, providing an in-depth analysis that extends the
breadth of knowledge of changes in gene expression associ-
atedwith cerebral ischaemia-reperfusion injury. BApathways
most apparently influenced by gene expression were asso-
ciated with cytoskeleton remodelling, cellular development,
VEGF signalling via VEGFR2, and TGF-beta-dependent
EMT induction via MAPK. In the vehicle group by contrast,
gene expression was primarily associated with G-protein
mediated regulation ofMAPK-ERK signalling during impor-
tant developmental processes, reproductiveGnRHsignalling,
developmental thyroliberin signalling, and TNFR1 signalling
pathways associated with apoptosis and survival. Notably,
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gene expressions in both the BA and the vehicle groups were
associated with pathways involved in NMDA-dependent
postsynaptic long-term neuron-potentiation in CA1 hip-
pocampal neurons, G-protein signalling through p38- and
JNK-mediated pathways, developmental Flt3 signalling, and
G-protein alpha-i signalling cascades. Furthermore, gene
expression and likely mechanistic pathways influenced by BA
administration were determined with great specificity. The
neuroprotective effects of BA treatment relate to selective
regulation of pathways, particularly p38 and JNK signalling,
NMDA-dependent postsynaptic long-term potentiation, and
differentially expressed gene networks, and thereby reduce
apoptosis rates and downstream damage due to radical accu-
mulation.Thus, this modern computer-based analysis allows
for a more comprehensive understanding of mechanistic
pathways in ischaemia-reperfusion injury and subsequent BA
treatment than what was previously possible, suggesting that
BA treatment induces gene expression that not only prevents
apoptosis but also promotes oligodendrocyte survival and
myelination signalling.

Two recent studies [24, 25] which used ArrayTrack, IPA,
and KEGG-based analysis to better understand the underly-
ing BA mechanisms of action were of limited value because
they had relatively small databases. Although numerous
databases are currently available for analysis of differential
pathway networks, their completeness and accuracy have
enormous consequences on data output quality and relia-
bility. Thus, the current study adopted MetaCore due to its
novel use of an extensive and manually curated database
of human protein-protein, protein-DNA, and protein-RNA
interactions, allowing a much more complete integration of
signalling and metabolic pathways than previously applied
sources.

There were 2 unaltered pathways between the vehicle and
BA groups that showed altered gene expression: the “neuro-
physiological process: NMDA-dependent postsynaptic long-
term potentiation in CA1 hippocampal neurons” pathway
(Figure 3) and “G-protein signalling: regulation of p38 and
JNK signalling” pathway (Figure 3).

Though biochemical evidence strongly indicates apop-
totic processes in the postischemic period, morphological
evidence interestingly does not widely support standard
apoptotic process occurrence, particularly in CA1 pyramidal
cells of the hippocampus [30]. BA treatment following stroke
has also been demonstrateed to have antioxidative and anti-
apoptotic properties that may act by increasing superox-
ide dismutase, glutathione peroxidase and glutathione, and
BDNF expression while reducing caspase-3 activity [1, 12].
Consistent with previous reports [12], BA gene expression
did limit the action of apoptotic factors, such as capsase-3,
but application of BA may have more profound and interest-
ing effects on NMDA-dependent postsynaptic potentiation,
associated with delayed neuronal death due to neurotoxicity
[31]. Previous studies have indicated that NMDA neurore-
ceptor NR2A/2B aAbs are independent and sensitive sero-
logic markers for transient ischaemia, indicative of potential
elevation of damaging thrombotic (homocysteine, antiphos-
pholipid antibodies, anticardiolipin antibodies), neurotoxic
(glutamate), neurochemical markers (neuro-specific enolase,

protein S100, and myelin), and peptide fragments [32]. Thus,
these findings indicate that BA-induced genetic expression
may potentially act to mediate ischemic damage after an
initial insult by mediating cellular metabolism associated
with rising neurotoxicity.

The most widely accepted theory of ischemic brain
injury suggests that ischaemia causes delayed neuronal death,
primarily affecting the vulnerable CA1 region of the hip-
pocampus [33]. In fact, death of CA1 pyramidal cells has been
demonstrated to be an immediate result of ischaemia [34],
though it has been reported that the majority of cells at the
borders of the infarct were not yet dead after 48 hours [32]. In
the current study, it was found that BA acted on calcium ion
(Ca2+)-dependent signalling cascades, shown to play a neuro-
protective role in cerebral ischaemia by signallingCa2+/CaM-
dependent ERK activation, and this is consistent with previ-
ous findings [35]. In 1999, Lipton noticed that extracellular
Ca2+ concentration sharply declines in the ischemic core
immediately after ischaemia with a concomitant rise in
extracellular potassium ions (K+) (∼70mM) over 2 hours and
returns to near normal concentration over 6 to 24 hours [31].
Thus, BA may aid mediation of harmful flux and subsequent
cellular response of extracellular Ca2+ and K+ concentration.
Furthermore, this hypothesis is supported by the observed
impact of BA treatment on regulators of G-protein signalling
5, 6, 14, and 30 observed in the current study, which, with
GPCR-kinase 2 (GRK2), may play a role in protecting recep-
tors from overstimulation by induced desensitization [36].
Effects on GABAergic signalling associated with enhanced
expression of HSP70 and phosphorylated ERK coupled with
decreased levels of phosphorylated JNK and p38 have also
been reported [11], consistent with the observations of the
current study. Furthermore, BAmay act on calcium signalling
pathways, tight junction proteins of the blood-brain barrier
[14, 19], and neural stem/progenitor cells [9]. Though further
study is required, the potential neuroprotective role of BA via
G-protein desensitization merits further study.

Consistent with previous studies, [37] the current study
indicated that the G-protein network may be associated with
apoptosis, as it was readily apparent without BA treatment.
The current study similarly showed increasing expression of
p53 network and proapoptotic Src homology 2 domain con-
taining transforming protein (Shc) in vehicle group. Isoform
p66Shc acts as a downstream target of the tumour suppressor
p53 and is indispensable for stress-activated p53 to induce an
increase in intracellular oxidant concentration, cytochrome c
release, and apoptosis [38]. It could activate and induce apop-
tosis in a p53-independent manner as well [39] (Figure 5).
Network including these networks and genes in vehicle
group may play roles in increasing apoptosis and cell death
following ischaemia-reperfusion. Conversely, treatment with
BA was shown to increase the network processes for the
antiapoptotic p21 and SMAD3 (Figure 6), which has been
demonstrated to quantitatively affect apoptosis rates [40].
Thus, BAmay act through these and other network pathways
to limit apoptosis. Furthermore, cyclin D and TGF beta
networks were also increased in BA treated group (Figure 6).
As a substrate for SMAD3, cyclin D phosphorylated SMAD3
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in a cell-cycle-dependentmanner and repressed its transcrip-
tional activity. SMAD3 has an inhibitory effect on wound
healing, probably by altering the TGF-mediated chemotaxis
of monocytes [40]. BA activation of the cyclinD-SMAD3-
TGF beta network pathwaymay improve wound healing after
cerebral ischaemia.

As in the use of any proprietary database, although we
used Western blotting confirmed results of key proteins in
the WNT3 and NF-KB pathways in different groups in our
previous study [2], the study results may contain some bias
based on the database used, whichmay not fully represent the
actual biological conditions in their entirety. Furthermore,
the mouse model may not completely represent the human
response to ischaemia-reperfusion and BA treatment. Thus,
further clinical assessments will be required to verify these
results in humans [41].

5. Conclusion

This study used modern computer databases with extensive
manually curated data sets to provide a comprehensive
analysis of the pathways and networks involved in the neu-
roprotective effects of BA treatment for stroke. The study
suggests that cerebral ischaemia may induce 10 pathways and
alter 6 networks and that BA may recover ischaemia damage
cells via 9 networks and 10 pathways, of which 4 are reversing.
This study showed that the clinical effectiveness of BA was
based on the complementary effects ofmultiple pathways and
networks.
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In this study, the reverse docking methodology was applied to predict the action targets and pathways of Shaofu Zhuyu decoction
(SFZYD) bioactive ingredients. Furthermore, Traditional ChineseMedicine (TCM) cold coagulation blood stasis (CCBS) syndrome
was induced in female Sprague-Dawley rats with an ice-water bath and epinephrine, and SFZYDwas used to treat CCBS syndrome.
A metabolomic approach was used to evaluate changes in the metabolic profiles and to analyze the pharmacological mechanism of
SFZYD actions. Twenty-three potential protein targets and 15 pathways were discovered, respectively; among these, pathways are
associated with inflammation and immunological stress, hormone metabolism, coagulation function, and glycometabolism.There
were also changes in the levels of endogenous metabolites of LysoPCs and glucuronides. Twenty endogenous metabolites were
identified. Furthermore, the relative quantities of 6 endogenous metabolites in the plasma and 5 in the urine were significantly
affected by SFZYD (𝑃 < 0.05). The pharmacological mechanism of SFZYD was partially associated with glycerophospholipid
metabolism and pentose and glucuronate interconversions. In conclusion, our findings demonstrated that TCM CCBS pattern
induced by ice water and epinephrine was complex and related to multiple metabolic pathways. SFZYD did regulate the TCM
CCBS by multitargets, and biomarkers and SFZYD should be used for the clinical treatment of CCBS syndrome.

1. Introduction

Traditional Chinese medicine (TCM) is guided by the
theory of traditional Chinese medical science for clinical
application. TCM can be characterized as being holistic,
with an emphasis on regulation of the integrity of the
human body and the interaction between individuals and
their environment. Multiple natural therapeutic methods for
patient’s management were applied in TCM; among these,
the herbal formula was the most typical treatment. Most
herbal medicines are prescribed in combination to obtain
synergistic effects or diminish possible adverse reactions [1].
This medical approach has played on increasingly impor-
tant role in evidence-based personalized medicine, which is

a new trend and a hot research topic of medical develop-
ment.

Based on the theory of TCM, which is rooted in the
philosophy of treating the entire body as a whole, multi-
pathogenic factors, such as cold coagulation, Qi stagnation,
and blood insufficiency, are considered to be the main causes
of many diseases or syndromes. In TCM, there are several
different disharmony patterns (named ZHENG) such as the
syndrome of blood stasis, syndrome of Qi stagnation, and
Yin/Yang deficiency syndrome [2]. The TCM ZHENG as a
diagnostic approach may provide an invaluable guidance for
therapeutic choices and personalized disease management,
not only in traditional medical practices but also in modern
healthcare systems [3].
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Cold coagulation blood stasis (CCBS) is primarily
induced by cold-evil, and as a subtype of blood stasis
syndrome, it is a critical pattern for many diseases, espe-
cially in women. The pathologic mechanisms of CCBS syn-
drome were recently found to be related to the changes in
hemorheological properties including high-blood viscosity,
increased erythrocyte aggregation, increased blood sedimen-
tation, decreased erythrocyte deformability, decreased hema-
tocrit, microcirculation disturbance, and coagulant function
abnormality [4]. Further research revealed that blood stasis
syndrome is closely related to inflammatory factors and
the immune response. Inflammatory- and immune-related
genes are remarkably dominant in the gene expression
profiles of blood stasis syndrome, which may explain the
functions of inflammation and the immune response in
the occurrence and development of this syndrome [5].
Moreover, it was reported that the occurrence of vasomotor
dysfunction in the ovaries and the levels of reproductive
hormone decrease in patients with blood stasis syndrome
[6], but the complex pathologicalmechanisms andmetabolite
profiling changes in CCBS syndrome remain incompletely
elucidated.

The famous Chinese herbal formula, Shaofu Zhuyu
decoction (SFZYD), which was originally identified by the
“Correction of Errors in Medical Classics” compiled by Qing-
ren Wang in the Qing dynasty (A.D. 1830), was utilized in
the clinic for approximately 200 years to treat blood stasis
syndrome in gynecological diseases such as dysmenorrhea,
amenorrhea, ormenoxenia. SFZYD is considered an effective
prescription for the treatment of CCBS syndrome, and it
is composed of ten crude drugs: Angelicae sinensis Radix,
Chuanxiong Rhizoma, Cinnamomi Cortex, Foeniculi Fructus,
Zingiberis Rhizoma, Myrrha, Trogopterpri Faeces, Typhae
Pollen, Paeoniae Radix Rubra, and Corydalis Rhizoma [7]. In
the clinic, SFZYD was reported to have over 90% efficacy
for the treatment of primary dysmenorrhea with CCBS
syndrome [8, 9]. However, the therapeutic mechanisms of
SFZYD are still unknown and require a comprehensive
investigation.

Metabolomics, which is based on the dynamic changes
of low molecular weight metabolites in organisms, indicates
the overall physiological status in response to pathophysio-
logical stimuli or genetic, environmental, or lifestyle factors
[10]. Metabolites often mirror the end result of genomic
and protein perturbations in a disease, and they are most
closely associated with phenotypic changes. Furthermore,
the pathogenesis of diseases and the mechanisms of action
for therapies can be elucidated by identifying biomarkers,
analyzing the metabolic pathway, discovering drug-target
interactions, and so on. Recently, metabolic profiling has
attracted great interest for biomarker discovery and for
assessing the holistic effects of many therapeutics used in
TCM [11–16].

Network pharmacology, a system biology-basedmethod-
ology, is a new approach to highlight a holistic thinking and
systematical theory of interactions among drugs, targets, and
diseases, which is also shared with TCM theory.The remark-
able feature of network pharmacology is the “multicompo-
nent therapeutics, network target” [17–19]. In the network

pharmacology-based drug research, a biological network of
a disease and a pharmacological network of the candidates are
established. So, the network pharmacology applied to TCM
research would provide a novel methodology and oppor-
tunity for screening bioactive ingredients, synergistic drug
combinations [20], and biomarkers, revealing mechanisms
of action and exploring scientific evidence of herbs [21] or
herbal formulae on the basis of complex biological systems
[22].

Here, for the first time, we studied the network targets and
pathway of SFZYD bioactive ingredients. Furthermore, the
plasma and urine metabolomics of cold coagulation blood
stasis syndrome, which was induced by epinephrine and
cold evil, and the therapeutic effects of SFZYD in rats were
investigated. We used the ultra-high-performance liquid
chromatography in tandem with a time-of-flight mass spec-
trometry (UHPLC-TOF/MS) based metabolomic approach
to elucidate the metabolic profiles and phenotype changes
between normal rats and model rats and to identify potential
biomarkers. A multivariate statistical analysis was used to
investigate the pathological variations of cold coagulation
blood stasis syndrome and to explore the therapeutic effects
of SFZYD.

2. Materials and Methods

2.1. Materials. Ten crude herbs, Angelicae sinensis Radix,
Chuanxiong Rhizoma, Paeoniae Radix Rubra, Cinnamomi
Cortex, Foeniculi Fructus, Zingiberis Rhizoma, Myrrha, Tro-
gopterpri Faeces, Typhae Pollen, and Corydalis Rhizoma,
were purchased fromMinxian (Gansu), Pengzhou (Sichuan),
Chifeng (Neimeng), Yulin (Guangxi), Wuwei (Gansu), Yulin
(Guangxi), Guangdong, Changzhi (Shanxi), Jiangsu (Yixing),
and Songyang (Zhejiang), respectively. The corresponding
author authenticated all of the raw materials, and the herbal
drugs were verified according to the Chinese pharmacopoeia
(Chinese pharmacopoeia, 2010).The voucher specimens (no.
NJUTCM-20110818-20110827) were deposited in the Jiangsu
Key Laboratory for TCM Formulae Research of Nanjing
University of Chinese Medicine.

HPLC grade acetonitrile was purchased fromTedia (Fair-
field, OH, USA), and AR grade formic acid was purchased
from the Shanghai Reagent Company (Shanghai, China).
Ultrapure water for UHPLC analysis was prepared using a
Millipore water purification system (Millipore, Milford, MA,
USA) and filtered with 0.22𝜇m membranes prior to use.
Sodiumcitrate (no. 20071107) and epinephrine hydrochloride
(no. 0808231) were obtained from Tianjin Biochem Pharma-
ceutical CO., LTD., and Tianjin King York Amino Acid CO.,
LTD., respectively.

2.2. Preparation of SFZYD Extract. Angelicae sinensis Radix,
Chuanxiong Rhizoma, Paeoniae Radix Rubra, Cinnamomi
Cortex, Foeniculi Fructus, Zingiberis Rhizoma, Myrrha, Tro-
gopterpri Faeces, Typhae Pollen, and Corydalis Rhizoma
were mixed at a weight ratio of 3 : 1 : 2 : 1 : 0.5 : 2 : 1 : 3 : 1 : 1,
respectively. The mixture (1.5 kg) was decocted with 15 L of
water for 2 h. The filtrates were collected, and the residues
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were decocted in 12 L of water for 1.5 h. The filtrates from
each decoction were combined and concentrated to 1.5 L at
70∘C. The concentrated solution was dried with a vacuum,
and 28.9 g extract of Shaofu Zhuyu decoction (SFZYD) was
produced.

2.3. Network Targets and Pathway Prediction of SFZYD Bioac-
tive Ingredients. Based on our previous studies [23, 24], the
ten compounds absorbed into blood were selected to pre-
dict the biological targets. The mol2 files of ten compounds
are imported into PharmMapper database (http://59.78.96
.61/pharmmapper/) to predict the targets, then the target
numbers were entered into the database (http://www.uniprot
.org/, http://bioinfo.capitalbio.com/mas3/), and the Kyoto
Encyclopedia of Genes and Genomes (KEGG) database
(http://www.genome.jp/kegg/) was used to annotate and ana-
lyze the pathway. The chemical structures of ten compounds
from SFZYD were shown in Figure 1.

2.4. Animal Handling Procedure andDrug Treatment. Female
Sprague-Dawley (SD) rats (180 ± 10 g) were purchased from
Nanjing University of Chinese Medicine (rodent license no.
SCXK 20080033). The rats were housed under standard
laboratory conditions, and food and tap water were provided
ad libitum. Experimental procedures were carried out in
accordancewith theGuide for theCare andUse of Laboratory
Animals, and before the animal experiments were carried
out, the procedures were approved by the Laboratory Animal
Center of Nanjing University of Chinese Medicine.

The experimental groups (𝑛 = 6) were as follows: (1)
normal control (NC), (2) cold- and epinephrine-induced
CCBS syndrome (CCBS), and (3) CCBS model rats with
SFZYD treatment. The model rats were put into ice water
(0∘C∼1∘C) for 5min daily for 7 days. On the 8th day,
they received two subcutaneous injections of hypodermic
epinephrine (1mg⋅kg−1) at 4-hour intervals. Simultaneously,
model rats were administered SFZYD (10.08 g kg−1; 10 times
the clinical dose for humans) via gastric irrigation once daily
for 7 days. The dose of SFZYD was chosen based on the
clinical application dosage of 45 g/day/60 kg bodyweight.The
rats in the normal control group were treated with an equal
volume of distilled water as a vehicle control.

2.5. Samples Collection and Preparation. Blood samples were
collected in heparinized tubes on the 8th day after the
injection of epinephrine. They were then anticoagulated in
natrium citricum, centrifuged at 15000×g for 10min, and
stored at −20∘C until analysis. Urine samples were collected
in 12-hour intervals every day for 10 days, then centrifuged at
15000 ×g for 10min and stored at −20∘C until analysis.

Two hundred microliters of plasma was added to 600 𝜇L
of acetonitrile, and this mixture was vortexed for 30 s and
centrifuged at 15,000×g for 10min to obtain the supernatant.
Prior to analysis, the urine samples were thawed at room
temperature and centrifuged at 15000×g for 10min. The
supernatant liquid (1mL) was added to 3mL of acetonitrile,
vortex mixed for 30 s, and centrifuged at 15000×g for 10min

to obtain the supernatant. The samples were processed and
analyzed in a random order.

The plasma and urine supernatants were removed and
evaporated to dryness in a 40∘C water bath under a gentle
stream of nitrogen.The residues were reconstituted in 200𝜇L
mobile phase of 70% acetonitrile-water solution, centrifuged
at 15000×g for 5min, and filtered through a 0.22𝜇m mem-
brane filter. The filtrates were transferred to an autosampler
vial and stored at 4∘C. A 5 𝜇L aliquot of each plasma or urine
sample was injected for LC/MS analysis. The samples were
analyzed in a random order.

2.6. Model Assessment. The hemorheology indexes, coagu-
lation function, and metabolic profiling changes were cal-
culated to evaluate the success of the CCBS syndrome
model in rats. The hemorheology indexes of whole blood
viscosity and plasma viscosity were measured according
to a previously described method [25]. The coagulation
function index, including thrombin time (TT), prothrombin
time (PT), activated partial thromboplastin time (APTT),
and fibrinogen (FIB), was determined to assess the CCBS
syndromemodel.Thrombin time (TT) was determined using
a coagulometer (Model LG-PABER-I, Steellex Co., China).
Shortly after adding the thrombin solution, the coagulometer
was started and TT was recorded. To establish the standard
curve of TT and thrombin concentration, TTwas determined
by incubating 40 𝜇L of plasma for 3min at 37∘C, and this
was followed by the addition of 40𝜇L of a thrombin solution
(different concentrations in Tris-HCl butter, pH 7.4) and
20𝜇L of solvent for 3min at 37∘C. TTwas examined using the
previously described method and converted into thrombin
concentration using the indicated regression equation. Pro-
thrombin time (PT), activated partial thromboplastin time
(APTT), and fibrinogen content (FIB) were examined with
commercial kits, following the manufacturer’s instructions
with slight modification. PT was determined by incubating
40 𝜇L of plasma solution for 3min at 37∘C, followed by
the addition of 40 𝜇L of thromboplastin agent and 20 𝜇L of
sample. APTT was determined by incubating 10 𝜇L of the
sample solution and 50 𝜇L of plasma with 50𝜇L of APTT-
activating agents for 3min at 37∘C, followed by the addition
of 50𝜇L of CaCl

2
. FIB was determined by incubating 10 𝜇L

of plasma with 90𝜇L of imidazole buffer for 3min at 37∘C,
followed by the addition of 50 𝜇L of FIB agent and 10 𝜇L of
the sample solution. 5-HT, NA, and 𝛽-EP were determined
according to the methods of ELISA kits described.

2.7. UPLC-QTOF/MS and UPLC-QqQ/MS Analysis. Chro-
matography was performed on an AcQuity UHPLC system
(Waters Corp., Milford, MA, USA) with a conditioned
autosampler at 4∘C. The separation was carried out on
an AcQuity UHPLC BEH C

18
column (50mm × 2.1mm

i.d., 1.7 𝜇m; Waters Corp., Milford, MA, USA), which was
maintained at 35∘C. The mobile phase consisted of 0.1%
formic acid (HOOCH) in water as solvent A and acetonitrile
(ACN) as solvent B. The gradient conditions of the mobile
phase were as follows: 0∼4min, A: 98%∼85%; 4∼9min, A:
85%∼70%; 9∼12min, A: 70%∼65%; 12∼15min, A: 65%; 15∼
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Figure 1: The chemical structures of the ten target compounds ((1) ferulic acid; (2) caffeic acid; (3) protocatechuic acid; (4) vanillic acid; (5)
quercetin; (6) isorhamnetin; (7) typhaneoside; (8) paeoniflorin; (9) tetrahydropalmatine; (10) senkyunolide I).

18min, A: 65%∼50%; 18∼21min, 50%∼25%; 21∼22min, 25%∼
20%; 22∼26min, 20%∼5%; 26∼28min, 5%; and 29∼31min,
98%.The flow rate was 0.40mL min−1, and the sample injec-
tion volume was 2 𝜇L.

Mass spectrometric detection was carried out on an
AcQuity Synapt mass spectrometer equipped with an elec-
trospray ionization (ESI) interface (Waters, Milford, MA,
USA). The ESI source was operated in negative and positive
ionization modes. The ionization source conditions were as
follows: capillary voltage of 3.0 kV, source temperature of
120∘C, and desolvation temperature of 350∘C. The sampling
cone voltage was set to 30V, the extraction cone voltage was

2.0V (for plasma sample) or 0.7 V (for urine sample), the
trap collision energy was 6.0V, the transfer collision energy
was 4.0V, the trap gas flow was 1.50mL min−1, and the ion
energy was 1.0 V. Nitrogen and argon were used as cone and
collision gases, respectively. The cone and desolvation gas
flow were 50 and 600 L h−1, respectively. The scan time was
0.5 s (for plasma sample) or 0.2 s (for urine sample), and
an interval scan time of 0.02 s was used throughout, with a
collision energy of 6 eV. The mass spectrometric data were
collected from m/z 100 to 1000 in centroid mode. Leucine-
enkephalinwas used as the lockmass, generating an [M+H]+
ion (m/z 556.2771) and an [M−H]− ion (m/z 554.2615) at a
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concentration of 200 pgmL−1 and a flow rate of 100 𝜇Lmin−1.
Dynamic range enhancementwas applied throughout theMS
experiment to ensure that accurate mass measurements were
obtained over a wider dynamic range.

2.8. Metabolomic Data Processing and Multivariate Analysis.
UPLC/MS data were detected and noise-reduced in both the
UPLC and MS domains such that only true analytical peaks
were selected for further processing by the software. A list of
the peak intensities detected was then generated for the first
chromatogram using the Rt-m/z data pairs as identifiers. The
resulting normalized peak intensities form a single matrix,
with Rt-m/z pairs for each file in the dataset. All processed
data from each chromatogram were normalized and Pareto-
scaled prior to the multivariate statistical analysis.

All data from the plasma and urine samples were pro-
cessed using the MarkerLynx application manager for Mass-
Lynx 4.1 and MarkerLynx software (Waters Corp., Milford,
USA). The intensity of each ion was normalized with respect
to the total ion count to generate a data matrix consisting of
the retention time,m/z value, and normalized peak area. The
multivariate data matrix was analyzed using EZ info software
(Waters Corp., Milford, USA). Unsupervised segregation
was examined with a principal component analysis (PCA)
using Pareto-scaled data. A partial least squared discriminant
analysis (PLS-DA) and an orthogonal partial least-squared
discriminant analysis (OPLS-DA) were used to identify the
various metabolites responsible for the separation between
the model and normal groups. Potential biomarkers of
interest were extracted from the S-plots that were constructed
following the OPLS-DA analysis, and the biomarkers were
chosen based on their contribution to the variation and
correlation within the dataset.

An internal 5-fold cross-validationwas carried out to esti-
mate the performance of the PLS-DAmodels. The calculated
𝑅
2
𝑌
(cum) estimates howwell themodel represents the fraction

of explained Y-variation, and 𝑄2
(cum) estimates the predictive

ability of the model. Models are considered excellent when
the cumulative values of 𝑅2𝑌 and 𝑄2 are greater than 0.8. In
addition to cross-validation, 200 permutation tests were also
performed to validate the model. The variable importance
in the projection (VIP) value is a weighted sum of squares
of the PLS weights that reflects the relative contribution of
each X variable to the model. The variables with VIP >
1 were considered to be influential for sample separation
in the score plots generated from PLS-DA analysis [26].
Ultimately, different metabolic features associated with the
model group and the SFZYD treatment group were obtained
based on cutoff points of both VIP values from a 5-fold
cross-validated PLS-DA model and critical 𝑃 values from
a univariate analysis. In addition, the corresponding fold
change was calculated to show the degree of variation in
metabolite levels between groups.

2.9. Biomarker Identification and Construction of the Metabo-
lic Pathway. The identities of the potential biomarkers were

confirmed by comparing their mass spectra and chromato-
graphic retention times with the available reference stan-
dards and a full spectral library containing MS/MS data
obtained in the positive and/or negative ion modes. The
Mass Fragment application manager (Waters MassLynx v4.1,
Waters Corp., Milford, USA) was used to facilitate the MS/
MS fragment ion analysis through the use of chemi-
cally intelligent peak-matching algorithms. This informa-
tion was then used to search multiple databases, either in-
house or using online data sources, including ChemSpider
database (http://www.chemspider.com), Mass Bank (http://
www.massbank.jp/), PubChem (http://ncbi.nlm.nih.gov/),
and MetFrag (http://msbi.ipb-halle.de/MetFrag/).

To identify the affected metabolic pathways, a construct-
ion, interaction, and pathway analysis of potential biomark-
ers was performed using MetPA (http://metpa.metabolomics
.ca./MetPA/faces/Home.jsp) based on several database
sources, including the KEGG (http://www.genome.jp/kegg/),
Human Metabolome Database (http://www.hmdb.ca/),
SMPD (http://www.smpdb.ca/), and METLIN (http://metlin
.scripps.edu/). Potential biological roles were evaluated by an
enrichment analysis using MetaboAnalyst.

2.10. Statistical Analysis. All quantitative data analyses were
performed using the SPSS 11.5 software package for Win-
dows. Significance was determined using one-way analyses of
variance (ANOVAs), followed by Student’s t-test. The results
were expressed as the mean ±SD. P values less than 0.05 were
considered significant.

3. Results and Discussion

3.1. Potential Targets and Pathway Analysis. The 10 com-
pounds that confirmed the absorption into the blood were
imported into the database of PharmMapper to analyze
the reverse docking. The results showed that 23 important
potential protein targets were found, and these targets were
put into the KEGG pathway annotation, the 15 pathways were
discovered. Among these pathways there were 8 pathways
related to inflammation and immunological stress. They are
arachidonic acid metabolism, MAPK, adherens junction,
focal adhesion, Fc epsilon RI, VEGF, B cell receptor signal-
ing pathway, and T-cell receptor signaling pathway, respec-
tively. The pathways associated with hormone metabolism
are including androgen and estrogen metabolism, GnRH
signaling pathway, and ErbB signaling pathway. Figure 2
showed the relationships between the ingredients, targets,
and pathways.

3.2. Changes in Blood Indexes and Model Evaluation. Blood
viscosity is themeasure of how thin or thick the blood fluid is,
and it reflects the blood flow and blood flow resistance.When
blood is thick, blood flow is sluggish and there is an increased
resistance, which tends to hinder normal energy metabolism
and can lead to functional disorders in organs and tissues. In
this experiment, whole blood viscosity and plasma viscosity
indexes were determined for CCBS model rats. The whole
blood viscosity (at high and low shear rates of 200 s−1, 30 s−1,
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Figure 2: The relationships between the ingredients, targets, and pathways based on network biology.

5 s−1, and 1 s−1) and plasma viscosity inmodel rat plasmawere
significantly increased (𝑃 < 0.05 or 0.01) (Table 1), which
suggests that the blood of these CCBS syndrome rats is in a
viscous or stasis state. SFZYD significantly regulated whole
blood viscosity at low shear rates (5 s−1 and 1 s−1) in model
rats (𝑃 < 0.05) at 5.04 and 10.08 g kg−1 doses, respectively.
At a dose of 10.08 g kg−1, SFZYD also significantly decreased
whole blood viscosity at high shear rates (30 s−1 and 200 s−1)
and plasma viscosity (𝑃 < 0.05 or 𝑃 < 0.01).

Coagulation is one important index for evaluating the
state of blood stasis syndrome. The coagulation pathway
comprises the complex interaction of many elements of
the endothelium, coagulation factors, and platelets. Among
these, thrombin plays a pivotal role in blood stasis syndrome.
Thrombin acts as a multifunctional serine protease that is
generated in response to vascular injury, and it catalyzes the
proteolytic cleavage of the soluble plasma-protein fibrinogen
to form insoluble fibrin, leading to clot formation.Thrombin

also serves as a potent platelet agonist and amplifies its own
generation via feedback activation of several steps in the
coagulation cascade.

The PT and APTT assays were developed based on
theories and the specific need for testing, without complete
knowledge of all the proteins involved in coagulation. Our
data showed that in model rats, the TT, PT, APTT, and FIB
were remarkably decreased compared with those of normal
rats. Furthermore, SFZYDprolonged TT and PT significantly
(𝑃 < 0.05) in the model group (Table 2). At a dosage of
10.08 g kg−1, SFZYD also showed activity toward APTT.

The determined data of 5-HT, NA, and 𝛽-EP were listed
in Table 3. The results showed that the contents of 5-HT and
NA in both brain tissue and plasma and of 𝛽-EP in plasma
significantly increased in model rat (𝑃 < 0.05), while the
content of 𝛽-EP in brain tissue was decreased in model rat
(𝑃 < 0.05). After SFZYD treatment, the abnormal state was
regulated remarkably (𝑃 < 0.05 or 𝑃 < 0.01).
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Table 1: Changes in the whole blood and plasma shear viscosity of model rats and SFZYD-treated rats (𝑛 = 6, 𝑥 ± 𝑠).

Whole blood viscosity (𝜂b/mPa⋅s) plasma viscosity (𝜂b/mPa⋅s)
200 (s−1) 30 (s−1) 5 (s−1) 1 (s−1)

Normal group 4.01 ± 0.13 4.95 ± 0.17 7.58 ± 0.46 14.85 ± 1.54 2.45 ± 0.16

Model group 4.24 ± 0.10
Δ
5.46 ± 0.19

ΔΔ
8.99 ± 0.59

ΔΔ
19.19 ± 2.01

ΔΔ
3.08 ± 0.60

Δ

SFZYD group (5.4 g kg−1) 4.15 ± 0.18 5.20 ± 0.23 8.19 ± 0.49
∗

16.61 ± 1.48
∗∗

2.84 ± 0.32

SFZYD group (10.8 g kg−1) 4.00 ± 0.11
∗

5.10 ± 0.18
∗

7.89 ± 0.53
∗∗

15.86 ± 1.63
∗∗

2.67 ± 0.21
∗

Δ
𝑃 < 0.05, ΔΔ𝑃 < 0.01 normal group versus model group; ∗𝑃 < 0.05model group versus SFZYD group.

Table 2: Changes in the plasma coagulation function of model rats and SFZYD-treated rats (𝑛 = 6 , 𝑥 ± 𝑠).

TT (s) PT (s) APTT (s) FIB (g/L)
Normal group 31.5 ± 3.9 20.0 ± 2.3 47.2 ± 4.7 26.9 ± 1.8

Model group 22.7 ± 2.0
ΔΔ

14.4 ± 1.7
Δ

34.8 ± 3.1
Δ

18.4 ± 2.9
ΔΔ

SFZYD group (5.4 g kg−1) 28.2 ± 2.3
∗

19.9 ± 1.9
∗

36.6 ± 3.6 20.9 ± 2.3

SFZYD group (10.8 g kg−1) 30.9 ± 3.3
∗∗

20.9 ± 1.2
∗∗

38.9 ± 2.8
∗

21.4 ± 2.5

Δ
𝑃 < 0.05, ΔΔ𝑃 < 0.01 normal group versus model group; ∗𝑃 < 0.05model group versus SFZYD group.

Moreover, we evaluated themodel by analyzingmetabolic
profiling changes based on urine metabolomic data. The
base peak intensity (BPI) chromatograms of the urine
samples collected in positive ion mode during the eight
days of animal model preparation are shown in (see
Figure S1 Supplementary Material available online at
http://dx.doi.org/10.1155/2013/901943). The results revealed
that during the first three days of animal model preparation,
there was no obvious departure of urine metabolic profiling,
as determined by PCA, while pronounced changes were
observed after 5 and 7 days of preparation, especially on the
eighth day after the injection of hypodermic epinephrine,
when there was a remarkable change in the metabolic profile
(see Figure S2).

3.3. Metabolic Profiling Analysis. Typical base peak intensity
(BPI) chromatograms in positive and negative ion modes of
plasma and urine samples collected from normal and model
rats are shown in Figure S3. The unsupervised PCA model
was used to separate the plasma and urine samples into
two blocks, respectively, between the normal group and the
model group in positive andnegative ionmodes (Figures 3(a),
3(b), 3(c), 3(d), 4(a), 4(b), 4(c), and 4(d)). The supervised
OPLS-DA, which could improve biomarker discovery and
separate the samples into two blocks, was applied to obtain
better discrimination between the two groups.TheOPLS-DA
score plot analysis of the chromatographic data identified the
plasma and urine samples of the normal group and themodel
group based on the differences in their metabolic profiles,
which suggested that themetabolic profiles were significantly
changed as a result of CCBS syndrome (Figures 5(a), 5(b),
5(c), and 5(d)).The recognition of a different pattern indicates
that the endogenous metabolites have changed in CCBS
syndrome model rats.

OPLS-DA distinguished normal rat and model rat
cohorts with 100% sensitivity and no less than 95% specificity
using a leave-one-out algorithm. The R2Y of this PLS-DA

model was 0.926 and 0.917 (plasma samples) and 0.947
and 0.922 (urine samples) in the positive and negative ion
modes, respectively. The 𝑄2 of the model was 0.849 and
0.853 (plasma samples) and 0.823 and 0.837 (urine samples),
respectively.These results indicate that the OPLS-DAmodels
were reliable.

3.4. Metabolites Identification. The ions furthest away from
the origin contribute significantly to the clustering of the two
groups, and theymay be regarded as the potential biomarkers
in model rats. Q-TOF was used to determine the precise
molecular mass of these compounds within measurement
errors (<5 ppm).Thepotential elemental composition, degree
of unsaturation, and fractional isotope abundance of the
compounds were obtained. The presumed molecular mass
was searched in the METLIN database, Chemspider, Human
Metabolome Database, and other databases to identify the
possible chemical constitutions, and MS/MS data were used
to determine the possible structures of these ions.

Potential markers were extracted from S-plots and con-
structed following the OPLS analysis. Then, markers were
chosen on the basis of their contribution to the variation and
correlationwithin the data set. In the plasma, ten endogenous
metabolites that contributed to the separation of the model
rats and the normal rats were identified by comparing their
molecular ion information and the corresponding fragments
of product ions with authentic standards (Table 4). To illus-
trate the identification of metabolites, we will describe the
ion at 𝑡

𝑅
= 15.97min (m/z 496.3450) as an example. This

ion may contain an odd number of nitrogen atoms because
its precise molecular weight is 496.3383, and its molecular
formula was speculated to be C

24
H
50
NO
7
P, based on the

analysis of its elemental composition and fractional isotope
abundance. In the positive ion spectrum, the main fragment
ions that were analyzed via MS/MS screening were observed
at m/z 478.3290, 419.2279, 313.1615, 184.0786, 125.9252, and
104.1071, which could be the [M+H]+ due to the loss of –H

2
O,
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Table 3: The contents of 5-HT, NA, and 𝛽-EP in plasma and brain tissue of model rats and treatment group (𝑛 = 6, 𝑥 ± 𝑠).

5-HT (ng/mL) NA (ng/mL) 𝛽-EP (ng/mL)
Brain tissue Plasma Brain tissue Plasma Brain tissue Plasma

Normal group 144.39 ± 30.36 467.71 ± 86.01 3.92 ± 0.72 15.23 ± 2.66 0.28 ± 0.10 2.57 ± 0.45

Model group 259.38 ± 74.48
#

549.9 ± 90.1
#

4.8 ± 1.3
#

18.5 ± 1.9
#
0.15 ± 0.08

#
3.47 ± 1.68

#

SFZYD group (5.4 g kg−1) 183.49 ± 89.99
∗
492.79 ± 72.14

∗
4.33 ± 1.46 16.95 ± 5.11

∗
0.24 ± 0.09

∗
2.38 ± 1.42

∗

SFZYD group (10.8 g kg−1) 153.56 ± 76.32∗∗ 458.24 ± 81.56
∗∗
3.85 ± 1.45

∗
15.87 ± 4.36

∗∗
0.34 ± 0.12

∗
2.56 ± 1.89

∗

5-HT: 5-hydroxytryptamine; NA: Noradrenaline; 𝛽-EP: 𝛽-endorphin. Data were expressed as Mean ± SEM. Means between the normal group, model group,
low-dose SFZYD-treated group, and high-dose SFZYD-treated group. Significant differences when compared with the model group ∗𝑃 < 0.05, ∗∗𝑃 < 0.01
and compared with the normal group #

𝑃 < 0.05.
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Figure 3: PLS-DAmodel results for samples obtained from the plasma of the normal andmodel groups and analyzed in positive and negative
ion modes (ES+: (a) 2-D plot; (b) 3-D plot; ES−: (c) 2-D plot; (d) 3-D plot).
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–C
20
H
42
NO
4
P, respectively. Finally, to define its structure,

we searched the HMDB database, and the metabolite was
tentatively identified as lysophosphatidylcholine (16 : 0) [LPC
(16 : 0)].

Comparedwith normal rats, fourmetabolites were upreg-
ulated (𝑃 < 0.05) in CCBS syndromemodel rats, including 5-
dehydro-4-deoxy-D-glucarate, 5𝛼-tetrahydrocorticosterone,
PC (13 : 0/0 : 0), and 17-phenyl trinor PGF

2𝛼
methyl ester.

Alternatively, six metabolites were significantly downregu-
lated (𝑃 < 0.05) in CCBS syndrome model rats, including
LysoPC (22 : 5 (7Z,10Z,13Z,16Z,19Z)), LysoPC (17 : 0), PC
(0 : 0/18 : 0), LysoPC (18 : 2(9Z,12Z)), LysoPC (16 : 0), and
LysoPC (22 : 6 (4Z, 7Z, 10Z, 13Z, 16Z, 19Z)) (Table 4).

In urine samples, the significant variables that were
identified in positive and negative ion modes are summa-
rized in Table 5. Ten endogenous metabolites were tent-
atively identified using the methods described above. The
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Figure 4: PLS-DA model results for the samples obtained from the urine of the normal and model groups and analyzed in positive and
negative ion modes (ES+: (a) 2-D plot; (b) 3-D plot; ES−: (c) 2-D plot; (d) 3-D plot).

metabolites of cholic acid, 3-methoxy-4-hydroxyphenylgly-
col sulfate, 5-dehydro-4-deoxy-D-glucarate, 5𝛼-tetrahydr-
ocortisol, and 13,14-dihydro PGF

2𝛼
were significantly upregu-

lated (𝑃 < 0.05) in CCBS syndrome model rats, whereas
the metabolites of 2-phenylethanol glucuronide, hippuric
acid, 6-hydroxy-5-methoxyindole glucuronide, 2,8-dihydro-
xyquinoline-beta-D-glucuronide, and normeperidinic acid
glucuronide were significantly downregulated (𝑃 < 0.05).
The fact that different metabolites were altered in the plasma
and urine may denote the potential of these metabolites as
targeted biomarkers that can be used to differentiate between
the CCBS syndrome and normal states.

3.5. Metabolic Pathway and Function Analysis. Metabolite
profiling is the analysis of a group of metabolites that are
related to a specific metabolic pathway in biological states.
More detailed analyses of the most relevant pathways and

networks for CCBS were performed using Metaboanalyst,
which is a free, web-based tool that combines the results of
powerful pathway enrichment analysis with the conditions
of the study. Metaboanalyst and directed graph use the
high-quality KEGG (http://www.genome.jp/kegg/) pathway
database as the backend knowledgebase. Consequently, the
identification of potential targets using a metabolic path-
way analysis (impact value ⩾ 0.10) with Metaboanalyst
revealed that metabolites that were identified together are
important for the host response to CCBS, and they are
responsible for pentose and glucuronate interconversions
and glycerophospholipid metabolism (see Figure S4). Dis-
tinct metabolic pathway analyses (impact value ⩾ 0.10) were
performed to identify pathways related to CCBS.

3.6. Therapeutic Effects of SFZYD. To more clearly
characterize the effects of SFZYD on CCBS model rats,
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Figure 5: S-plot of the OPLS-DA model for the plasma and urine samples from the normal versus model groups (plasma: (a) ES+ mode; (b)
ESI− mode; urine: (c) ES+ mode; and (d) ES− mode).

Table 4: Identification of differentially expressed metabolites in the plasma that may account for the discrimination between normal and
model rats.

No. Metabolites Formula Obsd. [M + H]+/[M −H]− (𝑚/𝑧) Content variancec FCd
𝑃
e value

1 LysoPC (22:5 (7Z, 10Z, 13Z, 16Z, 19Z)) C30H52NO7P 568.3436a ↓ −2.33 0.018
2 5-Dehydro-4-deoxy-D-glucarate C6H8O7 191.0197a ↑ 2.56 0.022
3 LysoPC (17:0) C25H52NO7P 508.3403a ↓ −1.42 0.030
4 5𝛼-Tetrahydrocorticosterone C21H34O4 349.2378a ↑ 2.56 0.035
5 PC (13:0/0:0) C21H44NO7P 452.2774a ↑ 1.25 0.021
6 17-phenyl trinor PGF2𝛼methyl ester C24H34O5 404.2438b ↑ 2.01 0.017
7 PC (0:0/18:0) C26H54NO7P 524.3720b ↓ −1.35 0.042
8 LysoPC (18:2 (9Z, 12Z)) C26H50NO7P 520.3424b ↓ −1.56 0.030
9 LysoPC (16:0) C24H50NO7P 496.3450b ↓ −1.78 0.016
10 LysoPC (22:6 (4Z, 7Z, 10Z, 13Z, 16Z, 19Z)) C30H50NO7P 568.3421b ↓ −2.60 0.026
aObserved at ES− mode [M −H]−; bobserved at ES+ mode [M + H]+.
c
↑: content increased; ↓: content decreased.

dFold change was calculated as the ratio of the mean metabolite levels between two groups. A positive value of fold change indicates a relatively higher
concentration of metabolites, while a negative value of fold change indicates a relatively lower concentration of metabolites in model rats as compared to
normal rats.
e
𝑃 values were calculated from two-tailed Mann-Whitney𝑈 test with a threshold of 0.05.
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Figure 6: PLS-DAmodel results and loadings plots for the plasma and urine samples obtained from the normal, model, and treatment groups
and analyzed in positive ion mode (Plasma: (a) 2-D plot and (b) 3-D plot; Urine: (c) 2-D plot and (d) 3-D plot).

Table 5: Identification of differentially expressedmetabolites in the urine thatmay account for the discrimination between normal andmodel
rats.

No. Metabolites Formula Obsd. [M + H]+/[M −H]− (𝑚/𝑧) Content variancec FCd
𝑃
e value

1 Cholic acid C24H40O5 407.2804a ↑ 1.56 0.035
2 2-Phenylethanol glucuronide C14H18O7 297.0954a ↓ −1.69 0.026
3 Hippuric acid C9H9NO3 178.0491a ↓ −1.81 0.040
4 3-Methoxy-4-hydroxyphenylglycol sulfate C9H12O7S 263.0221c ↑ 2.53 0.025
5 5-Dehydro-4-deoxy-D-glucarate C6H8O7 191.0168a ↑ 2.40 0.016
6 5𝛼-Tetrahydrocortisol C21H34O5 365.2316a ↑ 3.70 0.023
7 6-Hydroxy-5-methoxyindole glucuronide C15H17NO8 340.1016b ↓ −3.79 0.012
8 2,8-Dihydroxyquinoline-beta-D-glucuronide C15H15NO8 338.0847b ↓ −2.42 0.028
9 Normeperidinic acid glucuronide C18H23NO8 382.1497b ↓ −3.21 0.037
10 13,14-dihydro PGF2𝛼 C20H36O5 357.2724b ↑ 2.01 0.028
aObserved at ES− mode [M −H]−; bobserved at ES+ mode [M + H]+.
c
↑: content increased; ↓: content decreased.

dFold change was calculated as the ratio of the mean metabolite levels between two groups. A positive value of fold change indicates a relatively higher
concentration of metabolites while a negative value of fold change indicates a relatively lower concentration of metabolites inmodel rats as compared to normal
rats.
e
𝑃 values were calculated from two-tailed Mann-Whitney𝑈 test with a threshold of 0.05.
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Figure 7: Urine metabolic profile changes after days 0, 1, 3, 5, 7, 8, and 10 of SFZYD treatment, as analyzed in positive and negative ion modes
((a) ES+ mode; (b) ES− mode) [23].
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Figure 8: Changes in the relative quantities of targeted metabolites in the plasma and urine, identified in different groups. A two-tailed,
parametric t-test was used to determine the significance of the changes for each metabolite, in relative quantities. Bars represent the mean
relative metabolite concentration and standard deviations. ∗𝑃 < 0.05.

a PCA analysis was carried out to determine the changes
before and after SFZYD treatment. The results revealed
variations between the plasma and urine metabolic profiles
of the model group, normal group, and SFZYD group
(Figures 6(a), 6(b), 6(c), and 6(d)). To better understand
the time-dependent effect of SFZYD, a PCA model was
constructed to analyze all the data acquired from the normal
group, predose group and treatment group at days 1, 3, 5,
7, and 10 in both positive and negative ion modes (Figures
7(a) and 7(b)). The spot observed in the treatment group
at days 1–5 is close to that of the model group, indicating
that the cold coagulation and blood stasis syndrome state
is dominant. The spots observed in the treatment group at
day 7 clustered near the center of the plot with a shift back
toward the normal group, which might be an indication

of the accumulated effect of SFZYD. The spot observed in
the treatment group at days 8 and 10 ultimately approached
the normal state, suggesting that SFZYD treatment had a
positive therapeutic effect on the rats. Furthermore, the
relative concentrations of 6 endogenous metabolites in the
plasma and 5 endogenous metabolites in the urine were
significantly affected by SFZYD (𝑃 < 0.05). All of these
metabolites returned to normal levels after SFZYD treatment
(Figures 8(a) and 8(b)). Thus, the efficient regulation of these
potential biomarkers may account for the effects of SFZYD
in model rats.

The prediction and identification of molecular mark-
ers (targets) and metabolic pathways have the potential to
improve the diagnosis, prognosis, and therapy for ZHENG
or diseases [27–30]. We utilized reverse docking method to
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predict the biology targets and pathway annotation. Fur-
thermore a metabolomic approach to analyze the changes
in the plasma and urine samples of CCBS syndrome model
rats, normal rats, and SFZYD-treated rats was applied. We
identified 20 endogenous metabolites (10 in the plasma and
10 in the urine) that were upregulated or downregulated (𝑃 <
0.05 or 0.01) inCCBS syndrome, including LysoPCs and glu-
curonide metabolites. Furthermore, 11 potential biomarkers
(6 metabolites in the plasma and 5 metabolites the in urine)
were regulated by SFZYD.

Studies using targeted metabolite analyses have already
shown that alterations in critical CCBS syndrome metabolic
pathways, such as glycerophospholipid metabolism (impact
value 0.24) and pentose and glucuronate interconversions
(impact value 0.27), are strongly associated with the devel-
opment of CCBS syndrome. Phospholipid metabolism and
glycometabolism were disturbed in the plasma and urine of
CCBS rats, respectively. In urine, the levels of the metabo-
lites of 2-phenylethanol glucuronide, hippuric acid, and
normeperidinic acid glucuronide, which are all related to
glycometabolism, were significantly decreased in model rats.
The low level of glucuronide metabolites implies that energy
metabolism decreased and the energy metabolism pathway
increased, resulting in abnormal pentose and glucuronate
interconversions. Previous studies have also reported that
cold exposure increased energy expenditure by activating
specific sympathetic pathways [31]. These results agreed well
with the SFZYD bioactive ingredients prediction of network
targets related to inflammation and immunological stress,
hormone metabolism, glycometabolism, and coagulation
cascade system.

Ephedrine is known to raise blood pressure, heart rate,
and energy expenditure and to increase the levels of mul-
tiple circulating metabolites, including glucose, insulin, and
thyroid hormones [31]. In this paper, cold and ephedrine
mutually induced CCBS syndrome in model rats, and the
level of phosphatidylcholine in the plasma decreased. Among
the potential markers, 5𝛼-tetrahydrocorticosterone and 17-
phenyl trinor PGF2𝛼 methyl ester levels increased in the
plasma of the model rats. 5𝛼-Tetrahydrocorticosterone is
a corticosteroid hormone, and the hypothalamic-pituitary-
adrenal axis was activated in the CCBS model rats induced
with cold and epinephrine. The excretion of corticotropin-
releasing factor (CRF) by the hypothalamus and pituitarium
leads to the release of adrenocorticotropic hormone, which
acts on the adrenal cortex to promote the secretion of
corticosteroid hormones [32]. Therefore, the combination
of cold and ephedrine could change the metabolism of
hormones in CCBS syndrome model rats. Moreover, the
levels of LysoPC metabolites were decreased in the plasma of
model rats.

It was reported that primary dysmenorrhea patients with
CCBS syndrome have high levels of prostaglandin growth
factor 2 (PGF2) in their menstrual fluid [33], and PGF2
stimulates myometrial contractions and ischemia and sen-
sitizes nerve endings. In this paper, CCBS syndrome model
rats had high levels of 17-phenyl trinor PGF

2𝛼
methyl ester,

and phospholipid metabolism was disturbed, likely due to
the inflammatory response. Future research will focus on

the discovery of additional biomarkers using metabolomics
platforms and the validation of explorative biomarkers.

In addition, 11 specific metabolites regulated by SFZYD
were identified, including 5𝛼-tetrahydrocortisol, 5-dehydro-
4-deoxy-D-glucarate, 2-phenylethanol glucuronide, hippuric
acid, and normeperidinic acid glucuronide in the urine
and 5𝛼-tetrahydrocorticosterone, PC (0 : 0/18 : 0), 17-phenyl
trinor PGF

2𝛼
methyl ester, LysoPC (22 : 6(4Z, 7Z, 10Z, 13Z,

16Z, 19Z)), LysoPC (17 : 0), and LysoPC (22 : 6 (4Z, 7Z, 10Z,
13Z, 16Z, 19Z)) in the plasma. These biomarkers suggest that
the pathogenesis of CCBS syndrome is closely related to
glycometabolism and phospholipid metabolism. Based on
these findings, further studies would be performed to validate
the predicted targets and the changed metabolites and to
elucidate the mechanisms underlying these alterations.

Our results also showed that SFZYD improved the status
of hemorheology and blood viscosity, and it regulated the
coagulation function of TT and APTT. These data imply
that the state of CCBS syndrome is closely associated
with blood coagulation function. This research also verified
that ephedrine-induced platelet aggregation, gluconeogene-
sis, ischemia, and Ca2+ influx in vascular endothelial cells
are mediated by CNGA2 channels [34–37]. So, the systems
biology and network targets prediction are one of the most
important trends for the development of traditional Chinese
medicine [38–40].

4. Conclusions

In summary, the reverse dockingmethod andmetabolomics-
based study provide a powerful approach to evaluate the
effects of Chinese herbs and discover potential biomarkers
(targets) via the prediction of biological targets and analysis
of global changes in an individual’s metabolic profile. Here,
for the first time, we performed a comprehensive analysis of
the network targets, pathways induced by SFZYD bioactive
ingredients, and metabolic patterns of CCBS syndrome. Our
findings suggest that the proposed approach would be helpful
for establishing a suitablemodel to reasonably evaluate CCBS
syndrome, explore its pathological mechanisms, and clarify
the mechanisms of action of SFZYD.
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Many traditional Chinese medicine (TCM) formulae have been used in cancer therapy. The JIN formula is an ancient herbal
formula recorded in the classic TCM book Jin Kui Yao Lue (Golden Chamber). The JIN formula significantly delayed the growth
of subcutaneous human H460 xenografted tumors in vivo compared with the growth of mock controls. Gene array analysis of
signal transduction in cancer showed that the JIN formula acted on multiple targets such as the mitogen-activated protein kinase,
hedgehog, and Wnt signaling pathways. The coformula treatment of JIN and diamminedichloroplatinum (DDP) affected the
stress/heat shock pathway. Proteomic analysis showed 36 and 84 differentially expressed proteins between the mock and DDP
groups and between the mock and JIN groups, respectively. GoMiner analysis revealed that the differentially expressed proteins
between the JIN andmock groups were enriched during cellular metabolic processes, and so forth.The ones between the DDP and
mock groups were enriched during protein-DNA complex assembly, and so forth. Most downregulated proteins in the JIN group
were heat shock proteins (HSPs) such as HSP90AA1 and HSPA1B, which could be used as markers to monitor responses to the JIN
formula therapy. The mechanism of action of the JIN formula on HSP proteins warrants further investigation.

1. Introduction

Nonsmall cell lung cancer is a major cause of cancer-related
mortality worldwide and is highly resistant to treatment by
classical cytotoxic agents including platinum-based drugs.
Traditional Chinese medicine (TCM) aims to correct malad-
justments and restore the self-regulatory ability of the body
without antagonizing specific pathogenic targets. TCM has
been used to treat human diseases and has a long history of
safety and efficacy. The approaches used in systems biology
and pharmacogenetics are similar to the practices of TCM
[1]. The JIN formula is an ancient herbal formula recorded in
the classical TCM book Jin Kui Yao Lue (Golden Chamber).
This formula is composed of Ophiopogon japonicus (30 g),

prepared Rhizoma pinelliae (15 g), Ginseng radix (30 g), Gly-
cyrrhiza radix (12 g), peach kernel (15 g), unprepared Coix
lacryma-jobi seeds (30 g), Chinese wax gourd seed (30 g), and
Phragmititis caulis (30 g). TCM theory indicates that lung
cancer is related to Qi and Yin deficiencies, Qi insufficiency
in the spleen and lungs, or pathological changes because of Qi
stagnation, blood stasis, and phlegm and toxin accumulation.
The JIN formula can replenish both Qi and Yin, strengthen
the spleen and lungs, and clear the lungs.The JIN formula can
also remove phlegm and activate blood circulation to remove
stasis. This study focuses on the efficacy of the JIN formula
in vivo in a murine xenograft lung cancer model. This study
explains the underlying mechanism of the JIN formula by
microarray and proteomic analysis.
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2. Materials and Methods

2.1. Cell Line and Culture Conditions. Human lung carci-
noma (NCI-H460) cells were obtained from the Cell Line
Bank (Shanghai, China) and used in the described exper-
iments. The cell line was cultured in Dulbecco’s modified
Eagle’s medium (Gibco, USA) with 10% fetal bovine serum,
100U/mL penicillin, and 100mg/mL streptomycin in a cell
culture incubator at 37∘C under 5% CO

2.
The cells were used

within 2 passages to 4 passages at the log phase of growth.
Aliquots of the cell line were frozen at −80∘C until use.

2.2. Experimental Animals. Balb/c athymic (nude) mice
(male, 6 wk to 8wk, 𝑛 = 30) weighing 21 g to 25 g were
purchased from the Animal Center of the Academy of
Military Medical Sciences (Beijing, China). The mice were
housed under specific pathogen-free conditions according
to the guidelines of the Institutional Animal Care and Use
Committee of Nanjing University of Chinese Medicine. The
animal room was controlled for temperature (22 ± 2∘C),
light (12 h light/dark cycle), and humidity (50 ± 10%). All
laboratory feed pellets and bedding were autoclaved.

2.3. Xenograft Model. The tumor regression model was
successfully applied in nude mice to evaluate antitumor
activity. This model was used to evaluate the suppression
of solid tumor growth by the JIN formula. A total of 1
× 107 NCI-H460 cells in 0.2mL of culture medium were
injected subcutaneously into the flank of each mouse by
using a 26 ga needle. After 7 d of observation, a solid tumor
mass was excised from the mice inoculated with NCI-H460
cells. When the tumor volume in the nude mice reached
approximately 50mm3, the xenografted tumor models were
randomly distributed into four groups: NCI-H460 + saline
(mock group), NCI-H460 + 12mg/mL/d JIN formula (JIN
group), NCI-H460 + 20𝜇g/mL/d diamminedichloroplat-
inum (DDP) (DDP group), NCI-H460 + JIN formula + DDP
(coformulated group, same dosage as in other groups), and
saline (control group, without tumor). Sixmicewere included
in each group. The JIN formula was orally administered
daily for 15 d, and DDP was injected abdominally for 15 d. A
groupwith no tumorwas administrated orallywith saline and
served as a control group.

2.4. Antitumor Activity In Vivo. All animals were monitored
for activity, physical condition, body weight, and tumor
growth. The body weight of each animal was measured once
every 3 d. The longest (𝐴) and shortest (𝐵) tumor diameters
(mm) were obtained, and the formula for an ellipsoid sphere
(0.52 ×𝐴×𝐵2) was used to calculate the tumor volume every
2 d. The tumor weights were also measured on the basis of
the tumor regression on the final day of the experiment after
the animals were sacrificed. The antitumor activities of the
treatments were expressed as follows: inhibition rate (%) =
(𝑊mock−𝑊treatment)/𝑊model×100%,where𝑊mock and𝑊treatment
are the tumor weights of the mock and treatment groups,
respectively. The xenografted tumors and other vital organs

of the mice were harvested, fixed in 4% formalin, embedded
in paraffin, and cut in 4mm sections for histological study.

2.5. Preparation of Total RNA. Total RNA from the xenograft-
ed tumor was isolated with TRIZOL reagent (Invitrogen Life
Technologies). We pooled an equal amount of cancer tissues
from six individual mouse xenografts in each group (JIN,
DPP, JIN +DDP, and themock groups) to save cost.The RNA
was eluted in RNase-free water, and the integrity was verified
by electrophoresis on 1.2% agarose gel and visualized with
ethidiumbromide staining.The concentrationwas quantified
by ultraviolet absorptionwith a nanodrop spectrophotometer
(BioLab Ltd.).

2.6. Expression Profiling Array. The total RNA from the
experimental samples was used as a template and reverse-
transcribed to generate cDNA.The cDNAwas then converted
into biotin-labeled cRNA probes by using Biotin-16-dUTP
(Roche) by in vitro transcription with the TrueLabeling-
AMP linear RNA amplification kit (SuperArray Bioscience).
Before hybridization, the cRNAprobes were purifiedwith the
ArrayGrade cRNA Cleanup Kit (Superarray Bioscience).

TheOligo GEArraymicroarray series (OHS-044) (Super-
Array Inc.) was used to quantify the expression of the
113 genes involved in the 15 signal transduction pathways
in cancer (mitogen-activated protein kinase (MAPK), Wnt,
hedgehog, signal transducers, and activators of transcription,
stress/heat shock, inflammation/nuclear factor-kappa B, sur-
vival, androgen/estrogen, and transforming growth factor-
beta (TGF-𝛽) pathways, etc).

Purified cRNA probes were hybridized with the mem-
branes at 60∘C overnight with slow agitation in a hybridiza-
tion oven. The hybridized membranes were washed once
in saline sodium citrate buffer solution I (2x, 1% sodium
citrate/sorbitol buffer) and once in solution II (0.1x, 0.5%
sodium dodecyl sulfate (SDS)). Membranes were incubated
with alkaline phosphatase-conjugated streptavidin. There-
after, the membranes were washed and incubated with the
CDP-Star chemiluminescent substrate. Detection was per-
formed by exposure to X-ray film. Membrane images were
analyzed by the web-based GEArray Expression Analysis
Suite software. The relative expression level of each gene was
determined by comparing the signal intensity of each gene
in the array after background and normalization corrections.
For comparison, at least 1 spot intensity had to be more than
twice the background intensity, and the spot intensity ratios
had to be higher than 2 (for upregulation) or lower than 0.5
and higher than 0 (for downregulation).

2.7. Quantitative Real-TimePolymerase ChainReaction (PCR).
PCR primers were designed by using the Primer 5.0 software
(Primer, Canada) based on the special design criteria for real-
time PCR primers (Table 1). The forward and reverse primer
sequences and lengths of amplified gene products were
as follows. The RNA samples were reverse-transcribed by
using Moloney murine leukemia virus reverse transcriptase
(Epicentre). An oligo-dT primer was used to prime the
reverse transcription. Beta-actin was selected as the reference
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Table 1: Description of the primer sequences.

Gene Forward and reverse primer sequences Annealing temperature (∘C) Length of amplified product (bp)

𝛽-actin F: 5CCTGTACGCCAACACAGTGC3 59 211
R: 5ATACTCCTGCTTGCTGATCC3

CDKN1C F: 5CTGCGGTGAGCCAATTTAGAG3 59 231
R: 5CCTTGGGACCAGTGTACCTTCT3

PTCH2 F:5GGCTTCGTGCTTACTTCCA3 59 259
R: 5TGGCGTGCGGTCTGTAT3

gene for the normalization of results. Quantitative real-time
PCR was performed by using Rotor-Gene 3000 real-time
PCR (Corbett Research)with SYBRgreen (Molecular Probes)
as the detection system. The results were analyzed by Rotor-
Gene 6.0 software (Corbett Research). Relative expression
levels were determined in three repeat experiments (𝑛 = 3,
mean ± standard deviation).

2.8. Sample Preparation for Proteomic Analysis. For the pro-
teomic analysis, we pooled an equal amount of cancer tissues
from six individual mouse xenografts in each group (JIN,
DPP, and the mock groups) to save cost. Cancer tissues were
snap-frozen in liquid nitrogen and stored in a −80∘C freezer.
To extract proteins, the cancer tissues were grinded under
liquid nitrogen with a mortar and pestle, and tissue lysis
buffer was added. The solution was then sonicated on ice
with an ultrasonic processor (Bioblock Scientific, France) for
90min.The tissue lysis buffer contained 50mMTris (pH 7.4),
150mM NaCl, 1% Triton X-100, 1% sodium deoxycholate,
0.1% SDS, 1x cocktail (0.5mMNa

3
VO
4
, 50mMNaF, 1x phos-

phatase inhibitor cocktail, and 5mM phenylmethanesulfonyl
fluoride). The homogenate was then centrifuged at 12,000 g
for 1 h at 4∘C. Supernatant was collected, and protein con-
centration was determined by bicinchoninic acid assay. Each
sample (70 𝜇g) was separated on 12% SDS polyacrylamide
gel. Gels were stained with colloidal coomassie brilliant blue.
Twenty-seven individual bands were removed and subjected
to gel trypsin digestion by using the In-Gel Tryptic Digestion
Kit protocol (Pierce Biotechnology, Rockford, IL, USA). The
bands were then analyzed by tandem mass spectrometry
(MS/MS).

2.9. Mass Spectrometric Analysis. Tryptic peptide mixtures
were separated by Ettan multidimensional liquid chromatog-
raphy (LC) nanoflow/capillary LC system (GE Healthcare,
Pittsburgh, PA, USA) equipped with a trapping column
(Dionex/LC Packings 𝜇-Precolumn Cartridge P/N 160454
C18 PepMap 100; 5 𝜇m, 100 Å, 300𝜇m internal diameter ×
5mm; Sunnyvale, CA, USA) and nanocolumn (Dionex/LC
Packings P/N 160321; 150mm × 0.075mm inner diameter,
C18 PepMap, 3 𝜇m, 100 Å; Sunnyvale, CA, USA). The mix-
tures were then analyzed by using LTQ-Orbitrap (Thermo
Finnigan, Bremen, Germany) with a nanospray configura-
tion. The precursor ion scan mass spectra (m/z 300–1600)
were obtained in the orbitrap with a resolution of R = 60,000
at m/z 400, and the number of accumulated ions was 1 × 106.
The five most intense ions were isolated and fragmented in

a linear ion trap (number of accumulated ions: 3 × 104). The
resulting fragment ionswere recordedwith a resolution ofR=
15,000 at m/z 400.

2.10. Mass Spectra Analysis. The Extract-MSn of BioWorks
V3.2 (Thermo Electron, Inc., Waltham, MA, USA) was used
to generate the mass spectrometry (MS) peak list with the
default parameters. The Interactive Chemical Information
System peak detection algorithm was used. The SEQUEST
algorithm (Thermo Fisher Inc.) was used for the SEQUEST
database search, and the spectra were searched against the
IPI.HUMAN.v3.58.fasta protein database (79,794 entries)
(http://www.ebi.ac.uk/) by using the BioWorks programV3.2
(Thermo Electron, Inc., Waltham, MA, USA). In the Turbo
SEQUEST search parameter setting, the threshold for data
generation was 10,000, and the precursor mass tolerance
for data generation was 1.4Da. For the SEQUEST search,
peptide tolerance was set at 3Da, and fragment ion tolerance
was set at 0.01 Da. PeptideProphet [2] was used to assess
the tandem mass spectra quality. The threshold score for
accepting individual tandemmass spectra was𝑃 = 0.9, which
corresponds to a 0.5% error rate in our dataset. One missed
tryptic cleavage was permitted.

Carboxyamidomethyl cysteine (Cys CAM) (+57) was
included as a fixedmodification for iodoacetamide reduction
and alkylation. Given that the proteins were prepared by
polyacrylamide gel electrophoresis, cysteines might react
with free acrylamide monomers to form propionamide cys-
teine (Cys PAM). We included an optional 14Da in the
search to account for potential Cys PAM.Themass difference
betweenCys PAMandCys CAM is 14.Methionine oxidation
(+15.999Da) was selected as another optional modification
for the database search. Proteins with ProteinProphet P value
greater than 0.9 and more than two unique peptide hits
were considered as true hits. A randomized database of
the IPI.HUMAN.v3.58.fasta was used as a decoy database
to calculate the false discovery rate of protein identifica-
tion. The Perl script used for randomization was obtained
from http://www.matrixscience.com/downloads/decoy.pl.gz.
The false discovery rate (0.568%) was calculated by the
ratio of the number of matches in the randomized database
to the number of matches in the IPI.HUMAN.v3.58.fasta
database. Keratinswere removed from the protein list because
these proteins often represent contaminations from sample
handling.

The MS/MS data from the cancer and control samples
were analyzed by the PeptideProphet and ProteinProphet



4 Evidence-Based Complementary and Alternative Medicine

program for statistical validation by using TPP4.31 [3, 4].
To identify the differential protein expression between two
experimental groups (e.g., Sample A versus Sample B), we
used the spectral counting method with a Bayesian mixture
model [5]. Spectral counts are the average of duplicate LC-
MS/MS runs and normalized to the total spectra (5000× total
spectra of the protein/sum of all total spectra of the proteins
in the dataset). Significantly differentially expressed proteins
were identified with a posterior probability of >0.95 by using
the Bayesianmixturemodel, and the spectral count difference
was great than 10. GoMiner [6, 7] was used to find statistically
represented gene ontology (GO) biological processes (level 3)
with log

10
(𝑃) < −2 (i.e., 𝑃 < 0.01).

2.11. Western Blot Analysis. Cells were lysed in NP-40 buffer
(1.0% NP-40, 10mM hydroxyethyl piperazine ethanesulfonic
acid, pH 7.4, 150mMNaCl, 5mMNaF, 2mMNa

3
VO
4
, 5mM

Na
4
P
2
O
7
, 10 g/mL aprotinin, 10 g/mL leupeptin, and 1mM

phenylmethylsulfonylfluoride). Equal volumes of cell lysate
were subjected to SDS-polyacrylamide gel electrophoresis
(12.5% gel). Proteins were then electrotransferred into a
nitrocellulose membrane (GE Water and Process Technolo-
gies, USA). The membranes were blocked in a solution
of 5% nonfat dry milk in Tris-buffered saline—Tween 20
buffer (20mM Tris, pH 7.6, 500mM NaCl, and 0.5% Tween
20) for 30min followed by incubation with a primary
antibody for at least 2 h. The membrane was then washed
and treated with horseradish peroxidase-conjugated anti-
mouse immunoglobulin or anti-rabbit immunoglobulin as
indicated. Immunodetection was performed by using West
Pico (Pierce Chemical, Rockford, IL) or West Dura (Pierce
Chemical) followed by imaging on an Image Station 2000R
(Eastman Kodak, USA).

2.12. Statistical Analysis. The data were analyzed by SPSS
19 software and presented as mean ± standard deviation.
The significance of the difference between the mean of the
mock and treatment groups was analyzed by using one-way
ANOVA followed by Dunnett’s t-test correction and paired
t-test. Statistical significance was determined at the level of
𝑃 < 0.05 and 𝑃 < 0.01.

3. Results

3.1. The JIN Formula Has Similar Effects as the Standard
DDP Treatment but Is Less Toxic Than DDP. To study the
toxicity of the JIN formula, we treated NCI-H460 xenografts
that were grown subcutaneously in nude mice with saline,
JIN formula, DDP, and JIN formula + DDP (coformulated
group) for 15 d. A control group with no tumor was also
included. One mouse in the mock group died on the 11th day
of treatment. A mouse in the DDP and coformulated group
died on the 15th day before sacrifice. Other mice in these
two groups significantly lost weight and displayed slower
activities and dry skins. All mice in the JIN group were alive
and had stable weights, normal activities, and moist skins
(Figure 1).

0.85

0.9

0.95

1

1.05

1.1

1.15

1 4 7 10 13 16 19

MOCK
DDP
JIN

Control
JIN + DDP

W
ei

gh
t r

at
io

 (%
)

Time (days)

Figure 1: Body weights were measured every 3 days and body
weight ratio was calculated relative to baseline measurement. The
chemotherapy showed the toxicity to the mice, whereas the herbal
treatment showed little toxicity compared to the saline group as
measured by body weight loss.

This result indicated that herbal treatment and chem-
otherapy prolonged the lifespan of the mice. However,
chemotherapy is toxic to the mice, whereas herbal treatment
showed little toxicity compared with the saline group as
demonstrated by the body weight loss.

All treatment groups (DDP, JIN, and JIN + DDP) showed
inhibited growth of the NCI-H460 cell-transplanted solid
tumor compared with the mock group (Figure 2). Significant
differences in the final tumor weights (𝑃 < 0.01) and volume
(𝑃 < 0.01) were found between each treatment group and the
mock group after sacrifice (Figure 2). The tumor weights of
mice treatedwithDDP, JIN, and the coformulawere inhibited
by 63.99%, 55.03%, and 65.79% (𝑃 < 0.01), respectively, after
15 d of treatment compared with those of mice administered
with saline only.

3.2. Histological Changes Induced by JIN Formula Treatment.
Histological examination showed that the tumors of the
mock groupwere solidmasses composed of densely arranged
cells without distinct cell differentiations. The cells were
heteromorphic and had large nuclei that contain vesicles and
obvious nucleoli. Reverse proportions between the nucleus
and cytoplasm, high rates of mitosis and angiogenesis, infil-
trative growths of tumor cells, and large areas of necrosis
and hemorrhage were observed. No significant difference in
cell morphology was found between each treatment group
and the mock group. However, the tumor cells in the treat-
ment group were less densely arranged, with patchy sparse
cell arrangements, enlarged intercellular spaces, vacuoles in
the cytoplasms, scattered intense stains in nuclei, scattered
pyknosis of tumor cells, and varying degrees of degeneration.
Tumor cell metastasis was not found in the lungs and liver
(data not shown). The results indicated that the formula
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Table 2: Genes regulated more than 2 folds by JIN treatment in H460 cells.

GeneBank Symbol Description JIN/MOCK 𝑃 value
NM 000076 CDKN1C Cyclin-dependent kinase inhibitor 1C (p57, Kip2) 2.72 0.01
NM 003738 PTCH2 Patched homolog 2 (Drosophila) 0.45 0.04
NM 003202 TCF7 Transcription factor 7 (T-cell specific, HMG-box) 0.39 0.02
NM 015626 WSB1 WD repeat and SOCS box-containing 1 0.13 8.71044𝐸 − 05

Table 3: Genes regulated more than 2 folds by DDP treatment in H460 cells.

GeneBank Symbol Description DDP/MOCK 𝑃 value
NM 002423 MMP7 Matrix metallopeptidase7 (matrilysin, uterine) 3.16 0.003
NM 001429 EP300 E1A binding protein p300 0.35 0.008
NM 022475 HHIP Hedgehog interacting protein 0.26 0.02
NM 015626 WSB1 WD repeat and SOCS box-containing 1 0.13 8.79479𝐸 − 05

can promote the degeneration and death of tumor cells and
induce apoptosis, thus inhibiting the growth of lung cancer.
These data suggested that the JIN formula could be safely
administered as a novel therapeutic agent. Optimization of
the dose and dosing schedule might yield a higher antitumor
efficacy (Figure 3).

3.3. Gene Expression. To investigate preferentially altered
signal transduction pathways in H460 xenografted tumors
treated by herbal formula, the Human Q Series Signal
Transduction in Cancer Gene Array, which includes marker
genes with functions related to cell signal transduction
pathways, was used. In the JIN group, the CDKN1C gene
was upregulated and the PTCH2, TCF7, and WSB1 genes
were downregulated with twofold differences in ratios, as
shown by the t-test. The results were reconfirmed by real-
time PCR with CDKN1C and PTCH2 primer pairs (Tables
2-3, Figure 4). The expression of these genes indicated the
preferential change in the hedgehog and TGF-𝛽 signaling
pathways in H460 xenografted tumor regulated by the JIN
formula.

Furthermore, the coformula treatment of JIN and DDP
also inhibited the stress/heat shock pathway, which involves
the HSF1,MYC, and FOS genes (Table 4).

3.4. Proteomic Analysis of Cancer Cells Treated with JIN and
DDP. We conducted a comprehensive mass spectra analysis
of the JIN formula, DDP, and mock groups. We identified
1,131, 831, and 1,326 proteins in the JIN formula, DDP,
and mock groups, respectively. By using Booth’s Bayesian
mixture model to compare the spectral count data for
shotgun proteomics [5], we identified 40 (corresponding to
36 proteins) and 178 peptides (corresponding to 84 proteins)
that were differentially expressed between the mock and
DDP groups and between the mock and JIN formula groups,
respectively (see Supplementary Tables 1 to 4 available online
at http://dx.doi.org/10.1155/2013/160168). We found that the
expression of the HSP90AA1 and HSPA1B proteins was
significantly reduced in the JIN group compared with that in
themock group.HSPA1Bwas also significantly reduced in the
DDP group compared with that in the mock group.

GoMiner analysis revealed that the differentially ex-
pressed proteins between the JIN and mock groups were
enriched in GO:0006977 (DNA damage response sig-
nal transduction by p53 class mediator resulting in cell
cycle arrest), GO:0006915 (apoptosis), and GO:0016032
(viral reproduction) (Table 5). By contrast, the differentially
expressed proteins between the DDP and mock groups were
enriched in GO:0065004 (protein-DNA complex assembly)
and GO:0006414 (translational elongation) (Table 6). These
results suggested that the JIN formula and DPP act on
different biological processes.

We identified proteins and protein families that were
downregulated in the JIN group compared with these in the
mock group. These proteins include several histone family
proteins and two heat shock proteins (HSPs), namely, heat
shock 70 kDa protein 1𝛽 (HSPA1B) and HSP 90 kDa alpha,
class A member 1 (HSP90AA1). Several proteasome subunits
(PSMA3, PSMA7, and PSMA8) and cellular structural pro-
teins (Lamin A/C, keratin 18, tubulins, transgelin, etc.) were
upregulated by the JIN formula relative to the mock control
group. We selected HSP90AA1 for validation by Western
blot, which shows that HSP90AA1 was downregulated by the
JIN and DPP treatments (Figure 5). The downregulation was
more significant in the JIN treatment group compared with
that in the DPP group.

4. Discussion

Chinese or oriental herbal medicine has long been used for
treating cancer. Single herbs are seldom used alone compared
with herbal formulae, which uses the synergy and inter-
actions among various phytochemicals present in different
herbs to achieve therapeutic efficacy and targets multiple
biological and pathological processes while minimizing side
effects.

TCM formulae are rich in potential cancer chemo-
preventive and therapeutic agents. However, rigorous and
systematic evaluations are necessary to establish the efficacy
of herbal formulae and transform traditional herbal practices
into evidence-based medicine. We evaluated the anticancer
activities of the JIN formula, which is an ancient herbal
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Figure 2: Effect of treatment on tumour growth. (a)The effect of JIN, JIN + DDP, and DDP on tumour size. Tumour volumes were measured
every 3 days. (b) The effect of JIN, JIN + DDP, and DDP on tumour weight. Data presented are the mean ± SD at 8–25 days posttumour
implantation; groups were compared and analysed using t-test. ∗∗𝑃 < 0.01 tumor weight compared with model group, #

𝑃 < 0.05 tumor
volume comparedwithmodel group.DDP, JIN, and coformula inhibited tumorweight by 63.99%, 55.03%, and 65.79%, respectively, (𝑃 < 0.01)
after 15 days of treatment compared to mice administered the vehicle only.
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Figure 3: (a) MOCK group; (b) JIN group; (c) DDP group; (d) JIN + DDP group. Histological examination showed the tumors of MOCK
groupwere solidmasses composed of densely arranged cells without distinct cell differentiation, which are heteromorphic with a large nucleus
containing vesicles and an obvious nucleolus, a reverse proportion between nucleus and cytoplasm,muchmitosis and angiogenesis, infiltrative
growth of tumor cells, and large areas of necrosis and hemorrhage.
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Table 4: Genes regulated more than 2 folds by JIN + DDP treatment in H460 cells.

GeneBank Symbol Description JIN + DDP/MOCK 𝑃 value
NM 000076 CDKN1C Cyclin-dependent kinase inhibitor 1C (p57, Kip2) 3.24 0.003
NM 001904 CTNNB1 Catenin (cadherin-associated protein), beta 1, 88 kDa 0.26 0.003

NM 005228 EGFR Epidermal growth factor receptor (erythroblastic
leukemia viral (v-erb-b) oncogene homolog, avian) 0.46 0.05

NM 001429 EP300 E1A binding protein p300 0.35 0.007

NM 005252 FOS V-fos FBJ murine osteosarcoma viral oncogene
homolog 0.46 0.03

NM 002133 HMOX1 Hemeoxygenase (decycling) 1 0.42 0.09
NM 005526 HSF1 Heat shock transcription factor 1 0.44 0.02

NM 002467 MYC V-myc myelocytomatosis viral oncogene homolog
(avian) 0.22 0.0008

NM 003738 PTCH2 Patched homolog 2 (Drosophila) 0.40 0.01
NM 003202 TCF7 Transcription factor 7 (T-cell specific, HMG-box) 0.32 0.006
NM 015626 WSB1 WD repeat and SOCS box-containing 1 0.13 8.74349𝐸 − 05
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Figure 4: (a) Genes regulated more than 2 folds by Jin treatment on H460 cells. Combined with ratio values 2-fold difference, in JIN group,
significantly upregulated gene CDKN1C and downregulated genes including PTCH2, TCF7, andWSB1 passed statistic t-test. The results were
reconfirmed by real-time PCR with CDKN1C and PTCH2 primer pairs. (b) Genes regulated more than 2 folds by DDP treatment on H460
cells. (c) The coformula treatment of JIN and DDP also involved the inhibition of the stress/heat shock pathway: HSPA4, HSF1,MYC, FOS,
and so forth.
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Table 5: Significantly enriched GO Biological process terms in the differentially expressed proteins between the JIN formula and the MOCK
groups.

GO category Description Total genes Changed genes Enrichment log
10
(𝑃)

GO:0044237 Cellular metabolic process 4513 45 1.40 −3.26
GO:0044249 Cellular biosynthetic process 2322 26 1.58 −2.22

GO:0006139 Nucleobase nucleoside nucleotide and
nucleic acid metabolic process 2350 26 1.56 −2.14

GO:0016032 Viral reproduction 343 16 6.56 −8.93

GO:0034621 Cellular macromolecular complex
subunit organization 364 14 5.41 −6.76

GO:0006915 Apoptosis 784 13 2.33 −2.53
GO:0006414 Translational elongation 97 12 17.41 −11.62

GO:0006977
DNA damage response signal
transduction by p53 class mediator
resulting in cell cycle arrest

57 4 9.88 −3.16

GO:0072395 Signal transduction involved in cell cycle
check point 57 4 9.88 −3.16

Table 6: Significantly enriched GO biological process terms in the differentially expressed proteins between the DPP and theMOCK groups.

GO category Description Total genes Changed genes Enrichment log
10
(𝑃)

GO:0006414 Translational elongation 97 3 11.54 −2.68
GO:0065004 Protein-DNA complex assembly 44 2 16.96 −2.22
GO:0071824 Protein-DNA complex subunit organization 51 2 14.64 −2.09

MOCK DDP JIN

HSP90AA1

Actin

Figure 5: Western blot analysis showing that after treated by JIN
formula the HSP90AA1 was downregulated significantly than DDP
did.

formula recorded in the classic TCM book Jin Kui Yao Lue
(Golden Chamber). The results showed that the JIN formula
significantly delayed the growth of subcutaneous human
H460 xenografted tumors in vivo relative to themock control
group.

Gene array analysis of signal transduction in cancer
showed that the JIN formula acted on multiple targets in the
MAPK, hedgehog, and Wnt signaling pathways in the H460
xenografted tumor. JIN upregulated two tumor suppressors,
namely, CDKN1C and interferon regulatory factor-1 (IRF-
1). Abnormal cell cycle regulation is the important reason
of excessive cell proliferation and tumorigenesis. Cell cycle
progression is regulated by balanced interactions between

cyclins and cyclin-dependent kinases (CDKs). The suppres-
sive effect of cyclin-dependent kinase inhibitors (CDKIs)
on cyclin/CDK complexes is among the many mechanisms
that control normal cell cycle progression. Cell cycle pro-
gression is negatively regulated by proteins from two fam-
ilies, the inhibitors of cyclin-dependent kinase 4 (INK4)
family [CDKN2A (p16), CDKN2B (p15), CDKN2C (p18),
and CDKN2D (p19)] and the CIP/KIP family [CDKN1A
(p21), CDKN1B (p27), and CDKN1C (p57)]. The protein
encoded by CDKN1C is a tight-binding, strong inhibitor of
several G1 cyclin/Cdk complexes and a negative regulator of
cell proliferation. Mutations in this gene are implicated in
sporadic cancers and the Beckwith-Wiedemann syndrome,
thus suggesting that this gene is a tumor suppressor candidate
[8].The anticancermechanisms of the JIN formulamay seek a
new breakthrough by the further study of this protein family.
IRF-1 was originally identified as a regulator of IFN𝛼/𝛽. IRF-1
expression is considerably upregulated during viral infections
and stimulations by the interferon family. Increasing evidence
supports the theory that IRF-1 functions as a tumor sup-
pressor and represses the transformed phenotype. In human
tumors, IRF-1 is deactivated to prevent apoptosis and cell
cycle arrest by genetic mechanisms [9].

The downregulated genes PTCH2, TCF7, and WSB1 are
related to the embryonic signaling pathways Hedgehog and
Wnt. The inappropriate reactivation of these pathways in
adult cells promotes tumor growth [10].Many studies showed
that lung tumors are caused by the activation of these
embryonic regulatory pathways [11, 12]. Hedgehog signaling
plays a key role in a variety of processes, such as embryoge-
nesis, maintenance of adult tissue homeostasis, tissue repair



Evidence-Based Complementary and Alternative Medicine 9

during chronic persistent inflammation, and carcinogenesis.
Hedgehog signals protect cancer cells, particularly cancer
stem cells [13]. Hedgehog signaling is frequently activated
in esophageal cancer, gastric cancer, and pancreatic cancer
due to transcriptional upregulation of Hedgehog ligands
and epigenetic silencing of HHIP1/HHIP gene, encoding the
Hedgehog inhibitor. However, Hedgehog signaling is rarely
activated in lung cancer due to negative regulation by the
canonical WNT signaling pathway. The Wnt pathway may
serve as a potential target in the development of therapeutic
agents. The blockade of the Wnt pathway may be considered
in formulating new treatment strategies in lung cancer [14].
Given the current and increasing availability of drugs that
inhibit Hh and Wnt signaling, an understanding of the role
of Hh andWnt in lung cancer pathogenesis might lead to the
development of new therapies. Furthermore, the co-formula
treatment of JIN and DDP also targeted the stress/heat shock
pathway, specifically for the HSPA4, HSF1, MYC, and FOS
genes.

HSPs are encoded by several gene families and have
essential roles in cell survival, tumorigenesis, and tumor
progression. The HSP70 family proteins, which are named
according to their approximate relative molecular mass,
contain at least eight members that are almost ubiquitously
expressed [15]. More than 99% of the amino acids of the
two major HSP70 proteins, namely, HSP70-1a and HSP70-1b
(encoded by theHSPA1A andHSPA1B genes, resp.), have been
identified. These proteins are initially found in cells under
stress [16, 17]. HSP70 is closely involved in programmed cell
death protection through interactions with several key regu-
latory proteins, along with HSP90 and several cochaperones.
HSP70-1 proteins are overexpressed in many types of tumor,
and this over-expression is often correlated with tumor
malignancy, progression, poor prognosis, andmetastasis [16].
The overexpression of HSP70-1 induces cell transformation
[15]. However, the expression and regulation of HSP70-1 in
lung cancer cells are rarely studied. Our analysis showed that
HSPA1B, which also belongs to the HSP70 family, was highly
expressed in the mock group. After JIN formula treatment,
the expression of HSPA1B was downregulated significantly.
Cancer metastasis was not observed in the lungs, liver, and
brain ofmice from the JIN group, thus suggesting that distant
tumor metastases was prevented by the JIN formula.

HSP 90 kDa (HSP90) is a molecular chaperone that
maintains the function of numerous intracellular signaling
nodes utilized by cancer cells for proliferation and survival.
HSP90 is also involved in a number of human pathological
states such as ischemia and autoimmune diseases. Lung
cancer progression is also influenced by HSP90. HSP90𝛼 is
a cytoplasmic protein that is highly conserved in the process
of biological evolution. The HSP90 chaperones in humans
are encoded by two distinct genes, namely, HSP90𝛼 and
HSP90𝛽. Differences in their respective modes of regulation
have been observed;HSP90𝛼 ismore inducible thanHSP90𝛽.
HSP90𝛼 is required for the conformational maturation and
stability of multiple oncogenic kinases that induce signal
transduction and proliferation of lung cancer cells. HSP90𝛼 is
also important inmodulating tumor cell apoptosis.Moreover,
HSP90𝛼 facilitates the migration and proliferation of tumor
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Figure 6: Possible cell signaling network regulated by JIN formula
on H460-xonografted tumor.

cells and is associated with the poor prognosis of specific
cancers. Changes in the proteins encoded by HSP90 may be
caused by changes in the nature and expression of HSP90𝛼.
These changes may participate in the development of lung
cancer. Considering the increased role of HSP90𝛼 in tumor
cells, the expression of the antiapoptotic response of HSP90
in lung cancer incidence and the process of encodingHSP90𝛼
and HSP90AA1 in single nucleotide polymorphisms may
be interrelated and associated with lung cancer. HSP90 is
an adenosine trisphosphate- (ATP-) dependent molecular
chaperone that maintains the active conformation of clients
in coproteins of cancer cells. The inhibition of HSP90 leads
to the inhibition of tumor growth andmetastasis [17]. HSP90
is also detected on the plasma membrane of tumor cells and
its expression is correlated with metastatic potential [18]. In
the current study, we discovered that HSP90AA1 was highly
expressed in the mock group. This study is the first to report
the downregulation of HSP90AA1 by the JIN formula relative
to the mock group. HSP90AA1 might serve as a potential
prognostic marker or a candidate therapeutic target of H460.
HSP90AA1 might also be a viable marker for H460 without
distant metastasis.

We found that GO:0044237 (cellular metabolic process)
and GO:0006139 (nucleobase, nucleoside, nucleotide, and
nucleic acid metabolic process) (Table 5) were enriched by
differentially expressed proteins in the JIN group com-
pared with the mock group. HSP90AA1 and HSPA1B were
downregulated by the JIN formula. Aldolase A (fructose-
bisphosphate) was upregulated in the JIN group compared
with that in the mock group. HSP90AA1 is related to
GO:0034621 (cellularmacromolecular complex subunit orga-
nization), GO:0072395 (signal transduction in cell cycle
checkpoint), and GO:0044249 (cellular biosynthetic process,
etc.). HSP90 is an active ATP-dependent chaperone involved
in the assembly and regulation of signal transduction path-
ways by activating specific client proteins [19]. HSP90AA1
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plays an important role in each step of the cell cycle and
tumor formation. The function of HSP90 is reflected by the
polo-like kinase stability. The inhibition of HSP90AA1 in
HeLa cells results in cell cycle arrest either at the G2 stage
ormetaphase-anaphase transition [20]. Our results suggested
that the JIN formula acted on themaintenance of the cell cycle
and signaling processes. The potential mechanism of the JIN
formula is shown in Figure 6. Further investigation should
be conducted to reveal the detailed mechanism of the JIN
formula.
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The concept of “network target” has ushered in a new era in the field of traditional Chinese medicine (TCM). As a new
research approach, network pharmacology is based on the analysis of network models and systems biology. Taking advantage
of advancements in systems biology, a high degree of integration data analysis strategy and interpretable visualization provides
deeper insights into the underlying mechanisms of TCM theories, including the principles of herb combination, biological
foundations of herb or herbal formulae action, and molecular basis of TCM syndromes. In this study, we review several recent
developments in TCM network pharmacology research and discuss their potential for bridging the gap between traditional and
modernmedicine.We briefly summarize the twomain functional applications of TCMnetworkmodels: understanding/uncovering
and predicting/discovering. In particular, we focus on how TCM network pharmacology research is conducted and highlight
different computational tools, such as network-based and machine learning algorithms, and sources that have been proposed and
applied to the different steps involved in the research process. To make network pharmacology research commonplace, some basic
network definitions and analysis methods are presented.

1. Background

Traditional Chinese medicine (TCM) has been developed
and practiced in China for thousands of years. Although
TCM is still being practiced and more countries consider
it an alternative treatment [1], several questions need to be
addressed: (1) what are the active substances in TCM and
how do they work? (2) What are the combinatorial rules
of TCM herbal formulae, and why can it be used for the
treatment of multiple diseases? (3) What basic biological
knowledge underlines TCM? The development of systems
biology technology over the past several decades has helped
shed light on the effectiveness of TCM and helped to
answer the previous questions. Systems biology tools could
be used to obtain valuable insights into TCM theories.
Recent advancements in “Omics” technologies have led to
more accumulated data that require powerful computational
tools to study and analyze. Although the most widely used
experimental technologies, such as high-throughput gene
expression profiling [2], have permitted the characterization

of relationships between complex biological processes and
TCM treatment, an obvious limitation of these approaches is
that they usually analyze data on a single state (i.e., changes in
the expression of specific disease or TCM agent). To be more
effective, these novel strategies should integrate systematic
information to contextualize the characterization to illus-
trate the holistic characteristic of TCM. Such relationships
could be understood better through building, validation,
and analysis of computational models. Similar to complex
diseases that require complex therapies, complex data require
scale-matched approaches. A network-based approach for
pharmacology has been proposed recently. Network phar-
macology challenges the traditional “one disease-one target-
one drug” paradigm and explores interactions between the
body and drug by mapping drug-target-disease networks on
a biological level. A recent analysis of network pharmacology
highlighted the complexity of both drug action and protein-
protein interaction [3–6] and triggered significant changes
in strategies for therapies and the drug discovery process
[7]. For TCM, Li [8] presented the framework and practice
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of network-based studies for understanding the mechanism
of Chinese herbal formulae. His group proposed the novel
concept of “network target” based on their works [9, 10],
which pioneered network pharmacology research on TCM.
“Network target” considers the biomolecular disease network
as a target through which researchers can design and develop
the best drug intervention; the key is to establish a network for
drug-gene-disease association. Network pharmacology has
the potential not only to accelerate TCMmodernization and
bridge the gap between traditional andmodern medicine but
also to change methods for rational design and optimization
of drug discovery from herbal formulae. As a meaningful
visual interface, the network-based approach is a functional
element in tackling complicated problems by enabling data
exploration and engaging the human ability to synthesize
complex visual inputs into meaningful understanding [11].
However, the construction of a network depends on informa-
tion about different types of relationships. To make network
pharmacology for TCM commonplace, an all-encompassing
resource that contains both TCM knowledge and biological
processes and different computational algorithm tools should
be refined.

In this review, we focus on how TCM network phar-
macology research is conducted. We highlight different
computational bioinformatics approaches that have been
introduced and applied to different steps involved in net-
work pharmacology. The general analysis process can be
described as follows: (a) interaction information retrieval
from databases; (b) network construction; and (c) knowledge
discovery based on networkmodels. Accordingly, this review
is organized as follows: the second part contains useful
databases and network analysis software. In the third part,
we present the methods for constructing networks of differ-
ent modes. Several basic network definitions and network
properties analysis are depicted. The fourth part describes
recent developments in TCM network pharmacology and
discusses different computational methods that have been
proposed so far to address current issues. We further discuss
how andwhat underlying TCMknowledge can be discovered
based on network models. In the final part, we discuss
challenges to TCMnetwork pharmacology. Our review is not
comprehensive.Therefore, we encourage interested readers to
write reviews that address another aspect of this subject.

2. Databases and Data Analysis Tools

Research on network pharmacology is supported by large-
scale biological databases that offer a wealth of information
on interactions of biological entities, such as drug-gene-
disease. These databases are developed for different but
complementary objectives. With advancements in systems
biology of TCM, TCM-related resources can also be obtained
from the Web. Table 1 summarizes the most frequently used
resources for TCM network pharmacology. The resources
are divided into the following four categories based on
the type of information in the databases: (1) biomolecular
databases that contain large amounts of information on
human protein-protein interactions (PPIs), gene ontologies
(GOs), protein-DNA interactions, and functional pathways;

(2) disease/phenotype databases on phenotypes of human
diseases and their related genes; (3) chemical/drug-related
databases that provide many useful chemoinformatics and
bioinformatics information on drugs or chemical substances,
such as 2D and 3D structures, bioactivity, and comprehensive
drug target (i.e., sequence, structure, and pathway); and (4)
TCM-related databases that provide information on many
active ingredients related to TCM drugs and their target
proteins. We also focus on the relationships among these
databases, mapping them in Figure 1 based on the following
principle: if A database is integrated from B database or is
annotated fromBdatabase, they are connected,withAhaving
an out-degree and B having an in-degree. In other words, the
database that has a larger in-degree and smaller out-degree is
the source of many others and is called the primary database,
whereas the database that has smaller in-degree and larger
out-degree is called the secondary database.

Figure 1 shows that among the biomolecular databases,
KEGG [12], HPRD [13], PDB [14], and TTD [15] have larger
in-degree and smaller out-degree and could thus be consid-
ered primary databases. These databases are frequently used
and provide extensive information on pathways (KEGG),
PPIs (HPRD), protein structure (PDB), and therapeutic
target (TTD). However, the ConsensusPathDB (CPDB) [16]
and the Human Annotated and Predicted Protein Interac-
tion (HAPPI) database [17] could be considered secondary
databases. CPDB may be the largest searching platform
database and integrates seven types of functional biological
interactions (PPIs, signaling reactions, metabolic reactions,
gene regulations, genetic interactions, drug-target interac-
tions, and biochemical pathways) and 30 public resources.
HAPPI, which integrates five different resources, was devel-
oped by Indiana University. A unified scoring model was
applied to measure each PPI at one of the five-star rank
levels from 1 to 5.The latest version contains 273,068, 189,150,
71,036, 33,733, and 34,770 PPIs that were ranked from 1 star to
5 stars, respectively, and provides a more flexible selection for
researchers to achieve different data confidence levels. OMIM
[18] under disease/phenotype databases as well as Drug-
Bank [19] and ChEMBL [20] under chemical/drug-related
databases are primary databases. TCM-related databases are
all secondary databases that require integration with other
resources. Although TCM has continued to gain popularity,
relatively few resources on TCM are available online. These
TCM-related databases complement each other to provide
information on active ingredients, herbs, herbal formulae,
and even herbal ingredient targets. The connection between
TCM-related databases and other categories indicates to
some extent the existing complex interactions of TCM-active
ingredient-gene-disease. For example, TCMID [21] integrates
three types of database, which is the largest data set for
a related field. TCMID contains 47,000 prescriptions, 8,159
herbs, 25,210 compounds, 6,828 drugs, 3,791 diseases, and
17,521 related targets that facilitate research on TCM network
pharmacology.

Table 2 lists several major network analysis tools that
can be used for biological network analysis, although some
were originally developed for social network analysis, such
as Pajek, Ucinet, and NetMiner. Most of the tools are based
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Figure 1: Database relationship network.

on Java (Cytoscape) or Python (NetworkX, NetMiner, Guess)
language script, which allows researchers to extend the func-
tionality of network analysis by developing specific plugins
or apps. More than 150 plugins are integrated in Cytoscape
[22, 23], thus increasing its power and versatility. As a
tool designed for biological networks, Cytoscape has several
specialized plugins that can be used to import and map
existing interaction data cataloged in public databases, such
as BioGridPlugin [24], MiMI [25], ConsensusPathDB [26],
and APID2NET [27]. Some plugins support computational
literature mining. For example, AgilentLiteratureSearch [28]
can mine literature abstracts from online databases such as
OMIM and Medline to determine interactions. Although
packages based on Matlab or R are not efficient in analyzing
large networks (≥10,000 nodes), their powerful statistic and
data mining toolboxes facilitate further analysis.

3. Computational Measurements for
Network Analysis

Network-based approaches have been proven to be helpful
in organizing high-dimensional biological data sets and
extracting meaningful information. The simplest way to
construct a biological network is through graph points,
which could be either genes, proteins, or drugs connected
by lines that represent the nature of the interaction. Net-
works are amenable to analysis by using several branches
of mathematics [29]. Thus, local and global properties of
this map can be evaluated by using network metrics. In this

section, we describe several of the most apparent and least
complex measurements of general network analysis. Despite
the simplicity of the ideas and definitions, good theoretical
reasons (and some empirical evidence) support the view that
these basic properties of biological networks must be very
important. These measurements are discussed as follows.

3.1. Basic Properties. Network thinking has contributed a
number of important insights on biological process. Protein
and protein or disease and disease interactions are believed to
be more complicated. Identifying the importance of a protein
or disease is essential in understanding biological networks.
The properties of the network that we are investigating
primarily deal with the importance of nodes. If the group
composed of important nodes is called the “center” of the
biological network, we can evaluate the centrality of the nodes
based on three general measurements: degree, betweenness,
and closeness. Degree is the number of nodes connected
to a given node in a graph. Betweenness and closeness are
both related to geodesic distance, which is the number of
relations in the shortest possible path from one node to
another. In a biological network, a node with a large degree
could be regarded as a hub node, and a node with large
betweenness is a bottleneck node. Some studies suggested
that human-inherited disease genes tend to be hub nodes in
the interaction network [30–33]. However, other studies have
provided evidence that the “hubness” of inherited disease
genesmay be only apparent [31] and suggested that bottleneck
nodes tend to be essential proteins [34, 35]. The use of
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Table 1: Useful public databases for TCM network pharmacology.

Type# Name Description Application Webpage Reference

B

OPHID

Online predicted human interaction
database: a web-based database of
predicted interactions between human
proteins, which contains 23889 predicted
interactions currently

PPIs retrieval http://ophid.utoronto.ca [139]

STRING A database of known and predicted
protein interactions PPIs retrieval http://string-db.org/ [140]

BioGRID
Biological general repository for
interaction datasets: providing
protein-protein interaction data from
model organisms and humans

PPIs retrieval http://thebiogrid.org/ [24]

HPRD

Human protein reference database:
depicting and integrating information
related to domain architecture,
posttranslational modifications,
interaction networks, and disease
association for each protein in the human
proteome

PPIs retrieval http://www.hprd.org/ [13]

HAPPI

Human annotated and predicted protein
interaction database: containing 142,956
nonredundant, medium to
high-confidence level human protein
interaction pairs among 10,592 human
proteins

PPIs retrieval http://bio.informatics.iupui.edu/
HAPPI/

[17]

PDB
Protein data bank: a key resource in areas
of structural genomics for containing 3D
biological macromolecular structure

Protein information
retrieval http://www.rcsb.org/pdb/ [14]

PDTD
PDTD: a web-accessible protein database
for drug target identification and focusing
on those drug targets with known 3D
structures

Drug target
identification http://www.dddc.ac.cn/pdtd/ [141]

TTD

Therapeutic target database: providing
information about the known and
exploring therapeutic protein and nucleic
acid targets, the targeted disease, pathway
information, and the corresponding
drugs

Drug target
identification

http://bidd.nus.edu.sg/group/
cjttd/

[15]

UniProtKB Universal protein knowledge database:
providing protein information in detail Protein analysis http://www.uniprot.org/uniprot/ [142]

PharmGBK
Pharmacogenomics knowledge base:
providing information of gene-drug
associations and genotype-phenotype
relationships

Comprehensive
gene-drug-phenotype

analysis
http://www.pharmgkb.org/ [143]

DIP Database of interacting proteins PPIs analysis http://dip.doe-mbi.ucla.edu [144]

C2Maps
A network pharmacology database with
comprehensive disease-gene-drug
connectivity relationships

Comprehensive
gene-drug-disease

analysis
http://bio.informatics.iupui.edu/ [145]

MetaCore
An integrated suite for functional analysis
of microarray, metabolic, SAGE,
proteomics, siRNA, microRNA, and
screening data

Comprehensive
biological analysis http://www.genego.com [146, 147]

CPDB

A database that integrates different types
of functional interactions including
protein-protein, genetic, metabolic,
signaling, gene regulatory, and
drug-target interactions

Comprehensive
gene-drug-disease

analysis
http://cpdb.molgen.mpg.de/ [16]
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Table 1: Continued.

Type# Name Description Application Webpage Reference

BioCarta
An interactive web-based resource giving
four categories information: gene
function, proteomic pathways, and
research reagents

PPIs and pathway
retrieval http://www.biocarta.com/ [148]

KEGG

As a collection of online databases, which
deals with genomes, enzymatic pathways,
and biological chemicals, especially
giving pathway map in the forms of
molecular networks

PPIs and pathway
retrieval http://www.genome.jp/kegg/ [12]

SignaLink
A database containing eight major
signaling pathways, which can be used for
comparative and cross-talk analyses of
signaling pathways

Pathway analysis http://signalink.org/ [149]

Reactome Curated knowledge base of biological
pathways in humans Pathway analysis http://www.reactome.org [150]

NetPath A manually curated resource of signal
transduction pathways in humans Pathway analysis http://www.netpath.org/ [151]

D

OMIM
Database of comprehensive, authoritative
compendium of human genes and genetic
phenotypes

Disease-gene retrieval http://www.omim.org/ [18]

COSMIC A database of catalogue of somatic
mutations in cancer

Biological
information relating
to human cancers

retrieval

http://cancer.sanger.ac.uk/
cancergenome/projects/cosmic/

[152]

HPO
Human phenotype ontology database:
providing a standardized vocabulary of
phenotype of human disease

Phenotype retrieval http://www.human-phenotype-
ontology.org/

[153]

C

STITCH
Chemical-protein interactions database:
providing known and predicted
interactions of chemicals and proteins

Chemical-protein
interaction retrieval http://stitch.embl.de/ [154]

DrugBank A knowledge base for drugs, drug
actions, and drug targets

Comprehensive
analysis for approved

drugs
http://www.drugbank.ca/ [19]

ChEMBL
A database of bioactive drug-like small
molecules, which contains 2 D structures,
calculated properties, and abstracted
bioactivities

Ingredient and drug
chemoinformatics

information retrieval
https://www.ebi.ac.uk/chembl/ [20]

MMsINC A large-scale chemoinformatics database
Ingredient and drug
chemoinformatics

information retrieval

http://mms.dsfarm.unipd.it/
MMsINC/search/

[155]

CB A comprehensive chemical structures
database

Ingredient and drug
chemoinformatics

information retrieval
http://www.chemicalbook.com/ [156]

ChemProt A comprehensive disease-chemical
biology database

Chemical-protein
interaction analysis

http://www.cbs.dtu.dk/services/
ChemProt-2.0/

[157]

LookChem A comprehensive chemical structures
database

Ingredient and drug
chemoinformatics

information retrieval
http://www.lookchem.com/ [158]

ChemSpider
A chemical structure database providing
structures, properties, and associated
information of compound

Ingredient and drug
chemoinformatics

information retrieval
http://www.chemspider.com/ [159]
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Table 1: Continued.

Type# Name Description Application Webpage Reference

T

HIT
A comprehensive and fully curated
database for linking herbal active
ingredients to targets

Herbal ingredients’
targets identification http://lifecenter.sgst.cn/hit/ [160]

CHMIS-C A comprehensive herbal medicine
information system for cancer

Comprehensive
analysis for ingredient

target of cancer

http://sw16.im.med.umich.edu/
chmis-c/

[161]

TD@T

TCM Database@Taiwan: providing
chemical composition of Chinese
medicinal herb including two- and
three-dimensional structures of each
TCM constituent

TCMmedical
compound retrieval http://tcm.cmu.edu.tw/ [162]

TCMGeneDIT
A database for associated traditional
Chinese medicine, gene and disease
information using text mining

Comprehensive
analysis for

ingredient-gene
disease-effect of TCM

http://tcm.lifescience.ntu.edu.tw/ [163]

TCM-ID
Traditional Chinese medicine
information database: providing
information on formulae, medicinal
herbs, and herbal ingredients

TCM formula and
medical compound

retrieval

http://tcm.cz3.nus.edu.sg/group/
tcm-id/tcmid ns.asp

[164]

TCMID

Traditional Chinese medicine integrated
database: a comprehensive database to
provide information on drug-herb and its
ingredient, prescription, target, and
disease

Comprehensive
analysis for TCM
biological sciences

http://www.megabionet.org/
tcmid/

[21]

TcmSP

Traditional Chinese medicine systems
pharmacology database and analysis
platform: providing information on
relationships between drugs, targets, and
diseases

Comprehensive
analysis for TCM
biological sciences

http://tcmspnw.com [165]

SIRC-TCM
Traditional Chinese medicine
information database: providing
information on formulae, medicinal
herbs, and herbal ingredients

TCM formula and
medical compound

retrieval

http://www.tcm120.com/1w2k/
tcm species.asp

[166]

#
B: biomolecular databases; D: disease/phenotype databases; C: chemical/drug-related databases; T: TCM related-databases.

these metrics for evaluation is illustrated in Figure 2. Two
proteins, P1 and P2, interact through three and two proteins,
respectively. P1’s proteins do not have any interactions except
with P1, whereas each of P2’s proteins interact with two
proteins. P2 would have greater chance of influencing than P1
despite its smaller degree because it has larger betweenness,
which allows greater participation in information flow and
may coregulate more proteins. These network characteristics
can be captured by testing the distance between two nodes.
Large distances mean that diffusing information from one
node to another may take a longer time or require more
steps. Thus, betweenness, which is related to distance, may
be more appropriate in reflecting information flow based on
biological regulation [36]. However, these network centrality
measurements are correlated [37] and appear to complement
each other in some cases. Each of these three measurements
has been elaborated in a number of ways, and the locations
of nodes are described in terms of how close they are to
the center of the network. Network analysts are more likely
to refer to their approaches as descriptions of centrality.

NIMS [38], which is a network-based approach for screening
synergistic drug combinations in TCM, has integrated these
three measurements into the topology score, which is used
to indicate node importance. To identify genes that change
their expression between two conditions, DiffRank, a novel
network-based algorithm, was proposed. Betweenness was
integrated into DiffRank as a structural scoringmeasure [39].

Thus, the distance between nodes in a network may
be another important characteristic of a biological network
based on the assumption that closer proteins have more
similar functional annotations [40]. An analysis of network
distances between regulated genes found that genes regulated
by structurally similar drugs are significantly closer than
genes regulated by dissimilar drugs [41]. Randomwalk,which
describes a walker who walks randomly from node to node
along edges in a network, was used to identify the relationship
between disease and genes by calculating functional distance
between nodes [42, 43]. The shortest path distance (SPD) is
often used for network topology construction in pharmacol-
ogy studies [38, 44]. For instance, SPD is applied to measure
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Table 2: Network analysis tools.

Name/platform Description Type Webpage

Cytoscape

An open source software platform for analyzing and
visualizing complex networks: integrating a lot of
plugins (Apps) concerning network analysis,
communication scripting, and functional enrichment
for biological network analysis. In addition, the package
allows third-party developers to extend functionality of
network analysis based on Java script [22, 23].

Free http://www.cytoscape.org/

Pajek

A particularly useful package for the analysis of very
large networks: integrating many network analysis
methods. Thanks to its specific.net data file type, most
of the algorithms of network analysis run quickly and
scale well [167].

Free http://pajek.imfm.si/doku.php

NetworkX

A Python-based package for comprehensive analysis of
complex networks: integrating many network analysis
methods including network structure and analysis
measures.

Free http://networkx.github.io/

Ucinet

A comprehensive package for the analysis of network:
providing many network analysis methods as well as
multivariate statistics. In addition, the package has
strong matrix analysis such as matrix algebra and can
be used to analyze different mode network data.

Commercial use http://www.analytictech.com/ucinet/

NetMiner

An application software for exploratory analysis and
visualization of large network data: providing 73 kinds
of network analysis modules, 25 kinds of statistic and
mining analysis modules, 28 kinds of visualization
algorithms, 21 kinds of data transform modules.

Commercial use http://www.netminer.com/

Guess

An exploratory data analysis and visualization tool for
graphs and networks supporting Python which
facilitate to the researcher working on graph structures
in their own manners.

Free http://graphexploration.cond.org/

Complex
Networks
Package for
Matlab

Providing a comprehensive framework for both static
and dynamic network analysis in Matlab. Free http://www.levmuchnik.net/Content/

Networks/ComplexNetworksPackage.html

QuACN

An R Package for analyzing complex biological
networks: providing function of analysis, classification
and comparison for networks by different topological
network descriptors [168, 169].

Free http://cran.r-project.org/web/packages/
QuACN/

the similarity between drugs [45] or between the binding
site and a ligand [46] in the context of biological interaction
networks or to compare entire networks [47, 48].

3.2. NetworkMode. Anetwork can be classified into different
modes according to the number of kinds of nodes. In general,
given a network 𝐺 = (𝑉, 𝐸), where 𝑉 is a set of nodes and
𝐸 is a set of edges, if 𝑉 has 𝑘 subsets and no two nodes in
the same subset are adjacent, 𝐺 is called a 𝑘-partite network
or 𝑘-mode network [49]. A network with two partitions is a
bipartite network. A simple biological network that contains
the same type of nodes such as PPIs is a 1-partite network or a
standard network, where 𝑘 equals 1. However, in many cases,
biological network databases provide specialized data with
different types, and researchers prefer to examine interactions
between different types, such as disease-target and drug-
target networks. Amulti-partite network is difficult to analyze

Bottleneck

Hub

P1

P2

Figure 2: Illustrative example for measuring the basic properties of
a network.

because of its asymmetry. As most network methods are
developed based on the standard network, a multipartite
network can be analyzed by transforming it into a single
partite network, which can be easily achieved throughmatrix



8 Evidence-Based Complementary and Alternative Medicine

Bipartite network
(2-mode network)

1-partite network
(1-mode network) Multimodal network

D1

D1 D1

D2

D2 D2

D3

D3 D3

D4

D4 D4

T1

T1
T1

T2

T2
T2

T3

T3 T3

T4

T4
T4

T5

T5
T5

T6

T6 T6

T7

T7 T7

T8
T8

T8

Target Disease

Conditional
reconstructing

Disease-disease

Target-target

Figure 3: Illustrative example of network mode transformation.

Subgroups

Figure 4: Network subgroups.

algebra. Figure 3 shows an example of a bipartite disease-
gene network. Disease nodes are D1 (its targets are T1 to
T2), D2 (its targets are T2 to T4), D3 (its targets are T2 to
T6), and D4 (its targets are T4 to T8). This bipartite network
can be represented by matrix 𝑀

𝑖𝑗
, (𝑖 = 1, 2, . . . , 8, and 𝑗 =

1, 2, . . . , 4), where 𝑀
𝑖𝑗
= 1 denotes disease 𝐷

𝑗
, which has

target 𝑇
𝑖
. This bipartite network can be transformed into

two 1-mode networks through matrix multiplication after
excluding self-interactions, namely, disease-disease network
by 𝑀 ∗ 𝑀 and target-target network by 𝑀 ∗ 𝑀. A
disease-disease network is constructed by sharing a target,
and a target-target network is constructed by sharing a
disease. These two 1-mode networks can be analyzed by
using various network methods, such as calculating basic
properties. Although analyzing 1-mode networks provides
deeper insights into the relationship between the same kind of
entities, identifying the interactions between different entities
would be more valuable. A supervised learning integration
method of a bipartite network was proposed for TCM
network pharmacology to identify potential targets based
on known drug-protein interactions by using a predicting
model [50]. The proposed approach performed better than
the nearest neighbor- and weight-based algorithms. Fuzzy
clustering and spectral coclustering algorithms were applied
for 𝑘-partite network analysis in network pharmacology
[49, 51]. A tripartite disease-gene-protein complex network
was decomposed by using the fuzzy clustering algorithm to
determine structures in a network with multiple types of
nodes.

A 𝑘-partite network that has adjacent nodes in the same
subset and is more heterogeneous, which is beyond the
definition of a 𝑘-partite network, is called a multimodal
network (MMN) [52], which is very common in biology.
Metabolic pathways, gene regulation networks, and signaling
pathways are some examples of MMNs whose structures are
modeled heterogeneously. In the above-mentioned bipartite
network transformation, two 1-mode networks are given. We
reconsider the relationship between diseases based on exist-
ing information and stipulate that two diseases are correlated
(nodes are adjacent) only when they share two or more
targets. A simpleMMNis constructed by usingmatrix combi-
nation, as shown in Figure 3 (rightmost portion), and reflects
three kinds of relationships: disease-disease, target-target,
and disease-target, which provides more information than
the 𝑘-partite network. Complicated networks require more
complicated analysis methods. CIPHER-HIT [53], a hitting
time-based method that integrates modularity measure into
the network inference, was proposed for the prediction of
disease genes and disease subtypes on the phenotype-gene
MMN. CIPHER-HIT can significantly improve disease gene
predictions on modularity levels and does not require preset
parameters, unlike the random walk with restart [53]. A
case study on breast cancer by using CIPHER-HIT was
also given in this paper; two critical breast cancer subtypes
were identified, which could reveal the potential genetic and
phenotypic properties of breast cancer [53].

3.3. Community Structure and Subgroup Analysis. Network
analysis commonly focuses on certain issues, one of which
is subgroup structures. Figure 4 illustrates a simple network
with several subgroup structures in which network connec-
tions are dense, but between which they are more sparse
[54]. Therefore, network structure can be viewed from three
different levels: individual, subgroup, and entire network
[55]. Divisions of biology entities into groups could be a
very important aspect of biological network structure. In
addition, analyzing the structures of PPI networks could
help biologists identify important biological units such as
protein complexes and functionalmodules [56]. Understand-
ing how biological entities play a role in the entire network
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Table 3: Network-based subgroup analysis approaches in TCM.

Algorithm Description Application and findings

BK

Bron-Kerbosch algorithm: an efficient algorithm for
finding all maximal cliques of a network. The recursive
procedure for optimizing candidate selection is
performed based on the three different sets (R, P, X) of
nodes, where R represents the currently growing clique
(initially empty), P denotes prospective nodes, and X
stands for the nodes already processed [69].

Applied for the discovery of basic formula (BF) in
herbal prescriptions of the famous TCM expert. Three
BFs for psoriasis and four BFs for eczema were found
[58].

K-core
A subnetwork detecting methods to find the required
clusters in which all the nodes have at least k degree
[64].

Applied for the subnetworks analysis of TCM
ingredients target-target network, as well as for the
measuring centrality of nodes by “𝐾 value” [77].
Applied for clustering symptoms for differentiating
TCM syndrome of coronary heart disease based on the
symptom-symptom network [76].

IPCA A network-based clustering algorithm to identify
subgroups based on the new topological structure [170].

Applied for clustering functional proteins of PPIs
network based on TCM cold and hot syndromes [80] or
TCM therapy [123].

CPM Clique percolation Method for finding such a subgroup
that corresponds to fully connected k nodes [56].

Applied for detecting synergistic or antagonistic
subgroups of clinical factors networks in TCM tumor
treatment [78].

SA
A simulated annealing algorithm, which is a generic
probabilistic metaheuristic of the global optimizing for
decomposing the networks [73].

Applied for subgroups detecting based on
pathway-pathway association network for salvianolic
acid B [79].

is important. For instance, in biological networks, some
entities may act as bridges between subgroups and could be
potential bottleneck nodes, while others may all be related
within a single subgroup and could be potential hub nodes
that could be important in understanding the biological
process.The differences in the functions of entities may result
from the different ways that entities are embedded in the
structure of subgroups within a network. In TCM, most
prescriptions commonly have some relatively smaller fixed
composition(s) that can be called a basic formula (BF) [57].
Adding and/or subtracting herbs fromBFs are usually carried
out to produce a personalized treatment.Therefore, BFs could
be implied by subgroups in herb-herb networks [58–60].
An herb-herb network, where subgroups overlap, provides
insights into the TCM principle of treating the same disease
by using different methods or treating different diseases by
using the same method. Approaches to understanding the
subgroup structure of a network have been developed. Some
of these methods are based on graph theory, such as spectral
bisection method [61] and Kernighan-Lin algorithm [62],
while some are based on sociological methods, such as 𝑘-
plexes [63], 𝑘-cores [64], CPM [56], and maximal clique
algorithms [65–69].Other approaches are based on clustering
methods, such as optimization-related algorithms [70–73]
and similarity-related methods [74, 75]. For TCM-related
networks, network-based subgroup analysis methods are
summarized in Table 3. Several subgroup analysis methods
have been applied in the analysis of different types of net-
works in TCM, such as herb-herb [58], symptom-symptom
[76], target-target [77], factor-factor [78], and pathway-
pathway networks [79]. Thus, valuable herb combinations
(basic formulae) [58], meaningful symptom groups [76], or
biological entities [80] for differentiating syndromes, and

instructive therapy combinations for tumor treatment [78]
have been obtained and provide a more comprehensive
understanding of TCM principles.

4. TCM Network Pharmacology

A general framework for TCM network pharmacology
research is shown in Figure 5. The flowchart shows two
main types of analysis flows, whose starting points are
the TCM object and disease. The key challenge for TCM
network pharmacology research is the construction of drug-
and disease-related networks, which requires different steps
and methods. Although high-throughput experimental tech-
nologies offer considerable information, these technologies
are often expensive and time consuming. Using existing
information from databases appears to be more efficient
but is not consistently sufficient. Advancements in systems
biology have ensured that any information on both biologi-
cal/medical resources and methodology can be obtained to
facilitate TCM network pharmacology research. TCM net-
work pharmacology and modern systems biology share most
resources. This resource sharing explains to some extent why
researchers view TCM network pharmacology as a bridge
between TCM and modern medical science. The following
sections discuss the practice of TCM network pharmacology
and the resources and computational methods/tools it uses.

4.1. Network Construction. The key in network pharmacol-
ogy is the construction of the network.The network pharma-
cology research process usually begins from the identification
of drug- or disease-related biological entities (gene, protein,
and metabolite) and then proceeds by constructing drug- or
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Herb combinatorial rules New potential treatment
application

Syndrome underlying
knowledge New potential herb pairs

Figure 5: General TCM network pharmacology framework.

disease-related networks that could reveal underlying rela-
tionships by analyzing network topology properties. How-
ever, inTCM, constructing drug-related networks is different.
Drug-related networks in TCM include herb/active ingre-
dient (AI)-herb/active ingredient (AI) network and target-
target network.Herb/AI-herb/AI network can be constructed
by sharing formulae, targets, or disease/phenotypes, whereas
target-target network can be constructed by sharing herb/AI.
As herbal formulae are a major form for treatment in TCM,
herb-herb networks that could reflect herbal combinatorial
rules are particularly interesting. Li et al. [59] initiated a TCM
network pharmacology based on an herb-herb network and
proposed a DMIMmethod for constructing the network that
assessed the herb-herb relationship based on both distance
score andmutation information association. Identification of
AI in herbs is the first step. TCM modernization in the past

few decades has enabled the retrieval of most known AIs in
herbs from the literature or databases, although available data
are not comprehensive. The challenge is to detect AI targets.
AI identification is an easy method for constructing TCM
drug-related networks based on existing resources. However,
a shortcoming of current TCM-related interaction databases
is that they contain a rather small number of interactions
that have been validated experimentally. Many interactions
remain unknown. Thus, methods that predict and iden-
tify new interactions should be developed. Experimental
technologies such as “Omics” technologies are beyond the
scope of this review. Table 4 summarizes useful methods or
algorithms for AI target identification. Although only a few of
these methods have been applied for TCM, all are instructive
and could facilitate TCM drug-related network construction.
Figure 5 shows the two main computational strategies for



Evidence-Based Complementary and Alternative Medicine 11

Active ingredients Molecule
descriptors

Computational
models

Protein descriptors
Molecular
docking

Active ingredient-protein
interactions

Specific proteins

Figure 6: General chemoinformatics protocol for identifying AI-protein interactions.

AI target identification: chemoinformatics and network-
based methods. The goal of chemoinformatics is to describe
relationships between targets and ligand- or structure-based
information from AI. The general protocol of chemoinfor-
matics for identifying AI-protein interactions is shown in
Figure 6. First, structure information of AI is retrieved from
databases such as ChEMBL (https://www.ebi.ac.uk/chembl)
or TCM Database@Taiwan (http://tcm.cmu.edu.tw). The
structure information is then imported into a chemical
software such as Dragon (Talete Inc.), Cerius2 (Accelrys,
Inc.), MOE (Chemical Computing Group Inc.), or Sybyl
(Tripos Inc.) to calculate the molecular descriptors, while
protein descriptors are obtained from databases such as
PDB (http://www.rcsb.org/pdb). Second, molecular docking
is performed to infer the relationship between ligand and
protein, or computational models are established to model
the relationship between molecular and protein descrip-
tors. Finally, AI-protein interactions are obtained through
model prediction or by ranking the dock score. In this
strategy, supervised machine learning algorithms such as
k-nearest neighbors (KNNs) [81], support vector machine
(SVM) [82–84], random forests (RFs) [82, 83], and Bayesian
classifiers [85–87] are often used to establish classifica-
tion models (Table 4). These algorithms require known AI-
target information that is usually obtained from DrugBank
(http://www.drugbank.ca) to train the models to successfully
predict unknown information. Li et al. [83] proposed a
network-based approach to reveal the mechanisms of action
of three representative Chinese herbs (Ligusticum chuanx-
iong Hort., Dalbergia odorifera T. Chen, and Corydalis
yanhusuo WT Wang) that are used to treat cardiovascular
disease (CVD). RF and SVM were used to establish the
drug-target models based on 6,511 drugs and 3,999 targets
extracted from DrugBank databases, which indicates good
prediction performance for drug-target interactions [82].The
AI molecular descriptors of the herbs were then calculated
by using Dragon, and the structure information of candidate
proteins was retrieved from the PDB database. As a result,
261 protein targets related to 64 AIs were predicted for
the construction of a drug-target network. In this study,
SVM was also used to predict oral bioavailability (OB) for
screening AIs such that only AIs with good OB were selected
for further analysis. KNN was applied to predict drug-
target interactions [81]. In this paper, the common functional
groups of drugs, instead of molecular descriptors, and four
functional groups of proteins (enzymes, ion channels, G-
protein-coupled receptors, and nuclear receptors), instead

of an entire family, were used to establish the classification
models. In some cases, unsupervised algorithms such as self-
organizing maps are useful [88, 89] and can be used to assess
similarities between chemical and protein features. However,
most chemoinformatic methods often focus on a handful of
proteins without considering that similar drug responsesmay
result from their different targets in the same pathway or in
the same biological process rather than fromhaving common
targets [87, 90, 91]. Information on drugs of one target and its
distance in biological space to other targets can support the
evaluation of new molecules for one or more novel targets
[92]. Recent studies that combine different types of data such
as protein-protein interactions have shown how computa-
tional analysis can identify drug targets [91, 93, 94]. Network-
based approaches such as drugCIPHER [91] and WNBI [93]
are good examples (Table 4). DrugCIPHER [91] integrates
both drug therapeutic similarity (TS) and chemical similarity
(CS) and uses a network topology property, namely, drug-
protein closeness based on the PPI network, as drug genomic
relatedness tomodel the relationships between drugs and tar-
gets. Three linear regression models, namely, drugCIPHER-
TS, drugCIPHER-CS, and drugCIPHER-MS,which relate TS,
CS, and their combination, respectively, are established. A
comparison indicates that drugCIPHER-MS performs signif-
icantly better than the others, having successfully predicted
the high-ranking proteins of Oxytocin and Nefazodone in
the database. WNBI [93] integrated both drug-based and
target-based similarity inference. Node-weighted network-
based inference and edge-weighted network-based inference
are then proposed by matrix operation. This approach can
handle the weighted drug-target interaction network.

Constructing disease-related networks is not easy
because disease biology is extremely complex. The progress
of high-throughput interaction discovery experimental
technologies enhanced the quality of PPI maps, which
have become valuable tools that help in understanding the
underlying mechanisms of diseases [95]. A prerequisite to
the construction of disease networks is the availability of
interaction information. Disease-related networks include
disease-gene/protein, gene/protein-gene/protein, disease-
phenotype, phenotype-phenotype, and disease-disease
networks, among others. A critical step for the construction
of disease-related networks is the identification of disease-
gene/protein interactions.These interactions can be achieved
in various ways, which is similar to the identification of
AI targets. Most TCM network pharmacology researchers
retrieve disease gene/protein based on databases such as
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Table 4: Computational methods/algorithms for network pharmacology.

Type Method and algorithm Description Application#

Network based

drugCIPHER
A network-based method for drug-target identification based on
three linear regression models which integrates drug therapeutic
similarity, chemical similarity, and the relevance of targets on PPIs
network, respectively [91].

H[91, 124, 132]

DMIM A distance-based mutual information model for indicating the
relationship of herbs in TCM formulas [59].

H[59]

WNBI A weight network-based inference method for drug-target prediction
by integrating drug similarity and known target similarity [93].

H[93]

CIPHER
A computational framework based on a regression model which
integrates PPIs, disease phenotype similarities, and gene-phenotype
relationships [101].

D[101]

LMMA A reliable approach for constructing disease-related gene network,
which combines literature mining and microarray analysis [102].

D[102]

ClustEx
A two-step method based on module identification in PPIs network
by integrating the time-course microarray data for specific
disease-related gene discovery [171].

D[171]

MIClique Identifying disease gene subsets by the combination of mutual
information and clique analysis for biological networks [103].

D[103]

rcNet
A coupling ridge regression model established based on the known
phenotype-gene network for predicting the unknown ones by
maximizing the coherence between them [172].

D[172]

WSM A similarity based method for weighted networks matching [104]. D[104]

SCAN A structural clustering algorithm based on biological networks for
functional modules discovery [173].

D[173]

CIPHER-HIT A hitting-time-based method for predicting disease genes, which
combined the modularity measure into the network inference [53].

I[53]

ComCIPHER An efficient approach for identifying drug-gene-disease comodules
underlying the gene closeness data [116].

I[116]

PPA Ping-Pong algorithm: an efficient algorithm for predicting drug-gene
associations based on multitypes of data [115].

I[115]

ISA Iterative signature algorithm for searching the modules in
heterogeneous network [118].

I[118]

NSS A network stratification strategy to analyze conglomerate networks
[174].

I[174]

Machine learning/others

KNN K nearest neighbor algorithm: a classical supervised classification
algorithm based on closest training samples in the feature space.

H[81]

SVM
Support vector machine: a supervised kernel based classification
algorithm based on the support vectors which are obtained after the
training process by transforming original space into kernel space.

B[82–84, 96, 97, 175]

GIP
Gaussian Interaction profile: an efficient classification algorithm for
predicting drug-target by constructing a kernel function from the
known drug-target interaction profiles [176].

H[176]

RF Random forest: an ensemble learning method for classification based
on a multitude of trained decision trees.

B[82, 83, 177]

Bayesian classifiers A popular supervised classification method based on probabilistic
graphical model.

B[85–87, 98, 99]

SOM
Self-organizing maps: a unsupervised technology based on
competition among the output neurons for assignment of the input
vectors to map input observations to an output space represented by a
grid of output neurons for similarity assessment.

B[88, 89]

SEM
Similarity ensemble methods: usually based on several similarity
index such as Tanimoto coefficient(Tc) [107, 108] or Jaccard
coefficient (Jc) [109].

B[38, 110, 111]
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Table 4: Continued.

Type Method and algorithm Description Application#

PCA
Principal component analysis: a classical data reduction technique for
revealing the interrelationship among many variables by creating
linear combinations of them into a few new variables to facilitate
clustering and model analysis.

B[100, 124, 178]

Application#: Hherb-related networks construction; Ddisease-related networks construction; Iintegrative analysis; Bboth herb- and- disease-related networks
construction.

OMIM (http://www.omim.org), whereas others develop
computational methods to assess the susceptibility of
genes to diseases. Some of these methods are based on
bioinformatics models such as machine learning algorithms
(Table 4). These methods, which are mostly based on gene
expression pattern recognition, assume that some disease
genes are already known and detect candidate genes based
on established classification models; SVM [96, 97] and
Bayesian classifiers [98, 99] are often used. Microarray gene
expression data sets contain a large number of features.Thus,
several dimension reduction methods are useful, such as
principal component analysis [100] and maximum relevance
minimum redundancy [81]. Other methods are network-
based approaches (Table 4) that integrate different types of
data for analysis. Wu et al. [101] developed the network-
based tool CIPHER to predict disease genes. CIPHER was
based on the characteristics of genes that share a mutant
phenotype, which are closely linked in the network. This
approach integrates phenotype similarity and gene closeness
based on the PPI network and uses their correlation as
a disease predictor to establish the linear model. LMMA
[102] was proposed by the same group and was developed
for disease-related network construction, which combined
text mining and multivariate statistics. LMMA initially
constructs a literature mining-based network (LM) by using
literature information from a database such as PubMed
(http://www.ncbi.nlm.nih.gov/pubmed). The microarray
information is then integrated into the approach. The
construction of an LMMA-based network is facilitated after
the LM-based networkwas refined through stepwisemultiple
variable selection. LMMA was applied for the construction
of angiogenesis network. Compared with the LM-based
approach, LMMA could significantly eliminate false positive
relations to obtain a more reliable interaction network.
Some recent subgroup analysis-based approaches, such as
MIClique [103], WSM [104], and CPM [105], can identify
the disease-gene relationship. Most of these approaches were
not applied on TCM network pharmacology, but they are all
instructive.

Similarity ensemble method (SEM) is widely used in
many aspects of network pharmacology research. In con-
trast to model-based approaches, SEM offers a model-free
alternative because of its nonparametric characteristics [106].
Similarity metric, Jaccard similarity coefficient [107], and
Tanimoto similarity coefficient [108, 109] are often used in
TCM network pharmacology research to assess GO function
similarity [38], compound structure similarity [110], or drug-
likeness calculation [111].Thesemethods are adopted because
network pharmacology variables are usually binary coded

strings. These methods originated from different cases, but
they are mathematically equal [112].

4.2. Integrative Analysis. Integrative analysis is a complicated
process in network pharmacology research. Researchers are
now compelled to handle different types of lines and nodes
because of multiple network construction. An easy solution
is the use of functional annotation analysis for common
elements based on prior knowledge. For example, 54 targets
and 9 signal pathways were extracted from a CVD-related
gene network after TCM drug-target network construction.
These targets could reveal the biological mechanism of herbs
used for treating CVD [83]. A comparison among network
topology properties is also useful. Ye et al. [113] investigated
the mechanism of Chuanxiong Rhizome-Paeonia Albifora
Pall (HP CXR-PAP) in osteoarthritis treatment. Some similar
characteristic distributions of network properties between
herbal ligand-target network and drug-ligand network (data
source from DrugBank) indicate that the mechanism of
HP CXR-PAP on this disease has potential drug-likeness or
lead-like compounds. Li et al. [59] compared the average
shortest path distance (ASPD) between networks and found
that ASPD between TCM drug-target and specific disease
genes was significantly smaller compared with that between
TCM drug-target and a randomly selected disease. This
finding implies the rationality of these TCMdrugs in treating
specific diseases. Some useful alignment methods such as
IsoRankN [114] can also identify the best mapping based on
clustering and allows multiple network comparison. Module
approaches for integrative analysis are more informative.
Searching for modules is relatively easy if the network
is simple. Thus, several network-based subgroup methods
(Table 3) can be used. However, biological networks in
most cases are composed of multiple types of nodes and
edges. The “comodule” approach, which is another effective
computational analysis method, was initially proposed by
Kutalik et al. [115] and introduced to TCM pharmacology by
Li et al. [59, 116, 117]; “comodule” does not have a precise
definition. This approach is an analysis strategy rather than
a tool in network pharmacology. The basic idea of comodule
is to searchmodules (subsets) in heterogeneous (multimodal)
or multilevel networks with similar patterns and perform an
integrative analysis of their connections between or within
groups. Li et al.[59] initially performed comodule analysis
on multilevel networks to determine the combination rule
of TCM formula. The herb, biomolecular, and disease mod-
ules in this module were extracted from herb, biological,
and disease networks, respectively. Biomolecular modules
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support the treatment of specific disease modules by herb
modules through overlapping and functional annotation
analysis. Comodule analysis also allows the investigation of
multiple types of lines and nodes. Table 4 lists a number of
comodule methods. ISA [118], PPA [115], and CIPHER-HIT
[53] can handle two distinct types of node associations and
their shared node modules on the network. comCIPHER
can detect modules on a network that has three types of
node relationships, such as the drug-gene-disease heteroge-
neous network. This method handles the dataset as a huge
matrix. Row denotes gene space, whereas column denotes
drug and disease spaces. Markov chain Monte Carlo was
used to initially select genes as modules in the row space.
The chain determined by using the Gibbs sampler and the
Metropolis-Hastings algorithm is then moved. Partitioning
was performed in the row and the column spaces to divide
the genes into different modules. The column space (drug
and disease) was partitioned into two categories, namely,
associated and nonassociated with the same row of gene
module. Comodules, including genes and their drugs and
diseases, could be achieved through Bayesian partitioning
after presenting the distributions of drug-gene and disease-
gene profile values. This algorithm has two advantages. First,
the drug-gene and disease-gene relationships are simulta-
neously investigated within the same module to facilitate
the identification of potential associations between drugs
and diseases. These associations are meaningful and might
suggest new drug applications and side effects. This paper
shows that comCIPHER successfully identified two drugs
(Pranlukast and Minocycline) as new treatment for human
cancer. Second, modules obtained by using comCIPHER
seem more compressed compared with those obtained by
using other module analysis methods such as PPA. This
finding might provide a clearer insight into the association
between drugs and diseases because of high network inter-
connections.

4.3. Applications. Network pharmacology, as a distinctive
new approach for TCM research, includes the application of
network analysis to identify the group of proteins that are
most critical in diseases and to recognize chemical molecules
that can target that group of proteins. Network pharmacology
is similar to other computational tools and generally has
two main functions (Figure 5). One function is the under-
standing/uncovering function, which involves providing a
deeper insight or scientific evidence for TCM knowledge
or breaking down existing TCM knowledge and identifying
them as scientifically proven. The other function is the
predicting/discovering function, which involves extending
knowledge or providing new hypotheses by building on
existing TCM knowledge by using more reliable network
models. The following sections discuss these functions in
detail.

4.3.1. Understanding/Uncovering the TCM Principle of Treat-
ing Complex Diseases. TCM treatments are holistic, consid-
ering the patient as a whole rather than focusing solely on
the disease. This characteristic agrees with the concept that

various complex diseases result from dysregulation of mul-
tiple pathways and changes in expression of a large number
of genes, proteins, and metabolites. Network pharmacology
provides a deeper insight into TCM treatments and helps
uncover action mechanisms on a biological basis. Recent
progress in TCM network pharmacology research revealed
the biological molecular mechanisms of TCM treatment of
many complex diseases (Table 5). CVD is a class of diseases
that involves dysfunction of the heart or blood vessels. Zhao
et al. [119] identified 1,619 proteins involved in 33 pathways
after mapping CVD drug targets from DrugBank.These pro-
teins could be regarded as candidate protein targets related
to CVD. Different medications are employed to treat this
disease. TCM herbs or formulae that can effectively promote
blood circulation for removing blood stasis (“Huo Xue Hua
Yu”), such as Salvia Miltiorrhiza, Ligustici Chuanxiong, and
Panax Notoginseng, are often used. Li et al. [37] constructed
a compound-potential target network and a compound-
pathway network based on the Compound Danshen Formula
(CDF). This approach identified 41 potential targets of CDF
that are significantly related to CVD and the involvement of
threemain pathways, namely, PPAR signaling, glucocorticoid
and inflammatory, and L-arginine/NO signaling pathways.
Wang et al. [120] proposed the network pharmacology
method to investigate the mechanisms of four clinically
and widely used herbs (Radix Astragali Mongolici, Radix
Puerariae Lobatae, Radix Ophiopogonis Japonici, and Radix
Salviae Miltiorrhiza) for CVD treatment. Twenty-one out
of 68, 19 out of 77, 13 out of 34, and 19 out of 77 targets
were related to CVD, respectively. Astragaloside IV, one
of the main AIs of Astragalus Membranaceus, identified
39 distinct proteins as putative targets related to CVD.
Thirty-three proteins can be classified into eight functional
classes that are related with CVD pathogenesis, such as
the regulation of vasoconstriction and vasodilation, blood
coagulation, calcium ion related,MAP kinase activity related,
and others [119]. Rheumatoid arthritis (RA) is induced by
several complex processes, including inflammatory response,
excess synovial fluid, and the development of fibrous tissue in
the synovium [121]. TCM regards RA as a blockage disease.
Thus, the main treatment principle for RA is the removal
of dampness and dredging the channel [122]. Several studies
in network pharmacology [77, 123, 124] provided biological
molecule evidence for the rationality of this principle. Wu-
Tou-Tang (WTT) [77] and Qin-Luo-Yin (QLY) [124] are
classical TCM formulae that could be used for treating RA.
WTT [77] is composed of five herbs, namely, Radix Aconiti,
Herba Ephedrae, Radix Astragali, Raidix Paeoniae Alba, and
Radix Glycyrrhizae. Yan et al. [77] collected the structure
information of 165 compounds of WTT. After analyzing the
topological features of both PPI and drug-target networks,
nine proteins with higher values of centrality properties
were identified as major candidates of effector modules of
WTT. Six proteins, namely, ADRB2, ADRA1B, HSP90AA1,
STAT3, NR3C1, and TUBB, were significantly associated with
RA. Twelve proteins/genes in QLY are related with RA.
These proteins were related to angiogenesis, inflammatory
response, immune response, and NF-𝜅B activity.
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Table 5: TCM network pharmacology for understanding the treatment principle of complex diseases.

Disease/action# Related ingredient/herb/formula Reference
T2DM Tangminling pills [134]
APL Realgar-indigo naturalis formula [179]

RA
Yishen juanbi tablet [123]
Qing-Luo-Yin [124]
Wu Tou Tang [77]

CVD

Ligusticum Chuanxiong Hort., Dalbergia Odorifera T. Chen and Corydalis
Yanhusuo WTWang [83]

Radix Astragali Mongolici, Radix Puerariae Lobatae, Radix Ophiopogonis
Japonici, and Radix Salviae Miltiorrhiza [120]

Compound Danshen formula [37, 180]
Astragaloside IV [119]
Salvianolic acid B [79]
Radix Curcumae formula [111]
Salvia Miltiorrhiza, Safflower, Ligustici Chuanxiong, Herba Erigerontis,
Semen Persicae, Panax Notoginseng, Radix Paeoniae Rubra [181]

Tiao-Pi-Hu-Xin formula [182]

OA Chuanxiong Rhizome, Paeonia Albifora Pall [113]
Tao-Hong-Si-Wu decoction [183]

Alzheimer Ginkgo Biloba, Huperzia Serrata, Melissa Officinalis, Salvia Officinalis [184]
Anti-angiogenesis Sixty-one herbal ingredients [38]
Sepsis Xue-Bi-Jing formula [185]

Cancer Kang Ai Pian [186]
Ganoderic acid D [187]

Influenza Lonicera Japonica and Fructus Forsythiae [188]
Maxingshigan-Yinqiaosan formula [189]

Hepatoprotection Yin-Chen-Hao-Tang [190]
GBS Gui-Zhi-Fu-Ling capsule [191]
AWI Zhike Chuanbei Pipa dropping pills [192]
CKD Sixty-two herbs [193]
#T2DM: type II diabetes mellitus; APL: acute promyelocytic leukemia; RA: rheumatoid arthritis; CVD: cardiovascular disease; OA: osteoarthritis; GBS:
gynecological blood stasis; AWI: airway inflammation; CKD: chronic kidney disease.

4.3.2. Understanding/Uncovering Herb Combinatorial Rules
in TCM. The role of herbs in TCM formulae should be
understood because their combinatorial rules might reflect
underlying principles of TCM therapies. TCM formulae are
composed of herbs that play different roles during treatment.
“Jun” represents the principal component and treats themain
disease directly. Other herbs, namely, “Chen” (minister),
“Zuo” (adjuvant), and “Shi” (courier) [125], help enhance
the effects, treat the accompanying symptoms, and facilitate
the delivery of the principal component, respectively. Several
researchers [37, 111, 124] provided some good examples to
clarify the roles of herbs in formulae at a biological molecular
level by using network pharmacology. Zhang et al. [124]
examined the roles of herbs in QLY for RA treatment. QLY
is composed of four herbs, namely, Sophora Flavescens (SF),
Sinomenium Acutum (SA), Phellodendron Chinensis (PC),
and Dioscorea Collettii (DC). Target network analysis and
functional annotation analysis indicate that SF, which is a
“Jun” herb, performs principal processes in the development

of RA. These processes include angiogenesis, inflammatory
response, and immune response, which are consistent with
the function of this herb. Other herbs served as comple-
ments by regulating RA-related genes. Other studies [37, 111]
examined herb combinatorial rules based on OB prediction
before network construction. Tao et al. [111] explained the
combinatorialmechanism ofRadix Curcumae formula (RCF)
and predicted the potential targets related to CVD. RCF
includes four herbs, namely, Radix Curcumae (RC), Fructus
Gardeniae (FG), Moschus (MS), and Borneolum (BM). This
paper predicted the OB of herbal ingredients based on
the developed silicomodel [126]. Drug-likeness index was
calculated based on Tanimoto similarity. OB and drug-
likeness were used to select candidate compounds. Seventy-
four candidate compounds with good OB were obtained.
The number of candidate compounds explained the roles of
herbs in this formula. Forty-five out of 74 compounds were
involved in the “Jun” herb (RC), 19 out of 74 compounds
were involved in the “Chen” herb (FG), 12 compounds were
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involved in the “Zuo” herb (MS), and only three compounds
were involved in the “Shi” herb (BM). The percentage of
overlapping targets also supported the combinatorial rule.
The number of shared targets between “Jun” and “Chen”
was larger than that between “Jun” and “Zuo.” No shared
targets were found among “Jun,” “Chen,” and “Shi.” These
results illustrate the different roles of herbs in RCF for CVD
treatment. Their study investigated the mechanisms of CDF
for the same disease.The results also indicate the feasibility of
this analysis to uncover the herb combinatorial rules in TCM
formulae [37].

4.3.3. Understanding/Uncovering the Underlying Principle of
TCM Syndromes. Syndrome is the basic concept in TCM
theory. Most of its contents are abstracted and inferred from
direct observation and experience. Syndrome differentiation
guides TCM therapies. Given the importance of syndrome
differentiation, its underlying principle should therefore be
investigated. Network pharmacology is a powerful tool for
understanding TCM syndrome on a molecular level [10,
127]. Li et al. pioneered this approach [10, 127, 128] and
explored relationships between syndrome-related diseases
and the neuroendocrine-immune (NEI) system based on
the basic properties of a syndrome network (hot and cold)
[127, 128]. A hot syndrome network was constructed based
on 38 related diseases, and a cold syndrome network was
constructed based on 21 related diseases. Biological entities
as network nodes were classified into hot and cold genes
based on a predefined topological temperature. The study
conducted functional annotation analysis for hub nodes of
networks and topological temperature comparison, which
indicated that the molecular foundation of hot syndrome
was mainly associated with immune-related genes, and cold
syndrome was primarily based on hormone-related genes
[127]. Ma et al. [128] selected 16 family members that have a
history of cold syndrome to examine gene expression levels.
Twenty-five differentially expressed genes were identified.
Thirteen genes interacted with NEI cold or hot genes by
expanding the network based on PPIs. Twelve pathways
of these interaction genes were identified as metabolism-
or energy-related, which indicated the relationship between
TCM syndrome and energy metabolism in the context of
the NEI network. The natural properties of herbs may
indicate the principle behind TCM, such as “cooling the
hot and warming the cold.” Two classical formulae, namely,
CWHF and HCHF, were applied to the rat model of
collagen-induced arthritis after identifying the hub genes
of the cold and hot networks. These formulae represent
cold syndrome-oriented and hot syndrome-oriented herbal
treatments, respectively. CWHF suppresses the hub genes
of the cold network, and HCHF tends to affect the hub
genes of the hot network [127]. In another study, Li et
al. [59] found that major ingredients paired with “warm”
herbs caused synergistic proangiogenic activity. Their recent
study [129] further explored hot and cold syndromes by
using a network balance model. Bioinformatics and clinical
information were combined to establish the network model

for identifying biomarkers that reflect network imbalance
in hot/cold syndromes to reveal the biological basis of cold
and hot syndromes in chronic gastritis patients.Thus, several
biomarkers were identified. Higher leptin levels were found
in cold syndrome patients, whereas higher CCL2/MCP1
levels were found in hot syndrome patients. These findings
further revealed the connections between TCM syndromes
and the metabolism and immune system. The potential of
tongue-coatingmicrobiome as a biomarker for characterizing
TCM syndromes was also discussed [130]. Tongue-coating
samples were collected from 19 gastritis patients and 8 healthy
volunteers. These patients were categorized into hot and
cold syndromes based on traditional tongue diagnosis. Next-
generation sequencing data analysis indicated that a total
of 381 species-level operational taxonomic units (OTUs)
differed significantly between groups. Two hundred fifty-one
of these OTUs were classified into 61 genera and 49 species.
These genera and species could be regarded as potential
biomarkers for characterizing hot/cold syndromes.

Lu et al. explored the molecular mechanism of TCM
syndrome on RA patients through network pharmacology
[80, 117, 123, 131]. Their findings indicate that the cold and
hot syndromes of RA patients can be differentiated based
on biological modules. Thirty-three RA patients with cold
and hot syndromes were included. Twenty-one significantly
differentially expressed genes were identified between cold
and hot syndromes after genome-wide expression analy-
sis. RA-related network was constructed by expending the
PPI network by using these genes as seeds. Four signif-
icantly and highly connected groups were obtained after
subgroup network analysis. Group 1 was mostly associated
with signal transduction. Group 2 was related to eicosanoid
metabolic processes, oxidation-reduction reactions, and fatty
acidmetabolic processes. Groups 3 and 4were involved in cell
proliferation [80]. Their other study [131] included healthy
volunteers to further explore the difference of biological basis
of TCM syndrome between RA and normal patients. Thirty-
five differentially expressed genes were identified between the
cold syndrome and normal patients, and 21 genes were iden-
tified between hot syndrome and normal patients by using
similar strategy analysis. Their shared genes were related
to the following pathways: autoimmune thyroid disease,
cell adhesion molecules, T-cell receptor signaling pathway,
rheumatoid arthritis, and proteasome. These pathways also
indicated the different molecular basis between RA and the
normal patients. Jiang et al. then investigated the mechanism
of effect of TCM syndrome on the clinical effectiveness
of interventions [123]. Different therapies showed different
benefits in treating RA patients with different TCM syn-
dromes. For example, TCM therapy is more appropriate
for hot syndrome, whereas biomedical therapy is better for
cold syndrome.These results clarify the relationship between
biological modules and TCM syndromes.

4.3.4. Predicting/Discovering New Potential Targets and Treat-
ment Applications. The predicting/discovering function of
network pharmacology as a computational tool is mainly
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based on the assumption that other nodes, which are topo-
logically closely related to them or their neighbors, might
also be associated if significant node pairs in the network are
known to be associated. The association is not guaranteed,
but it can be used to facilitate the direction of laboratory
testing or to validate and lead to new discoveries. The pre-
dicting/discovering function of new potential targets of drug
is valuable for providing new insights into the mechanism of
drug action and might lead to new treatment applications.
Zhang et al. [132] applied TCM network pharmacology to
explore vitexicarpin (VIT). VIT is extracted from the fruits
of Vitex rotundifolia. They [59] previously found that VIT
has antiangiogenic properties, but the mechanism remains
unknown. This study used drugCIPHER [91] to predict the
target proteins ofVIT.The top 10% targets ofVITpredicted by
drugCIPHER model were selected to construct a drug-target
network to identify significant pathways. Fifty-eight targets of
FDA-approved drugs that directly targeted VEGF signaling
pathways were also collected. Eleven direct target proteins
were obtained based on correlations between the profiles of
the 58 FDA-approved drugs and VIT. SRC and AKT, whose
drugCIPHER scores are ranked at the top 2, were validated
by experiments and computational docking analysis. Thus,
the potential targets of new VIT predicted by network-based
approach illustrate themechanismof its antiangiogenic activ-
ity and lead to its new application as an angiogenesis inhibitor.
Another article provides new insights into rhein [133], which
is a classical natural substance isolated from rhubarb. This
study successfully predicted three new molecular targets for
rhein, namely, MMP2, MMP9, and TNF. MMP2 and MMP9
were significantly associated with cancer-related pathways,
which further illustrates the potential of rhein and its prod-
ucts to be used for cancer relief in China. Gu et al. [134]
conducted network analysis to elucidate the action mecha-
nism of the medical composition, Tangminling Pills (TP). TP
was designed for the treatment of type II diabetes mellitus
(T2DM). A total of 676 ingredients contained in TP were
considered for the construction of drug-target and drug-drug
networks. Five ingredients were significantly associated with
T2DM through subgroup and topology property analysis,
namely, rheidin A, rheidin C, sennoside C, procyanidin C1,
and dihydrobaicalin.Their biological activities of T2DMwere
not reported.These findingsmight expand the applications of
these ingredients. A drug-target network of Yuanhu-Zhitong
(YZP) was constructed to explain its molecular mechanism
[135]. YZP is a classical formula in TCM and is widely
used for the treatment of gastralgia, dysmenorrhea, and
headache. The alkaloids of YZP are highly connected with
the GABA receptor group, which are close to benzodiazepine
receptors. This finding suggests that YZP might serve as an
antidepressant and an antianxiety drug.These potential treat-
ment applications were validated by computational docking
analysis and experiments. Some new indications of CDF (a
classical TCM formula) were also reported [37]. Li et al. [37]
found that CDFmay be potentially applied to treat metabolic
diseases because of its high association with metabolism-
related targets after network pharmacology analysis. These
findings may drive future laboratory or clinical research.
However, they have not been further validated.

4.3.5. Predicting/Discovering New Potential Synergistic Herb/
Ingredient Pairs. An herb pair, which is the most frequent
cooccurrence of two herbs in TCM therapies, is the basic
herbal combinatorial form in TCM formulae. Herb pairs may
achieve better efficacy according to TCM theory. Hundreds
of herb pairs are available in TCM therapies, but their
function in the treatment remains unknown. Discovering
new potential synergistic herb/ingredient pairs is important
for understanding combinatorial rules and designing new
TCM drug compositions. Herb pairs can be mathematically
denoted as the interaction between two herbs. Edges in the
network depict this relationship. Network-based approaches
were proposed to explore the relationship of herbs to achieve
core herbs, core herb pairs, and core herb formulae [58, 59,
136–138]. Li et al. [59] discovered six new herb pairs related
to angiogenic activities by DMIM based on an herb-herb
network. Three of these pairs included Rhizoma Chuanxiong
(RCX), which indicate the importance of this herb. Further
network topology analysis also supported the role of RCX
as a core herb. This herb-herb network also successfully
retrieved most widely known herb pairs and six classical
herbal formulae, which indicate its reliability to a certain
extent. A new herb pair, RCX and Flos Carthami (FC), was
chosen to evaluate the combination effect. This work utilized
tetramethylpyrazine, a compound isolated fromRCX, instead
of RCX and hydroxysafflor yellow A, a compound isolated
from FC. The results validated the synergistic effect of this
herb pair, which also expanded their applications in clinical
therapies in TCM. Their study [38] explored 63 agents,
including 61 herbs or herb ingredients and their combina-
tion effect related to antiangiogenesis by using NIMS. The
advantage of NIMS is its ability to integrate two informative
parameters, topology score, and agent score, which might
increase the reliability and robustness of outputs. Thus, five
new synergistic herbal ingredient pairs were reported, which
were experimentally validated. The rank order of maximum
increased inhibition rate of ingredient pairs obtained from
experiments was identical to that predicted by NIMS, which
further confirmed the synergistic effect of these ingredient
pairs.

5. Perspectives

An overview of TCM network pharmacology and its com-
putational tools was presented. Network pharmacology, as
a new research approach, provides revolutionary opportu-
nities for TCM modernization. Recent studies show that
sufficient information can be obtained to largely enhance
understanding of the underlying principle of TCM when
combined with multiple types of data and computational
tools. It might predict and explain existing TCM knowledge.
Recent successes in TCM network pharmacology research
were achieved in the last decade. However, current TCM
network pharmacology remains in its infancy, and deducing
reliable predictive inferences remains challenging because of
a number of reasons. First, network pharmacology largely
relies on available data sources. Several biological databases
are open source and up to date. Thus, more information on



18 Evidence-Based Complementary and Alternative Medicine

TCM is needed, including the standardization and identifi-
cation of active ingredients, which requires additional exper-
imental technologies and further experimental investigations
into TCM-related biochemistry research to better understand
the mechanisms of TCM drug action. Second, this infor-
mation is collected from various experiments or literature,
thereby resulting in many false positive and false negative
interactions that can be partially attributed to the lack of
reliability and robustness of networkmodels.Therefore,more
powerful computational tools are needed to reevaluate or to
refine more informative interactions. Third, network-based
algorithms have advantages for the analysis of multiple types
of data. However, several current informative network-based
algorithms are limited by network scale because of their
computational cost. Most algorithms are designed for the
analysis of a static network, which ignores the dynamic nature
of molecular systems. Thus, high-performance computa-
tional tools for analyzing large-scale networks and dynamic
networks should be developed for rapid and efficient analysis.
Lastly, the results of network pharmacology studies should be
validated to verify the inferences.The associations, especially
for TCM ingredients and their interactions,maynot be strong
enough to be easily identified by general experiments. Thus,
more sensitive and quantitative experimental techniques are
needed. Most TCM network pharmacology studies focus
on the efficacy of an herb or formulae. However, concerns
over drug toxicity increased significantly in the past decade.
Research on the mechanism of adverse side effects or iden-
tification of the “off-targets” of TCM drug is valuable for
the reevaluation of TCM clinical efficacy and the design of
new TCM therapies, which may become the future direction
of TCM network pharmacology research. Another interest-
ing aspect is the interactions between TCM and Western
medicines, which may illustrate how the combination can
achieve better efficacy and fewer side effects. The use of
network pharmacology approaches is vital to driving future
research on TCM pharmacology.
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[64] V. Batagelj and M. Zaveršnik, “Fast algorithms for determining
(generalized) core groups in social networks,”Advances in Data
Analysis and Classification, vol. 5, no. 2, pp. 129–145, 2011.

[65] X. H. Shi, L. LuoLiang, Y. Wan, and J. Xu, “A finding maximal
clique algorithm for predicting loop of protein structure,”
Applied Mathematics and Computation, vol. 180, no. 2, pp. 676–
682, 2006.

[66] E. J. Gardiner, P. J. Artymiuk, and P. Willett, “Clique-detection
algorithms for matching three-dimensional molecular struc-
tures,” Journal of Molecular Graphics and Modelling, vol. 15, no.
4, pp. 245–253, 1997.

[67] P. J. Artymiuk, R. V. Spriggs, and P. Willett, “Graph theoretic
methods for the analysis of structural relationships in biological
macromolecules,” Journal of the American Society for Informa-
tion Science and Technology, vol. 56, no. 5, pp. 518–528, 2005.

[68] F. Kose, W. Weckwerth, T. Linke, and O. Fiehn, “Visualizing
plant metabolomic correlation networks using clique-metab-
olitematrices,”Bioinformatics, vol. 17, no. 12, pp. 1198–1208, 2001.

[69] C. Bron and J. Kerbosch, “Algorithm 457: finding all cliques of
an undirected graph,” Communications of the ACM, vol. 16, no.
9, pp. 575–577, 1973.

[70] D. X.He, J. Liu, B. Yang et al., “An ant-based algorithmwith local
optimization for community detection in large-scale networks,”
Advances in Complex Systems, vol. 15, no. 8, 2012.

[71] R. Chandrasekharam, S. Subhramanian, and S. Chaudhury,
“Genetic algorithm for node partitioning problem and appli-
cations in VLSI design,” IEE Proceedings E, vol. 140, no. 5, pp.
255–260, 1993.

[72] D. Y. Liu, D. Jin, C. Baquero et al., “Genetic algorithm with a
local search strategy for discovering communities in complex
networks,” International Journal of Computational Intelligence
Systems, vol. 6, no. 2, pp. 354–369, 2013.

[73] J. Hou, G.-F. Yan, and Z. Fan, “Memoryless cooperative graph
search based on the simulated annealing algorithm,” Chinese
Physics B, vol. 20, no. 4, Article ID 048103, 2011.

[74] Y. W. Jiang, C. Y. Jia, and J. Yu, “An efficient community detec-
tion method based on rank centrality,” Physica A, vol. 392, no.
9, pp. 2182–2194, 2013.

[75] J. K. Ochab, “Maximal-entropy random walk unifies centrality
measures,” Physical Review E, vol. 86, no. 6, 2012.

[76] Q. Shi, H. Zhao, J. Chen et al., “Study on TCM syndrome identi-
ficationmodes of coronary heart disease based on datamining,”
Evidence-Based Complementary and Alternative Medicine, vol.
2012, Article ID 697028, 11 pages, 2012.

[77] Q. Z. Yan, H. W. Dan, F. T. Shu et al., “A systems biology-
based investigation into the pharmacological mechanisms of
Wu Tou Tang acting on rheumatoid arthritis by integrating net-
work analysis,” Evidence-Based Complementary and Alternative
Medicine, vol. 2013, Article ID 548498, 12 pages, 2013.

[78] Y. Ming, J. Lijing, C. Peiqi et al., “Complex systems entropy net-
work and its application in data mining for Chinese medicine
tumor clinics,”World Science and Technology, vol. 14, no. 2, pp.
1376–1384, 2012.

[79] L. Ye, Y. He, H. Ye et al., “Pathway-pathway network-based
study of the therapeuticmechanisms bywhich salvianolic acid B
regulates cardiovascular diseases,” Chinese Science Bulletin, vol.
57, no. 14, pp. 1672–1679, 2012.

[80] G. Chen, C. Lu, Q. Zha et al., “A network-based analysis
of traditional Chinese medicine cold and hot patterns in
rheumatoid arthritis,” Complementary Therapies in Medicine,
vol. 20, no. 1-2, pp. 23–30, 2012.

[81] Z. He, J. Zhang, X.-H. Shi et al., “Predicting drug-target inter-
action networks based on functional groups and biological fea-
tures,” PLoS ONE, vol. 5, no. 3, Article ID e9603, 2010.

[82] H. Yu, J. X. Chen, X. Xu et al., “A systematic prediction of
multiple drug-target interactions from chemical, genomic, and
pharmacological data,” PLoS One, vol. 7, no. 5, Article ID
e37608, 2012.

[83] B. Li, X. Xu, X. Wang et al., “A systems biology approach to un-
derstanding themechanisms of action of chinese herbs for treat-
ment of cardiovascular disease,” International Journal of Molec-
ular Sciences, vol. 13, no. 10, pp. 13501–13520, 2012.

[84] F. Cheng, Y. Zhou, J. Li et al., “Prediction of chemical-protein
interactions: multitarget-QSAR versus computational chemog-
enomic methods,”Molecular BioSystems, vol. 8, no. 9, pp. 2373–
2384, 2012.

[85] B. A. Krueger, T. Weil, and G. Schneider, “Comparative virtual
screening and novelty detection for NMDA-GlycineB antago-
nists,” Journal of Computer-Aided Molecular Design, vol. 23, no.
12, pp. 869–881, 2009.

[86] Y. H. Wang, Y. Li, J. Ding, Y. Wang, and Y. Chang, “Prediction
of binding affinity for estrogen receptor 𝛼 modulators using
statistical learning approaches,”Molecular Diversity, vol. 12, no.
2, pp. 93–102, 2008.

[87] F. Nigsch, A. Bender, J. L. Jenkins, and J. B. O.Mitchell, “Ligand-
target prediction using winnow and naive bayesian algorithms
and the implications of overall performance statistics,” Journal
of Chemical Information and Modeling, vol. 48, no. 12, pp. 2313–
2325, 2008.

[88] G. Bouvier, N. Evrard-Todeschi, J.-P. Girault, and G. Bertho,
“Automatic clustering of docking poses in virtual screening
process using self-organizing map,” Bioinformatics, vol. 26, no.
1, pp. 53–60, 2010.

[89] G. Schneider, Y. Tanrikulu, and P. Schneider, “Self-organizing
molecular fingerprints: a ligand-based viewondrug-like chemi-
cal space and off-target prediction,”FutureMedicinal Chemistry,
vol. 1, no. 1, pp. 213–218, 2009.

[90] A. E. Cleves and A. N. Jain, “Robust ligand-based modeling
of the biological targets of known drugs,” Journal of Medicinal
Chemistry, vol. 49, no. 10, pp. 2921–2938, 2006.

[91] S. Zhao and S. Li, “Network-based relating pharmacological and
genomic spaces for drug target identification,” PLoS ONE, vol.
5, no. 7, Article ID e11764, 2010.

[92] N. M. Penrod, R. Cowper-Sal-Lari, and J. H. Moore, “Systems
genetics for drug target discovery,” Trends in Pharmacological
Sciences, vol. 32, no. 10, pp. 623–630, 2011.



Evidence-Based Complementary and Alternative Medicine 21

[93] F. Cheng, Y. Zhou, W. Li et al., “Prediction of chemical-protein
interactions network with weighted network-based inference
method,” PLoS One, vol. 7, no. 7, Article ID e41064, 2012.

[94] F. X. Cheng, C. Liu, J. Jiang et al., “Prediction of drug-
target interactions and drug repositioning via network-based
inference,” PLOS Computational Biology, vol. 8, no. 5, Article ID
e1002503, 2012.
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Although various pharmacological activities of the shikonins have been documented, understanding the hierarchical regulation of
these diverse bioactivities at the genome level is unsubstantiated. In this study, through cross examination between transcriptome
and microRNA array analyses, we predicted that topical treatment of shikonin in vivo affects epithelial-mesenchymal transition
(EMT) and the expression of related microRNAs, including 200a, 200b, 200c, 141, 205, and 429 microRNAs, in mouse skin tissues.
In situ immunohistological analyses further demonstrated that specific EMT regulatorymolecules are enhanced in shikonin-treated
epidermal tissues. RT-PCR analyses subsequently confirmed that shikonin treatment downregulated expression of microRNA-205
and other members of the 200 family microRNAs. Further, expression of two RNA targets of the 200 family microRNAs in EMT
regulation, Sip1 (Zeb2) and Tcf8 (Zeb1), was consistently upregulated by shikonin treatment. Enhancement of these EMT activities
was also detected in shikonin-treated wounds, which repaired faster than controls.These results suggest that topical treatment with
shikonin can confer a potent stimulatory effect on EMT and suppress the expression of the associated microRNAs in skin wound
healing. Collectively, these cellular and molecular data provide further evidence in support of our previous findings on the specific
pharmacological effects of shikonin in wound healing and immune modulation.

1. Introduction

Shikonin, a phytochemical derived from Lithospermum ery-
throrhizon (LE), has been shown to exhibit various biological
and pharmacological activities [1, 2], including antioxidant
[3], wound-healing [2, 4, 5], anti-inflammatory [4, 6, 7], and
antitumor properties [8, 9]. Clinically, the use of shikonin
dates back to the 5th century A.D. when it was used by Chi-
nese herbalists for the treatment of burns, urticaria, and other
allergic diseases [10]. Subsequently, it has been shown that
the wound-healing activity of shikonin may result from its
effect on the proliferation of fibroblasts, collagen fiber levels
of the granuloma tissue [11], and proliferation of CD11b+
cells in such tissues [12]. Our group previously demonstrated
that shikonin can confer a strong suppressive effect on gene
expression of TNF-𝛼 at the promoter level in skin tissue [6]
and a strong modulatory effect on specific mRNA splicing
in human monocytes [7]. These findings suggest that the
various pharmacological properties of shikonin may be due

to a multifunctional and hierarchical effect on a spectrum of
signaling genes at the genome and cellular levels.

In normal somatic tissues, epithelial-mesenchymal tran-
sition (EMT) is not only instrumental in wound healing but
also in tissue fibrosis [13–15]. Downregulation of E-cadherin
is one of the hallmarks of EMT and can lead to a con-
comitant increase in expression of specific mesenchymal cell
markers (e.g., vimentin and fibroblast specific protein 1) as
well as extracellular matrix-remodeling enzymes (i.e., matrix
metalloproteinases) that are often observed together with a
profound reorganization of the actin cytoskeleton [16, 17].
Previous studies have also shown that specific microRNAs
in the microRNA 200 family are involved in the control
of EMT activity in human epithelial cells, via repression of
the translation of specific regulatory proteins, such as E-
cadherin transcriptional repressors ZEB1 and ZEB2 (also
known as Smad-interacting protein-1, SIP1) [18, 19]. Notably,
we previously demonstrated that shikonin can effectively
enhance the wound-healing process in severely damaged
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porcine skin tissues [20]. These observations and results
together raised the hypothesis that topical treatment with
shikonin may hierarchically modulate and facilitate the EMT
process in skin tissues.

Profiling global gene expression patterns by DNA
microarray analysis provides a useful approach for investigat-
ing complex biological phenomena [21], aswehave previously
shown for immune cell systems [22–24]. In addition,microR-
NAs, which are small ribonucleotides (∼22 nt in length), act
as key players in cellular differentiation and tissue develop-
ment [25–28]. Characterization of the complex relationship
between microRNAs and target mRNAs in shikonin-treated
skin may thus assist in determining the molecular pathways
and cell signaling processes involved in the process.

In this study we investigated the multifaceted effect of
shikonin on mouse skin tissue in vivo at the transcriptome
and the microRNA regulatory levels with an eye to future
translational studies. We took advantage of the vast amounts
of information obtained fromdecades of studies on shikonin-
treatedmammalian tissues [3, 4, 6–9, 11, 12, 20] and employed
a network knowledge-based approach to analyze the genome-
wide transcriptome activity in vivo for possible correlation
with specific microRNA expression activities. We found that
expressions of various EMT process-related microRNAs,
such as microRNA-200a, -200b, -200c, -429, -141, and -205
were suppressed in skin after shikonin treatment. Consistent
with these findings, histological results showed that shikonin
induced EMT consistent cellular and tissue behavior in the
epidermal layer during the process of wound healing. These
findings provide cellular and molecular evidence supporting
previous studies on the wound-healing [6, 20] and immune-
modulatory activities of shikonins [6, 7] and have generated
a new integrated strategy for investigating the mode of action
of shikonins and other potent phytomedicines.

2. Materials and Methods

2.1. Mice. Female C57BL/6JNarl mice (National Laboratory
Animal Breeding and Research Center, Taipei, Taiwan) were
maintained under pathogen-free conditions on standard
laboratory chow andwater in the animal facilities of the Agri-
cultural Biotechnology Research Center, Academia Sinica.
All mice used in the experiments were 6–8 weeks old.

2.2. Treatment of Mouse Skin with Shikonin. Solutions con-
taining 10 𝜇g/𝜇L shikonin (Nacalai Tesque, Kyoto, Japan)
or 100𝜇M phorbol 12-myristate 13-acetate (TPA; Sigma, St.
Louis) in acetone were prepared immediately before use.
Aliquots of 100 𝜇L of the test chemicals were pipetted onto
the abdominal skin area of mice, immediately spread evenly,
and allowed to air dry completely. Test skin treated with
solvent (acetone) alone was used as a negative control. For
each treatment, the test area was marked with an ink stamp
encircling a surface area of 2.3 cm in diameter (i.e., 4.15 cm2).
Animals were sacrificed at 4 or 24 hours after treatment, and
treated or untreated skin samples were excised and frozen in
liquid nitrogen for further RNA or protein expression analy-
ses. For wound-healing experiments, 20𝜇L shikonin solution

or control solvent (acetone) was pipetted 3-4mm beyond
the margins of the wound (∼40mm2) on days 0, 2, and 4.
The concentration of shikonin for topical application was
5 𝜇g/𝜇L (100 𝜇g/wound), which was selected based on our
preliminary wound-healing experiment (data not shown).

2.3. Microarray and MicroRNA Array Analyses. For total
RNA extraction, frozen skin samples were homogenized
in liquid nitrogen. Subsequently, total RNA was extracted
using TRIzol reagent (Invitrogen) according to the manufac-
turer’s instructions and resuspended in 30 𝜇L of diethyl
pyrocarbonate-treated (DEPC) water. A total of 8 hybridiza-
tions were performed for acetone-treated and shikonin-
treated skin samples, and each test time point and treatment
was analyzed in duplicate samples on separate chips. Standard
Pearson correlation coefficients were used to determine the
consistency of gene expression in each replicate array as
previously described [24]. For microarray analysis, fluores-
cent aRNA (antisense RNA) targets were prepared from
2.5 𝜇g total RNA samples usingOneArray AminoAllyl aRNA
Amplification Kit (Phalanx Biotech Group, Taiwan) and
Cy5 dye labeling (Amersham Pharmacia, Piscataway, NJ).
Fluorescent targets were hybridized to the Mouse OneArray
Whole Genome DNA microarray (Phalanx, Hsinchu, Tai-
wan) as previously described [29, 30], which contained 29,922
mouse genome probes, with Phalanx hybridization buffer
using the Phalanx Hybridization System. After hybridization
for 16 h at 50∘C, nonspecific binding targets were washed
away and the Cy5 fluorescent intensities for each spot
were analyzed by GenePix 4.1 software (Molecular Devices,
Sunnyvale). Data were analyzed using Spotfire software to
determine whether a test gene was present or absent and
whether the expression level of a gene in an experimental
sample was significantly increased or decreased relatively to
the control sample [24]. Changes in expression levels were
evaluated as the averages of log

2
[shikonin treatment/acetone

treatment]. The microarray data have been deposited to
the Gene Expression Omnibus database at NCBI (GEO;
http://www.ncbi.nlm.nih.gov/projects/geo/) under the acces-
sion number GSE32694.

For microRNA array analysis, Febit’s biochips (Geniom
Biochip MPEA, mus musculus) were used. The probes were
designed as the reverse complements of allmaturemicroRNA
sequences, which were published in the current Sanger
miRBase release (version 14.0, September 2009) [31] for mus
musculus. The probes on the chips were synthesized with
intra-array replicates to increase the statistical confidence
and to compensate for potential positional effects. RNA
samples obtained from skin tissues treated with acetone or
shikonin for 24 hours were subjected to a quality check
to determine the quality and quantity of the sample RNA.
The quality control was conducted using the Agilent 2100
Bioanalyzer and the RNA 6000 Nano Kit according to
the manufacturer’s instructions. For each array, test RNA
was suspended in Febit’s proprietary microRNA hybridiza-
tion buffer (25 𝜇L per array). Hybridization was performed
automatically for 16 hours at 42∘C using the Geniom RT
Analyzer. Following the labeling procedure, the biochips
were stringently washed and the quantile normalization
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was performed according to the manufacturer’s instructions
[32, 33]. A total of 4 hybridizations were performed for
acetone-treated and shikonin-treated skin samples, and each
treatment was analyzed in duplicate on separate chips. In
contrast to genomic DNA microarray analysis, the whole
dataset microRNA (710 microRNAs) was systematically ana-
lyzed without filtering by “fold change” of expression level.
Changes in expression levels were also revealed as averages
of log

2
[shikonin treatment/acetone treatment]. Combined

analyses of the microarray and microRNA datasets were
performed by using the MetaCore software to predict the
modulatory effect of shikonin on skin tissue. The microarray
data have been deposited to the database at NCBI (GEO;
http://www.ncbi.nlm.nih.gov/projects/geo/) under the acces-
sion number GSE32695.

2.4. Immunofluorescence andHistological Staining. Skin spec-
imens were fixed with 4% formalin and embedded in
paraffin. For histological comparison, 6 𝜇m thick sections
were then cut and stained with hematoxylin and eosin
(H&E). For immunofluorescence staining, fixed tissue sec-
tions were initially immersed in boiling sodium citrate
buffer (0.01M sodium citrate buffer, pH 6.0) for 30min
(antigen retrieval step). Skin sections then were blocked
with 5% nonfat milk and incubated with polyclonal anti-
FSP-1 antibody (Millipore, 07-2274, 1 : 200 dilution), mono-
clonal anti-E-cadherin antibody (Epitomics, 4552-1, 1 : 100),
or monoclonal anti-vimentin antibody (Santa Cruz, sc-
21791-PE, 1 : 200) in 1% nonfat milk for 1 hour at room
temperature. Sections were washed with PBS containing 0.1%
Tween 20. To detect primary antibodies, some sections were
incubated with fluorescein isothiocyanate-conjugated anti-
mouse-IgG (Jackson, 111-095-003, 1 : 200) (for FSP-1). 4,6-
Diamidino-2-phenylindole dihydrochloride (1 𝜇g/mL) was
used to stain nuclei. Fluorescence microscopy evaluation
of immunostained tissue sections was performed using a
Zeiss Axiovert 200M microscope (Carl Zeiss, Heidelberg,
Germany). Images were captured with a digital camera (Orca
ER, Hamamatsu) and processed using Axiovision 4.6.3 (Carl
Zeiss).The number of individual fluorescent spots as test cells
was then scored for comparative analysis and the data were
exported to Microsoft Excel.

2.5. Real-Time PCR Analysis. To verify the array results,
3 full-thickness skin samples per group were further ana-
lyzed as follows. For wound-healing experiments, skin tis-
sues surrounding the wound area (1 cm in diameter) were
prepared by removing the subcutaneous fat and connective
tissue [34]. Real-time PCR reactions were performed using
microRNA- and mRNA-specific primers for Zeb1; Zeb2;
microRNA-200a, -200b, -200c, -141, -429, and -205. For
mRNA analysis, complementary DNA (cDNA) was random-
ly primed from 2.0𝜇g of total RNA using the Superscript
reverse transcription kit (Invitrogen) according to the manu-
facturer’s instructions. Reactions were incubated at 50∘C
for 50min, and PCR amplification was carried out after
denaturing at 95∘C for 10 s. The following primers were
used: mouse Zeb1, 5-TGGCAAGACAACGTGAAAGA-3

(forward), and 5-AACTGGGAAAA TGCATCTGG-3
(reverse); mouse Zeb2, 5-TAGCCGGTCCAGAAGAAATG-
3 (forward), and 5-GGCCATCTCTT TCCTCCAGT-3
(reverse); mouse E-cadherin, 5-AATGGCGGCAATGCA-
ATCCCA AGA-3 (forward), and 5-TGCCACAGACCG-
ATTGTGGAGATA-3 (reverse); mouse Gapdh, 5-AGG-
TCGGTGTGAACGGATTTG-3 (forward), and 5-TGT-
AGACCATGT AGTTGAGGTCA-3 (reverse). Real-time
PCR amplifications were performed using a LightCycler
2.0 Real-Time PCR System (Roche, Basel, Switzerland),
and results were normalized to mouse glyceraldehyde
3-phosphate dehydrogenase (Gapdh) as an internal control.
For microRNA analysis, 5 𝜇g of total RNA extracted from
each test sample was reverse-transcribed into cDNA using
the Mir-X miRNA First-Strand Synthesis Kit (ClonTech).
The Mir-X miRNA qRT-PCR SYBR Kit (ClonTech) was then
used to quantify microRNAs according to the manufacturer’s
instructions. The microRNA-specific forward primers con-
tained the following sequences: mouse microRNA-200a,
5-TAACACTGTCTG GTAACGATGT-3; microRNA-200b,
5-TAAT ACTGCCTGGTAATGATGA-3; microRNA-200c,
5-TAATACTGCCGGGTAATGATGGA-3; microRNA-141,
5-TAACACTGTCTGGTA AAGATGG-3; microRNA-429,
5-TAATAC TGTCTGGTAATGCCGA-3; microRNA-205,
5-TCCTTCATTCCACCGGAGTCTG-3. A universal re-
verse primer was used for each microRNA according to the
manufacturer’s instructions. For microRNA quantification,
the delta-delta 𝐶

𝑡
method was used to determine the level

of each microRNA relatively to the level of U6 small nuclear
(sn) RNA. Data are mean values ± S.D. of three independent
experiments performed in triplicate.

2.6. Western Blot Analysis. For total protein extraction,
acetone- (vehicle) and shikonin-skin samples were immerged
in 500𝜇L of lysis buffer (50mM Tris-HCl (pH 7.4), 150mM
NaCl, 0.5% Triton X-100, 20mM EGTA, 1mM dithiothreitol,
1mM Na

3
VO
4
, and appropriate protease inhibitor cocktail

tablets) for 10min. For isolation of total protein, mouse skin
samples were excised, immediately placed in liquid nitrogen,
and pulverized with metal beads (2mm in diameter) at
4∘C for 30min. Lysates were centrifuged at 12,000×g for
20min, and supernatant containing 30 𝜇g of protein was
boiled in SDS sample loading buffer for 10min before
electrophoresis on a 8% PAGE BisTris gel (Invitrogen). After
electrophoresis for 2 h, proteins in the gel were transferred
to a polyvinylidene difluoride membrane (Novex, San Diego,
CA), and the blots were blocked with 5% nonfat dry milk in
PBST buffer (PBS containing 0.1% Tween 20) for 60min at
room temperature.Themembraneswere incubated overnight
at 4∘C with anti-MMP-9 antibody (1 : 50,000), anti-MMP-
2 antibody (1 : 10,000), anti-E-cadherin antibody (1 : 3,000),
or anti-vimentin antibody (1 : 3,000). Washed blots were
incubated with a 1 : 10,000 dilution of HRP-conjugated anti-
rat, anti-mouse, or anti-rabbit secondary Abs. Equal protein
loading was assessed using mouse 𝛽-actin (Sigma). All
antibodies were purchased from Abcam (Cambridge, UK).
The protein bands were visualized on HyperMax film using
the ECL system (Amersham Biosciences).
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2.7. Wound Creation and Scoring of Wound Tissues. Cohorts
of 8- to 12-week old C57BL/6 mice were used for the creation
of physical wounds. All test animals were treated according to
the guidelines outlined by the Institutional Animal Care and
Use Committee. Two standardized full-thickness wounds,
4.5mm in diameter, were made with a scalpel on mouse
abdominal skins, one on each side of the midline. Eight mice
were initially sacrificed at day 0, then a group of 16 mice (8
control and 8 shikonin-treatedmice)were killed at each of the
indicated time points (days 1–5).Therefore, in all, a total of 88
mice were randomly assigned to either the control group or
the shikonin-treatment group. Digital images were taken on
the day of surgery and each subsequent day. For scoring of
wound healing, the wound areas (in mm2) were calculated
from wound perimeter tracings and were compared using
Image Pro Plus 6.0 software (Media Cybernetics, Maryland).
Wound areas were normalized by setting the day 0 wounding
level as 100%; relative wound areas on the subsequent days
were expressed as a percentage of the day 0 value [35]. After
scoring of the wound area, three mice from each group (𝑛 =
8) were subjected to immunofluorescence observation and
the other five mice underwent RNA expression study.

3. Results

3.1. Histological and Physiological Changes in Mouse Skin
Tissues in Response to Topical Treatment with Shikonin.
We initiated this study by evaluating the histological and
physiological effects of shikonin on mouse abdominal skin.
Figure 1(a) shows the histological features of typical skin
biopsy samples of four representative test mice. A total of
5.3 cm2 of skin area was treated for 4 or 24 hours with 100 𝜇L
acetone containing 10 𝜇g/𝜇L (3.5mM) shikonin or 100 𝜇M
12-O-tetradecanoylphorbol-13-acetate (TPA), a well-known
inflammatory agent. TPA stimulation was used as a positive
control for an inflammatory condition in skin tissue. We
observed a much thicker epidermal tissue with up to a 5-
fold increase in thickness (shown as black bars) in shikonin-
treated skin tissues than control skin tissues. The epithelium
of skin tissues in the acetone- (vehicle control) treated group
exhibited only 2-3 cell layers. Underneath the epithelium, a
high population of cells infiltrated into the dermis layer in
shikonin-treated skin tissues (Figure 1(a)—(B)) as compared
to those treatedwith acetone (Figure 1(a)—(A)).These results
suggest that shikonin can enhance the tissue permeability
or cell chemotaxis in test mouse skin tissues, indicating that
shikonin can initiate its cellular or physiological effect at a
very early stage during the wound-healing process, that is,
at 4 h after treatment)”. In addition, disorganization and an
increased number of fat cell layers were readily observed
in shikonin-treated skins (Figure 1(a)-(B)). In mouse skins
topically treated with TPA, epidermal cell layers became
swollen and thickened, and various cell types penetrated into
the stromal/dermal/fat tissue layers (Figure 1(a)-(C)), in a
similar fashion as observed for shikonin-treated skin tissue
(Figure 1(a)-(B)). However, the shikonin-treated skins still
maintained a distinctive border (stratum basale) between the

epidermal layer and the dermal layer; by contrast, in TPA-
induced inflamed skin, no boundary between the epidermal
and dermal tissues could be detected. These specific and
different physiological effects on multiple cell layers of nor-
mal skin tissue suggest that although the shikonin-treated
skins exhibited some inflammation-associated cellular char-
acteristics, the treatment apparently did not cause damage
at the tissue level. These results support previously reported
pharmacological activities of the shikonins and the tradi-
tional medical use of shikonin-containing Lithospermum
erythrorhizon plants in skin wound-healing [4–6].

3.2. Shikonin Treatment Results in Differential Gene Expres-
sion inMouse Skin Tissues. In order to systematically evaluate
the effects of shikonin on mouse skin tissues, we next
compared the gene expression profiles in shikonin-treated
versus acetone-treated skin tissues at different time points.
Total RNA samples were collected at indicated time points
for transcriptome andmicroRNA array analyses as described
previously [22–24]. Only genes showing at least a 2-fold
change in the level of RNA transcripts in two independent
experiments were considered as significant for further anal-
ysis. Differences in gene expression levels were calculated by
dividing the signal intensity values obtained from shikonin-
treated skin tissues by those from acetone-treated tissues.
Gene expression profiling analysis showed that a total of 2,300
and 3,930 genes had markedly changed expression levels
after 4 hours and 24 hours of pretreatment with shikonin,
respectively. By comparing and grouping the number of
shikonin-responsive genes using the MetaCore program, we
found that shikonin treatment can result in 5 major cellu-
lar/physiological effects with known molecular or biochem-
ical functions (Figure 1(b)). This gene-clustering analysis
showed that the top five gene functional groups significantly
modulated through shikonin stimulation, either at 4 or 24 h
after treatment were cell adhesion (cytoskeleton and cell
movement), chemotaxis, inflammation, IL-10-mediated anti-
inflammation, and cytokine-mediated immune response.
These responses suggest that shikonin treatment induces an
integrated tissue-wide response involving cell chemotaxis,
attachment, and cellular immune responses.

Next, these responsive genes were grouped and classified
according to the 𝑃 value of the hypergeometric intersection,
which indicates the “trend” or the “consistence” of a test
dataset in gene-clustering analysis. A lower 𝑃 value of the
entity means higher relevance to the dataset, which appears
in the higher rating of the entity [36]. By comparing the −log
[𝑃 value] level in the different gene clusters, different gene
groups can be assigned according to their known cellular and
molecular processes, using theMetaCore software.This anal-
ysis predicted a list of top ten cellular andmolecular processes
that may be regulated or affected in skin by topical treatment
with shikonin, at 4 (Figure 1(d)) or 24 hours (Figure 1(e)) after
treatment. It is important and interesting to note here that
the regulation of immunological signaling networks and the
control of cell or tissue development signals represent over
80% of the shikonin-responsive gene expression activities.
Among them, two are specifically related to cell adhesion or
cytoskeleton remodeling. In addition, several key cytokines,
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Figure 1: Histological analysis shikonin-treated mouse skin and grouping of genes that are responsive to shikonin treatment. (a) The
histological characteristics of acetone- (vehicle control), shikonin-, and TPA-treated skin were revealed byH&E staining. Test mice (3 animals
per group) were topically treated with (1) 100 𝜇L acetone, (2) shikonin (3.5mM in 100 𝜇L acetone), or (3) TPA (10 nM in 100 𝜇L acetone) for
24 h. Black bars mark the thickness of the epidermal layer (Ep), dermis (De), subcutaneous layer (SL; also known as hypodermis), and hair
follicles (HF). The dotted line in panel 3 indicates a terminally damaged boundary line between the epidermal (stratum spinosum) and
dermal layers. (b) Shikonin-responsive genes in skin, as compared to acetone- (vehicle control) treated skin samples, were grouped according
to their knownmolecular, cellular, or biochemical functions. Classified gene groups were then listed according to the abundance in number of
responsive genes in skin tissue treated with shikonin for 4 or 24 h. (c) Structure of the naphthoquinone, shikonin. (d and e) GeneGo Pathway
Maps processed by MetaCore software analysis. By comparing the –log [𝑃 value] of different gene-clustering groups, the top ten responsive
processes with specific cellular or molecular functions were predicted for evaluating the effect of shikonin. The orange bars indicate the
calculated values generated from 4 h (d) and 24 h (e) datasets, respectively.
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including IL-10 and IL-17, were also predicted to play a role
in defined cytokine-mediated immune activities in response
to shikonin (Figures 1(d) and 1(e)). Interestingly, our analysis
further revealed a relationship between shikonin stimulation
and activities of specific cell types, such as transcription
regulation of granulocyte development and neutrophil acti-
vation. These results suggest that shikonin treatment of
skin may induce specific growth or differentiation activities
according to cell type and may subsequently facilitate the
tissue remodeling at the organ level that we had previously
observed in mouse and pig skins [6, 20].

3.3. Combination of Transcriptomic and MicroRNA Array
Analyses for Evaluating Signaling Networks Modulated by
Shikonin in Skin Tissue. To examine possible hierarchical
regulation of the effects of shikonin on gene expression
networks at the transcriptome level and to determine the
main factors that may coordinate high-level regulation of the
stimulatory effects of shikonin on skin tissues, we extended
our investigation by combining the use of microRNA array
and the transcriptomemicroarray. In this test, themicroRNA
expression values for a total 710 microRNAs were obtained
from output data. Initial experimental preparations yielded
Pearson’s correlation values of 0.97 and 0.92 for test biological
sample replicates of shikonin- and acetone-treated skins,
respectively, confirming the validity of the assay stringency.
All microRNAs identified from the normalized data of this
analysis were then employed to identify candidate target
genes in subsequent studies.

Having analyzed the in vivo microRNA expression pro-
files of cells in skin tissues, we observed that expression levels
of a number ofmicroRNA species were consistently regulated
after treatment with shikonin for 24 hours. These include the
expression of six microRNAs of the microRNA 200 family,
microRNA-200a, -200b, -200c, -141, -429, and -205, which
were all downregulated (see the left blue bar-containing
thermometers in Figure 2(b)). Consistent with this result,
the transcriptomic array analysis also showed that the gene
expression levels for Zeb1 (Tcf8) and Zeb2 (Sip1; Zfhx1b) were
upregulated after shikonin treatment for 24 hours (see the red
bar-containing thermometers in Figure 2(b)). Figure 2(a),
obtained from the GeneGo Process of the MetaCore software,
shows the hypothetical or candidate networks of EMT pro-
cessing revealed by our combined analyses of the representa-
tive genes and the microRNAs in coordination as a response
to shikonin stimulation.This analysis predicted that the EMT
process is the only pathway strongly modulated by shikonin
treatment of test mouse skin tissue; however, this conclusion
was only obtainedwhenweperformed the combined analyses
of the datasets obtained from both the transcriptome and the
microRNA expression profiles (Figure 2(a)). Taken together,
our results therefore strongly suggest that shikonin treatment
has a potent suppressive effect on the expression of different
members of the microRNA 200 family, and the resultant
cascade at the RNA transcript level efficiently activates the
EMT process through coordinated and potent activation of
the Zeb1 (Tcf8) and Zeb2 (Sip1) gene expressions, the master
regulators of the EMT activity.

3.4. Induction of EMT Features in Shikonin-Treated Skin
Tissue. As a followup, the effect of shikonin on the specific
cellular features of the EMT process was evaluated in mouse
skin using immunofluorescence staining assay. It is known
that epithelial cells undergoing the EMTprocess, that is, those
cells that are localized above the basement membrane zone
(BMZ) that have gained specific mesenchymal cell markers,
are fibroblast-specific protein 1 (FSP1) and/or vimentin pos-
itive [13, 16, 17]. In our study, this layer of epithelial cells
was characterized by E-cadherin expression (red staining in
Figures 3(a)—1; to 3 and 3(b)—7 to 9). The EMT features in
TPA-treated skin tissues were detected as a positive control
for inflamed skin tissue (Figure 3(a)—3 and 6; Figure 3(b)—9
and 12). A comparison of shikonin- and acetone-treated skin
tissues showed that shikonin-treated skins contained a much
higher population of epithelial cells positively stained for
FSP1 and/or vimentin (Figure 3(a)—2 and 5; Figure 3(b)—8
and 11). By contrast, the surrounding epithelial cells clearly
lacked these mesenchymal markers. In agreement with the
result from H&E staining of abdominal skin tissue, the
thickness of epithelial cell layers was drastically increased in
skins treated with shikonin (Figure 1(a)). Statistical analyses
of EMT activity clearly showed that shikonin treatment
could activate the EMT process in abdominal skin tissues
(Figure 3(c)). These results demonstrate the specific stimu-
latory effect of shikonin on the EMT process in test mouse
skins, strongly supporting the results obtained from the
microRNA array and transcriptome analyses.

The effect of shikonin on EMT features was also evaluated
in ear skin tissues (Figure 3(b)). We found that some cells
exhibiting mesenchymal cell markers were also detectable
in the ear skin tissues treated with shikonin. However, the
level of change in EMT activities was not as obvious as
that detected in abdominal skin (Figure 3(a)—2 and 4). The
reason for the differencemay be the thickness of the epithelial
layers in these two different skin tissues. Shikonin treatment
did not result in a significant increase in skin thickness in ear
skin tissue, contrary to the results seen in abdominal skin. It is
important to note here that ear skins have traditionally been
used as a popular model for evaluating different pharma-
ceutical effects of candidate drugs or therapeutics. Our data
suggest that the potency or specificity of shikonin-induced
EMT activity may depend on skin tissue and the constituent
cell type.

3.5. EMT-Related MicroRNA and Protein Expressions in Skin
Tissue Are Regulated by Stimulation with Shikonin. Previous
studies have shown that expression of microRNA-200 family
members and microRNA-205 in particular is necessary for
the maintenance of the epithelial phenotype [18, 19], that
is, the reverse of EMT activity; thus, we further validated
the RNA transcript and microRNA array expression results.
The expression levels of EMT process-related mRNAs (Zeb1
and Zeb2) and microRNAs (microRNA-200a, -200b, -200c,
-141, -429, and -205) were quantitatively determined by real-
time PCR (RT-PCR). In comparison with the vehicle-control
skin samples, the observed decrease in the expression levels
of specific microRNAs in shikonin-treated skin, although
seeming following a similar pattern, was insignificant at 4
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Figure 2: Combinational analysis of transcriptome/DNAmicroarray and microRNA array datasets to predict possible effects of shikonin on
mouse skin tissue. (a) Functional analysis and prediction by “GeneGo PathwayMaps” processed byMetaCore software. By analyzing the –log
[𝑃 value] value of different gene-clustering groups in the 24 h treatment datasets obtained from the transcriptomic array andmicroRNA array
analyses, the regulation of the EMT process was predicted to be the major physiological response to shikonin stimulation. The orange and
blue bars indicate the calculated value output from transcriptomic array and microRNA array analysis, respectively. (b) Putative signaling
networks (microRNA-dependent inhibition of EMT) involved in the modulatory effect of shikonin on skin tissue were predicted from the
MetaCore software. In this map, a prototypical cell was constructed from six representative microRNAs and three differentially expressed
genes that respond coordinately to an in vivo treatment with shikonin for 24 h. Experimental data from transcriptomic array and microRNA
array analyses are linked to and visualized on the maps as thermometer-like symbols. Red and blue scales indicate the upregulated and
downregulated gene expressions (microRNAs or mRNAs). M: microRNA binding. TR: transcription regulation. TCF8 (Zeb1): transcription
factor 8. SIP1 (Zeb2; Zfhx1B): Smad-interacting protein 1.

hours after treatment (Figure 4(a)). However, at 24 hours
after treatment, the expression of these microRNAs was
significantly suppressed by shikonin treatment (Figure 4(b)).
Consistent with this data, the levels of Zeb1 and Zeb2mRNAs
were also significantly increased in skin tissues treated for 24
hours with shikonin. Taken together, our data suggest that
suppression of the expression of these microRNAs plays an
important role in the shikonin-induced EMT process in vivo
inmouse skin. Interestingly, the suppression of the expression

of some microRNAs (i.e., microRNA-200a, -200b, and -205)
was not statistically significant as conventionallymeasured by
“fold change.” However, when the microRNAs are viewed as
a whole, a clear trend in expression could be seen. Based on
the pattern of coordinated regulation, our data does support
that such less than “substantial fold change” for individual
microRNAs, but good alliance in the expression trend as
coordinated with across-the-board alteration may confer
a good regulatory network for gene expression controls.
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Figure 3: Gain of mesenchymal features by epithelial cells in mouse abdominal and ear skin tissues treated with shikonin. (a) At 24 h after
treatment, (1) acetone-, (2) shikonin-, and (3) TPA-treated abdominal skin tissues were stained for the presence of E-cadherin (red), FSP1
(green and indicatedwith arrowheads), andDAPI (blue) to reveal the appearance ofmesenchymal cells in epidermis.Thepresence of vimentin
(red) and FSP1 (green) double-stained cells (yellow and indicated with arrowheads) further indicates that these epithelial cells underwent the
EMT process in test skin tissues (4–6). (b) Analogous analysis was performed on treated ear epidermis (7–12). (c) Statistical comparison
of EMT activity was performed by scoring the number of yellow fluorescence spots (vimentin+/FSP1+) in (a) and (b). Values shown are
the mean ± SEM of three experiments. The significance of differences was analyzed by one way ANOVA ( ∗𝑃 < 0.05, ∗∗𝑃 < 0.01, and
∗∗∗

𝑃 < 0.001).

Our studymay thus also indicate the need for such systematic
analyses of trends in microRNA expression profiles.

As shown in Figure 4(c), the expression levels of some
mesenchymal-associated protein markers such as MMP2,
MMP-9, and vimentin were substantially increased in cells of
skin treated with shikonin for 24 hours as compared to those
in cells obtained from control skin samples, thus validating
the shikonin-induced EMT activity in abdominal skin cells.
In addition, we observed significant downregulation of E-
cadherin expression, another hallmark of EMT, in shikonin-
treated skin tissue, especially at 24 hours after treatment.
These data are consistent with the mesenchymal features that
we observed histologically in tissue sections.

3.6. Epithelial Cells Located in theWoundMargin of Shikonin-
Treated Skin Tissues Acquire Mesenchymal Cell Phenotypes.
To evaluate the enhancing effect of shikonin on tissue

repair in skin wounding, aliquots of 20𝜇L shikonin solu-
tion (5 𝜇g/𝜇L) or control solvent were topically applied to
the area surrounding the test wound. Wound closure was
measured as the area of epidermal closure (mm2) from
the initial wound after treatment, and the rates of wound
closure (area of granulation tissue remaining exposed) were
measured for different treatments (Figure 5(a)).The addition
of shikonin (100𝜇g/wound) significantly accelerated wound-
healing activity, especially during the early repair phase (0–
2 d), as compared with the acetone-treated mouse skins.
This result suggests that topical application of shikonin can
increase the rate of wound closure kinetics for skin wound
healing.

During the reepithelization phase, epithelial cells in the
wound margin tissues can be mobilized through gain-of-
mesenchymal features during the wound repair process
[34]. Our results above led us to suggest that partial
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Figure 4: Validation of the EMT activity-related expression of microRNAs and proteins. The expression levels of some key mesenchymal-
associated microRNAs, that is, mir-200a (microRNA-200a), mir-200b (microRNA-200b), mir-200c (microRNA-200c), mir-141 (microRNA-
141), mir-429 (microRNA-429), and mir-205 (microRNA-205), as well as Zeb1 and Zeb2 mRNAs in epidermal cells treated with shikonin for
4 h (a) and 24 h (b) were determined by real-time PCR analyses. Values shown are the mean ± SEM of three experiments. The significance
of differences was analyzed by one way ANOVA ( ∗𝑃 < 0.05; ∗∗𝑃 < 0.01). (c) Expression of E-cadherin and other mesenchymal-
associated markers, MMP2, MMP-9, and vimentin, were measured by Western blot analysis. 𝛽-actin was used as gel loading control. Data
are representative of triplicate experiments.
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EMT activity is induced by topical application of shikonin
onto wounded skin tissues. Therefore, we evaluated mouse
skin tissues around the acute wounds during the phase
of re-epithelialization. Skin biopsy samples were harvested
between 0 and 5 days after the creation of aseptic wounds.
As shown in Figure 5(b) through H&E staining, the active
migratory tongue of epidermal cells penetrated into the
wound tissue bed under the scab at the wound margin (black
arrows) at 2 days after stimulation. In these specimens, we
observed that many epithelial cells undergoing the EMT
process indeed gained mesenchymal markers, such as FSP1
and/or vimentin (Figure 5(b)—3 to 6). A comparison of the
shikonin- with acetone-treated skin wounds showed that
the migration tongues of shikonin-treated skins contained a
significantly higher population of the epithelial cells that were
stained positively for FSP1 or vimentin (Figure 5(b)—4 and
5). In addition, expression levels of the 200 familymicroRNAs
in shikonin-treated skin surrounding the wound were also
significantly lower than those in the untreated skin, at 2 days
after treatment (Figure 5(c)). Consistently, the levels of Zeb1
and Zeb2 mRNAs were also significantly increased in the
shikonin-treated skin wounds (Figure 5(d)). Taken together,
the results shown in Figure 5 are consistent with the data
obtained from normal skins which were not subjected to
wound creation (Figures 3 and 4). In summary, our data
acquired by integrating multiple experimental approaches
suggest that shikonin can confer a highly efficacious stimu-
latory effect on the EMT process, via which epithelial cells
can effectively acquire the mesenchymal machinery features
to guide cell migration and tissue repair.

4. Discussion

Using a combination of mRNA and microRNA expression
profile analyses, we investigated the in vivo effects of the
medicinal phytochemical shikonin, on cellular, histological,
and immune-modulatory activities in mouse skin tissue. In
the present study, although the changes in expression levels
of some 200 family microRNAs were modest (e.g., 1.4- to 1.8-
fold change) in response to shikonin treatment for 24 hours,
the high degree of consistency in the trends in expression
strongly suggests that these microRNA species together may
play important roles in suppressing specific target genes and
result in hierarchical control and onset of a shikonin-induced
EMT process and the subsequent cascade activities. These
results further suggest that because the role of microRNAs
in regulation of gene expression is often sequence depen-
dent and virtually always involves coregulation by several
microRNA or siRNA components [37–40], measurement of
“fold change” of their expression levels may not be a wholly
satisfactory method to evaluate and filter responsive microR-
NAs. Based on the current findings, we hence further suggest
that our strategy in combining the profiling and clustering of
microRNA expression activities with specific transcriptome
activities is a systematic and logical approach for evaluating
the effect of certain phytocompounds on specific cellular or
physiological functions that are regulated in a coordinated
and hierarchical manner. This combinational approach may

be superior to transcriptome ormicroRNAprofiling alone for
the evaluation of phytomedicines.

Previously, the skin tissue obtained from the mouse ear
has been employed as amouse skinmodel applied for treating
various dermal diseases or testing drug delivery efficacy. The
advantages of this tissue origin may include its relatively
simple composition of epidermal or dermal cell layers and
the ease with which it can be obtained from test mice.
However, the interactive relationships between skin and other
tissue layers in the ear can be drastically different from the
relationships in other body parts, which often exhibit a more
complex interaction with the underneath substratum tissues.
In this study, we found that topical application of shikonin
could markedly increase the thickness of both the epidermal
and the dermal layers of the abdominal skin (Figure 1(a)) but
not ear skin. In addition, the level of shikonin-induced EMT
activity in ear skin (Figure 3(b)) was much less obvious than
that in skin tissues of the abdomen (Figure 3(a)) or thigh
(data not shown). These results suggest that the lower EMT
activity we observed in ear skin may be due to its relatively
simple tissue composition. Such tissue diversity in different
skins of the body should be explored for future development
of skin remedies or healthcare agents.

The anti-inflammatory effects of shikonin have been
investigated in a spectrum of physiological, molecular, and
cellular studies [4, 6, 7, 41, 42]. In this study, our data also
show that some IL-10-mediated anti-inflammation response-
related genes were activated after shikonin treatment for
24 hours (Figure 1(b)). However, a comparison with TPA-
induced inflamed skin in this investigation revealed that
some proinflammatory histological properties andmolecular
mediators are also induced in shikonin-treated abdominal
skin tissues. These features include the changes in skin thick-
ness (Figure 1(a)), expression of some inflammation-related
genes (Figure 1(b)), and expression of some inflammation-
related protein molecules, such as MMP2 and MMP9
(Figure 4(c)). The differences between some of our results
and previously reported results may reflect the different skin
models we used. On the other hand, it has become increas-
ingly evident that different proinflammatory stimuli may
differentially affect gene expression profiles and/or genome
activities. Similarly, different anti-inflammatory agents may
also act differently against different inflammatory conditions.
In both cases, interactive and interactive signalings appar-
ently can generate specific tissue and cellular environments
for dealing with and responding to different physiological
processes or stresses, such as inflammatory activities, stress
response, wound repair, and tissue remodeling [43–45].
We previously showed, using time-course experiments, that
shikonin can greatly affect human monocyte/dendritic cells
involving groups of anti-inflammatory and proinflamma-
tory cytokines/chemokines in “cross-talk” and “overlapping”
manner [46].These findings together with the current results
suggest that shikonin might be a promising molecular agent
for treatment of various diseases or epithelial tissue damages.
However, the optimal dosage for different skin tissues (e.g.,
ear versus abdomen) for potential future clinical use of
shikonin remains to be identified.
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Figure 5: Characteristics of EMT in shikonin-treated wound healing in mouse skin tissues. (a) Wound closure rates of skins subjected
to different treatments (shikonin versus control). The data represent the mean ± SEM of six mice. At 2 d after treatment, histological and
immunohistochemical characteristics of acetone- (1) and shikonin-treated skins (2) were analyzed. Long arrows indicate the original edges of
each wound.The dotted line in panel 2 indicates the terminally damaged boundary line between the epidermal and dermal layers. (b) Tissue
biopsy samples from each test group were also stained for the expression of E-cadherin (red), FSP1 (green), and DAPI (blue). Triangle arrows
indicate the presence of mesenchymal cells in the epidermis (3 and 4). The presence of vimentin (red) and FSP1 (green) double-stained cells
(yellow and indicated with arrowheads) further indicates that these epithelial cells have undergone the EMT process in test skin tissues (5
and 6). (c) Changes in expression levels of mesenchymal-associated microRNAs, including mir-200a, mir-200b, mir-200c, mir-141, mir-429,
and mir-205, as well as the Zeb1, Zeb2, and E-cadherinmRNAs (d) in shikonin-treated skin wound, as measured by real-time PCR analyses.
The significance of differences was analyzed by one way ANOVA ( ∗𝑃 < 0.05 and ∗∗𝑃 < 0.01).

The highly effective wound-healing activity of shikonin
has been demonstrated in a number of in vivo studies using
different animal models [6, 12, 20]; however, the molecular or
cellularmechanisms and the derived guidance for supporting
this therapeutic use of shikonin are not known in detail. In

fact, some of the reported effects of shikonin, including anti-
inflammatory [4, 6, 7] and antiangiogenesis activities [4, 42],
may be considered physiologically or biochemically contra-
dictory to its wound-healing activity. In the present study,
the specific effect of shikonin on the EMT process and on
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related microRNA expression has provided us with valuable
information and new insights into the wound-healing activ-
ities of shikonin. In wound-healing research, EMT has been
shown as a very important cell transdifferentiation process for
both acute and fibrotic cutaneous wound-healing activities
in human skin [34]. On the other hand, because EMT
activity also plays a role in carcinogenesis and neoplasia, there
may be concern that shikonin-induced EMT activity could
lead to carcinogenesis of local tumors. In 2009, EMTs were
classified into three different biological subtypes based on
various biological contexts [47, 48]. Among these subtypes,
the EMTs associatedwithwound healing, tissue regeneration,
and organ fibrosis are classified as type 2, whereas EMTs
assigned for activities in development of localized tumors are
classified as type 3.Although the specific signals that delineate
the EMTs in the three discrete settings are not totally clear,
it is known that the features of EMTs (expression of FSP-
1, vimentin, and cell proliferation activity) are transient and
reversible for the type 1 and type 2 EMT processes, but not
for type 3 EMT. In this study, we observed that specific EMT
features were readily detectable during the wound-healing
process of mouse skin tissues (data not shown). Moreover,
to our knowledge studies indicating the “carcinogenesis-
promoting” activity of shikonin have not been previously
reported. Taken together, we therefore consider that the
beneficial effect of shikonin on skin wound-healing is mainly
related to the type 1 EMT process. To add to our current
findings, in the futurewewill investigate the specific targets of
shikonin and the mechanistic roles of the specific molecular
or cellular components at the tissue/organ level in shikonin-
enhanced wound-healing activity.

5. Conclusions

In conclusion, we characterized the specific effects of
shikonin in skin wound-healing activities at the molecular
and cellular levels by probing the cell transdifferentiation
processes and microRNA regulation. We consider that com-
prehensive analyses using different omics approaches in our
in vivo experimental system can be usefully employed for
integrated evaluation of the pharmacogenomic activities of
the shikonins and other phytochemicals from various tradi-
tional medicinal herbs that are routinely used as remedies.
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M. Vingron, “Variance stabilization applied to microarray data
calibration and to the quantification of differential expression,”
Bioinformatics, vol. 18, supplement 1, pp. S96–S104, 2002.

[33] S. Vorwerk, K. Ganter, Y. Cheng, J. Hoheisel, P. F. Stähler, and
M. Beier, “Microfluidic-based enzymatic on-chip labeling of
miRNAs,”New Biotechnology, vol. 25, no. 2-3, pp. 142–149, 2008.

[34] C. Yan, W. A. Grimm, W. L. Garner et al., “Epithelial to mes-
enchymal transition in human skin wound healing is induced
by tumor necrosis factor-𝛼 through bonemorphogenic protein-
2,”American Journal of Pathology, vol. 176, no. 5, pp. 2247–2258,
2010.

[35] D. G. Greenhalgh, K. H. Sprugel, M. J. Murray, and R. Ross,
“PDGF and FGF stimulate wound healing in the genetically
diabetic mouse,” American Journal of Pathology, vol. 136, no. 6,
pp. 1235–1246, 1990.

[36] S. Schuierer, L. Tranchevent, U. Dengler, and Y. Moreau,
“Large-scale benchmark of Endeavour using MetaCore maps,”
Bioinformatics, vol. 26, no. 15, Article ID btq307, pp. 1922–1923,
2010.

[37] R. W. Carthew and E. J. Sontheimer, “Origins and Mechanisms
of miRNAs and siRNAs,” Cell, vol. 136, no. 4, pp. 642–655, 2009.

[38] C. M. Croce and G. A. Calin, “miRNAs, cancer, and stem cell
division,” Cell, vol. 122, no. 1, pp. 6–7, 2005.

[39] A. Khvorova, A. Reynolds, and S. D. Jayasena, “Functional
siRNAs and miRNAs exhibit strand bias,” Cell, vol. 115, no. 2,
pp. 209–216, 2003.

[40] E. J. Sontheimer and R. W. Carthew, “Silence from within:
endogenous siRNAs and miRNAs,” Cell, vol. 122, no. 1, pp. 9–
12, 2005.

[41] X. Chen, J. Oppenheim, and O. M. Z. Howard, “Shikonin,
a component of antiinflammatory Chinese herbal medicine,
selectively blocks chemokine binding to CC chemokine
receptor-1,” International Immunopharmacology, vol. 1, no. 2, pp.
229–236, 2001.

[42] T. Hisa, Y. Kimura, K. Takada, F. Suzuki, and M. Takigawa,
“Shikonin, an ingredient of Lithospermum erythrorhizon,
inhibits angiogenesis in vivo and in vitro,” Anticancer Research,
vol. 18, no. 2A, pp. 783–790, 1998.

[43] S. A. Eming, T. Krieg, and J. M. Davidson, “Inflammation in
wound repair: molecular and cellular mechanisms,” Journal of
Investigative Dermatology, vol. 127, no. 3, pp. 514–525, 2007.

[44] M. Spies, O. Nesic, R. E. Barrow, J. R. Perez-Polo, and D.
N. Herndon, “Liposomal IGF-1 gene transfer modulates pro-
and anti-inflammatory cytokine mRNA expression in the burn
wound,” Gene Therapy, vol. 8, no. 18, pp. 1409–1415, 2001.

[45] X. Wang, G. Han, P. Owens, Y. Siddiqui, and A. G. Li, “Role
of TGF𝛽-mediated inflammation in cutaneous wound healing,”
Journal of Investigative Dermatology Symposium Proceedings,
vol. 11, no. 1, pp. 112–117, 2006.

[46] S. Chiu, S. Tsao, P. Hwang, S. Vanisree, Y. Chen, and N. Yang,
“Differential functional genomic effects of anti-inflammatory
phytocompounds on immune signaling,” BMC Genomics, vol.
11, no. 1, article 513, 2010.

[47] M. Zeisberg and E. G. Neilson, “Biomarkers for epithelial-
mesenchymal transitions,” Journal of Clinical Investigation, vol.
119, no. 6, pp. 1429–1437, 2009.

[48] R. Kalluri and R. A. Weinberg, “The basics of epithelial-
mesenchymal transition,” Journal of Clinical Investigation, vol.
119, no. 6, pp. 1420–1428, 2009.



Hindawi Publishing Corporation
Evidence-Based Complementary and Alternative Medicine
Volume 2013, Article ID 806072, 15 pages
http://dx.doi.org/10.1155/2013/806072

Review Article
Exploring the Ligand-Protein Networks in Traditional Chinese
Medicine: Current Databases, Methods, and Applications

Mingzhu Zhao, Qiang Zhou, Wanghao Ma, and Dong-Qing Wei

National Key Laboratory of Microbial Metabolism and College of Life Sciences and Biotechnology, Shanghai Jiao Tong University,
800 Dongchuan Road, Minhang District, Shanghai 200240, China

Correspondence should be addressed to Dong-Qing Wei; dqwei@sjtu.edu.cn

Received 24 February 2013; Revised 6 May 2013; Accepted 7 May 2013

Academic Editor: Weidong Zhang

Copyright © 2013 Mingzhu Zhao et al. This is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

The traditional Chinese medicine (TCM), which has thousands of years of clinical application among China and other Asian coun-
tries, is the pioneer of the “multicomponent-multitarget” and network pharmacology. Although there is no doubt of the efficacy, it
is difficult to elucidate convincing underlying mechanism of TCM due to its complex composition and unclear pharmacology. The
use of ligand-protein networks has been gaining significant value in the history of drug discovery while its application in TCM is
still in its early stage.This paper firstly surveys TCMdatabases for virtual screening that have been greatly expanded in size and data
diversity in recent years. On that basis, different screening methods and strategies for identifying active ingredients and targets of
TCM are outlined based on the amount of network information available, both on sides of ligand bioactivity and the protein struc-
tures. Furthermore, applications of successful in silico target identification attempts are discussed in detail along with experiments
in exploring the ligand-protein networks of TCM. Finally, it will be concluded that the prospective application of ligand-protein
networks can be used not only to predict protein targets of a small molecule, but also to explore the mode of action of TCM.

1. Introduction

Drug discoverywas once an empirical process when the effect
of the medicine was purely based on phenotype readout,
while the mode of action of drug molecules remained
unknown. Later, reductionists began to research on themole-
cular mechanism of the drug-target interactions, believing
that the drug is like a magic bullet towards the functioning
targets [1]. This means that a drug takes action on the disease
by interacting with one specific therapeutic target.The idea of
each drug being like a key (or ligand) matching each “lock”
(or protein) has guided the modern drug discovery practice
for the last several decades. However, in the recent years,
more and more evidence has shown that many drugs exert
their activities by modulating multitargets [2–4]. Besides,
some drugs interact with antitargets and induce strong side
effects [5, 6]. Therefore, it is inappropriate to stick to the
paradigm that drug interacts with only one target. How to
modulate a set of targets to achieve efficacy while avoiding
others to reduce the risk of side effects remains a central
challenging task for pharmaceutical industry.

The traditional Chinesemedicine (TCM), which has been
widely used in China as well as in other Asian countries for a
long history, is considered to be the pioneer of the “multi-
component-multitarget” pharmacology [7, 8]. Thousands
of years of clinical practices in TCM have accumulated a
considerable number of formulae that exhibit reliable in vivo
efficacy and safety. Based on the methodology of holism,
hundreds of different components in a TCMprescription can
cure the diseases or relieve the patients bymodulating a serial
of potential therapeutic targets [9].

In recent years, great efforts have been made on modern-
ization of TCM, most on identification of effective ingredi-
ents, and ligands in TCM formulae and functioning targets
[10, 11]. Several databases of TCM formulae, ingredients and
compounds with chemical structures have been established
such as traditional Chinese medicine database (TCMD) [12].
However, the molecular mechanisms responsible for their
therapeutic effectiveness are still unclear. On one hand,
experimental validation of new drug-target interactions still
remains very limiting and expensive, and very few new
drugs and targets are identified as clinical applications every
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Table 1: Basic information for main TCM databases.

Database Description URL or ref.
Traditional Chinese medicine database (TCMD) 6760 herbs, 23,033 compounds [12]
Chinese herb constituents database (CHCD) 240 herbs, 8264 compounds [15]
3D structural database of biochemical components 2073 herbs, 10,564 compounds [16]
TCM database@Taiwan 453 herbs, 20,000 compounds [17]
Traditional Chinese medicine information database
(TCM-ID)

1197 formulae, 1313 herbs, ∼9000
compounds [18]

TCM drugs information system
1712 formulae, 2738 herbs, 16,500
compounds, 868 dietotherapy
prescription

[19]

Comprehensive herbal medicine information system
for cancer (CHMIS-C)

203 formulae, 900 herbs, 8500
compounds [20]

China natural products database (CNPD) 45,055 compounds [21]

Marine natural products database (MNPD) 8078 compounds, 3200 with
bioactivity data [22]

Bioactive plant compounds database (BPCD) 2794 compounds [15]

acupuncture.com.au TCM formulations http://www.acupuncture.com.au/
education/herbs/herbs.html/

Dictionary of Chinese herbs TCM formulae, toxicity, and side
effects

http://alternativehealing.org/
chinese herbs dictionary.htm/

Plants for a future Herb medical usage and
potential side effects http://www.pfaf.org/

year [13, 14].On the other hand, the complex composition and
polypharmacology of TCMmake it even harder to conduct a
full set of experiments between compounds and targets and
elucidate the multitarget mode of action from the holistic
view on the biological network level.

On the contrary, in silico methods can predict a large
number of new drug-target interactions, construct the drug-
target networks, and explore the functional mechanism
underlying the multicomponent drug combinations at the
molecular level. In the present stage, there have already been
successful applications in interpreting the action mechanism
of TCM from the perspective of drug-target networks,
although the quantity is limited. Compared with the huge
amounts of TCM formulae and components, only a small
portion of drug-target pairs has been validated by the labo-
rious and costly biochemical experiments.This motivates the
needs for constructing models that could predict genuine
interacting pairs between ligands and targets, based on the
existing small number of known ligand-target bindings.

In this paper, we firstly investigate TCM databases for
in silico methods that have been greatly expanded in size
and data diversity in recent years. On that basis, different
screeningmethods and strategies for identifying active ingre-
dients and targets of TCM are outlined based on the amount
of information available, both on sides of ligand bioactivity
and the protein structures. Finally, successful applications
in this area have been summarized and reviewed, including
experimental and computational examples. Learning from
the methods in modern western medicine (WM), different
computing models and strategies can be used to confirm the
effective components and related targets in TCM in order
to build the ligand-target networks. One of the research

directions of themodernization of TCM is to clarify themode
of action of TCM based on ligand-protein networks.

2. Databases for TCM

Data availability is the first consideration before any virtual
screening or data-mining task could be undertaken. The
TCM databases can be classified in accordance with several
categories, namely, formulae, herbs, and compounds. The
formula of TCM is a combination of herbs for treating a
disease, while compounds are the bioactive molecules within
herbs. In this section, we have summarized a list of databases
for TCM herbs, formulations, and compounds, as shown in
Table 1.

The elementary units of TCM databases are compounds,
the bioactive components that exert efficacy through binding
to therapeutic targets. Most of the compounds in TCM
databases have two-dimensional structure, while some of
them have three-dimensional structures deduced by force
field. In most TCM databases, the information of both herbs
and compounds are collected while some even have formulae
information as well.

The traditional Chinese medicine database (TCMD)
contains 23,033 chemical constituents and over 6760 herbs
that mainly come from Yan et al. [12]. The query keywords
for the database include molecular formula, substructure,
botanical identity, CAS number, pharmacological activity,
and traditional indications. Only a small proportion of herbs
in TCMD have full coverage of compounds while most
have partial coverage. Chinese herb constituents database
(CHCD) contains information on 8264 compounds derived
from 240 commonly used herbs with both botanical and
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Chinese pinyin names, the part of the herbs that contain the
compounds, pharmacological and toxicological information,
and other useful information [15]. Qiao et al. [16] have devel-
oped 3D structural database of biochemical components
which covers 10,564 constituents from 2073 herbs with 3D
structures built and optimized using the MMFF94 force field
[23]. This database uses MySQL as the data engine and con-
tains detailed information such as basicmolecular properties,
optimized 3D structures, herb origin, and clinical effects.
The TCM database@Taiwan was reported to be the world’s
largest traditional Chinesemedicine database.Theweb-based
database containsmore than 20,000 pure compounds isolated
from 453 TCM herbs [17]. Both simple and advanced query
methods are acceptable in terms of molecular properties,
substructures, TCM ingredients, and TCM classifications.

In addition to herbs and compounds, traditional Chinese
medicine information database (TCM-ID) [18], TCM drugs
information system [19], and comprehensive herbalmedicine
information system for cancer (CHMIS-C) [20] also collect
the information of TCM formulae. TCM-ID is developed
by Zhejiang University together with National University of
Singapore on all aspects of TCM herbs. TCM-ID currently
takes in 1197 TCM formulae, 1313 herbs, and around 9000
compounds. It covers ∼4000 disease conditions, and more
than half of the compounds have valid 3D structures. The
data are collected from creditable TCM books as well as
journals, and the records can be retried by different sets of
query keywords. TCM drugs information system based on
networks of five large databases has also been developed
[19]. It includes information of 1712 formulae, 2738 herbs,
16,500 compounds, and 868 dietotherapy prescriptions from
the integration of Chinese herb database, Chinese patent
medicine database, effective components database of Chinese
herbs, Chinese medical dietotherapy prescription database,
and Chinese medical recipe database. Herbal medicine
information system for cancer (CHMIS-C) integrates the
information of 203 formulae that are commonly used to treat
cancer clinically as well as 900 herbs and 8500 compounds.
The compounds in this database are linked to the entries in
National Cancer Institute’s database and drugs approved by
the U.S. Food and Drug Administration.

The China natural products database (CNPD) [21],
marine natural products database (MNPD) [22], and bioac-
tive plant compounds database (BPCD) [15] only focus on
the structures of the compounds in TCM and do not contain
pertinent information on formulae and herbs. CNPD is built
to meet the needs for drug discovery using natural products
including TCMand collects the 2D and 3D structures ofmore
than 45,055 compounds. MNPD has a collection of 8078
compounds from 10,000 marine natural products, of which
3200 have bioactivity data. BPCD contains information on
2794 active compounds against 78 molecular targets, as
well as the subunits of the target structures to which the
compounds bind.

There are other databases on the internet focusing only
on the clinical efficacy or side effects of formulae and herbs,
without details of compounds. acupuncture.com.au collects
the TCM formulae according to their clinical action and
efficacy. Both the English and Chinese names of TCM herbs

are recorded to facilitate studies using both traditional and
modern methods. The dictionary of Chinese herbs contains
information on both clinical usage and side effects of the
TCM herbs. It also includes the samples of TCM formulae
for treating diseases such as cancer, dengue fever, diabetes,
and hepatitis B. Besides, the compatibility of TCM herbs and
certain drugs is listed to provide biochemical explanation
for drug designers. The plants for a future database allows
querying of herbs with special medicinal usage and also
lists the potential side effects, medical usage, and physical
characteristics.

3. In Silico Methods for
Ligand-Protein Interactions

The computational methods for drug discovery based on
ligand-protein networks have been increasingly developed
and applied in the area of TCM and other drugs in recent
years [7, 8]. These methods mainly fall into the territories of
ligand-based approach, target-based approach, and machine
learning.

3.1. Ligand-Based Approach. The ligand-based approach, also
known as the chemical approach, is to reorganize pharma-
cological characteristics and protein associations, by means
of ligand similarities rather than genomic space such as
sequence, structural or pathway information. The basic
assumption for ligand-based approach is that, regardless that
similar chemical structures may interact with proteins in
different ways, similar ligands tend to bind to similar targets
more than not [24]. The general practice of ligand-based
approach is to describe ligands with chemical descriptors,
and calculate the similarity coefficient (most commonly,
Tanimoto coefficient or 𝑇

𝐶
[25–27]) between ligands. With

the ligand-based descriptions of a protein, one can predict
which targets are likely to be hit by a ligand, given its known
structure.

In the area of ligand-based virtual screening, researchers
have tried to evaluate whether novel ligand-target pairs could
be identified, based on the chemical knowledge of ligands
and ligand-target interactions. G protein-coupled receptors
(GPCRs) are a family of effective drug targets with significant
therapeutic value.Many researchers have built support vector
machine (SVM) models as well as substructural analysis to
describe GPCRs from the perspective of ligand chemoge-
nomics [28]. In particular, the deorphanization of receptors
without known ligands was employed using the ligands of
the related receptors. For 93% of the orphan receptors, the
prediction results are better than random, while for 35% the
performance was good.

A powerful ligand-based prediction method based
on features of protein ligands is the similarity ensemble
approach (SEA), which was originally used to investigate
protein similarity based on chemical similarity between their
ligand sets with the main idea that similar ligands might tend
to share same targets [3]. SEA calculates𝑍-score and 𝐸-value
by summing up the 𝑇

𝐶
over a threshold between two ligand

sets as indicators to evaluate the possible interaction between
two ligand sets in a way similar to BLAST. The similarity
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threshold for 𝑇
𝐶
is chosen in a way that the 𝑍-score best

observes the extreme value distribution (EVD). This method
was then applied to predict new molecular targets for known
drugs [29]. The author investigated 3000 FDA-approved
drugs against hundreds of targets and found 23 new cases
of drug-target interactions. By in vitro experiments, five of
them were validated to be positive with affinities less than
100 nM. Besides Keiser’s research, SEA was also used to
investigate the off-target effect of some commercial available
drugs against the target protein farnesyltransferase (PFTase)
[30], and two drugs loratadine and miconazole were found
to be able to bind to PFTase.

The pharmacophore model is perhaps the most widely
used methods that make use of the 3D structure representa-
tions of molecules [31]. A pharmacophore is defined to be the
molecular features pertinent to bioactivity aligned in three-
dimensional spaces, including hydrogen bonding, charge
transfer, and electrostatic and hydrophobic interactions [32].
The underlying methodology of pharmacophore model was
defined by different researchers [33]. Recently, thismodel was
successfully applied in mesangial cell proliferation inhibitor
discovery and virtual screening of potential ligands for many
targets such as HIV integrase and CCR5 antagonist [34–37].
In 3D pharmacophore model, the molecular spatial features
and volume constraints represent the intrinsic interactions of
small bioactive ligands with protein receptors. Wolber and
Langer tried to extract ligand pharmacophores from protein
cavities based on a defined set of six types of chemical struc-
tures [38] and develop the algorithms for ligand extraction
and interpretation as well as pharmacophore creation for
multiple targets.

Pharmacophore screening only considers those com-
pounds who are direct mimics of the ligand from which
the pharmacophore has been generated and may neglect
the other positive binding modes as well. In fact, the phar-
macophore model is limited to only one mode of action
for small molecules [39]. However, this limitation can be
conquered by combining multiple pharmacophore models
with different modes of action. This method is called virtual
parallel screening and has been successfully applied to the
identification of natural products’ activity [39, 40]. In such
work, The PDB-based pharmacophores were firstly used for
target fishing for TCM constituents. Results showed that
16 constituents of Ruta graveolens were screened against a
database of pharmacophores, and good congruity was found
between the potential predictions and their corresponding
IC
50
values.
Quantitative structure-activity relationships (QSARs)

were first established in the early 1960s when computational
meanswere used to quantitatively describe pharmacodynam-
ics and pharmacokinetic effects in biology systems and the
chemical structures of compounds [41]. Generally speaking,
any mathematical model or statistical method that builds
relationship between molecular structures and biological
properties may be considered as QSAR. The idea of QSAR is
easy while training and application of QSAR is much difficult
since similar structures may interact with totally different
targets due to the diversity and complexity of biology [42].
Furthermore, the intrinsic noise in data to describe both the

chemical space and biological effects brings much trouble
in accurate modeling [43]. Despite these difficulties, in case
robust biological data is available and few outliers coexist,
thousands of QSAR models have been generated and stored
in related database in the past 40 years [44, 45].

3.2. Target-Based Approach. The target-based approach pre-
dicts ligand-target interactions by the structural informa-
tion of protein targets as well as ligands. The target-based
approach depends highly on the availability of the structural
information of targets, either from wet experiments or
numerical simulations [46, 47]. On one hand, these methods
aim to predict the conformation and orientation of the ligand
within the protein cavity. On the other hand, the binding
affinity of the ligand and protein is simulated with scoring
functions.Themain target-based approach is docking, which
predicts the preferred orientation of one molecule to another
when they bind to each other to form a stable complex
[48]. Usually, docking is implemented to search appropriate
ligands for known targets with the lowest fitting energy. On
the contrary, inverse docking seeks to fish targets fromknown
ligands “from scratch” and also plays an important role in
virtual screening.

Despite more than 20 years of research, docking and
scoring ligands with proteins are still challenging processes
and the performance is highly dependent on targets [49–51].
Docking cannot be applied to proteins whose 3D structures
are not identified [52]. The high-resolution structure of the
protein target is preferably obtained from X-ray crystallog-
raphy and NMR spectroscopy. However, approximately half
of the currently approved drugs bind to the membrane pro-
teins, whose structures are extremely difficult to be acquired
experimentally. Alternatively, homology modeling is usually
adopted to build a putative geometry and docking cavity [53].
Besides, threading and ab initio structure prediction together
withmolecular dynamics (MD) andMonte Carlo simulations
are utilized to predict the target structures. However, the
fidelity of homology modeling, threading, and ab initio
structures is still questioned by many researchers. Other
important challenges of docking are the dynamic behavior,
the large number of degrees of freedom, and the complexity
of the potential energy surface. This confines docking to be
a low-throughput method on a very small scale, which fails
to predict interactions on the level of millions of ligands and
targets.

To alleviate the situation that docking depends on the
nature of targets, multiple active sites have been used to
compensate the ligand-dependent biases, and the consensus
scoring has been also suggested to reduce the false positives in
virtual screening [54]. The accuracy of scoring functions still
remains the main weakness of docking approach [55]. Also,
docking is starting to adopt the conformation information
derived fromprotein-bound ligands as a strategy to overcome
the limitations of current scoring functions and can predict
the orientation of the ligands into the protein cavity [56].
Besides, molecular-dynamics-assisted docking method has
been applied in virtual screening against the individual
targets in HIV to search for multitarget drug-like agents, and
KNI-765 was identified to be potential inhibitor [57].
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Regardless of all limitations, virtual screening based on
docking and inverse docking has been successfully utilized
to identify and predict novel bioactive compounds in the
past 10 years. Using the combinatorial small molecule growth
algorithm, Grzybowski applied the docking to the design
of picomolar ligands for the human carbonic anhydrase II
[58, 59]. Inverse docking was firstly developed to identify
multiple proteins to which a small molecule can bind or
weakly bind. In some cases, the bioactivity of the TCM
compounds is well recognized, while the underlying mode of
action is not very clear. In 2001, INVDOCK [60] has been
developed to search for the targets for TCM constituents and
employed a database of protein cavities derived from PDB
entries. The results of inverse docking involving multiple-
conformer shape-matching alignment showed that 50% of
the computer-predicted potential protein targets were impli-
cated or experimentally validated. The same approach was
used to determine potential drug toxicity and side effects in
early stages of drug development, and results showed that
83% of the experimentally known toxicity and side effects
were predicted [61]. Zahler et al. tried the inverse docking
method to find potential kinase targets for three Indirubin
derivatives and examined 84 unique protein kinases in total
[62]. Recently, one indirubin compoundwas found to possess
therapeutic effects against myelogenous leukemia [63].

Docking is usually used as the second step to further
validate the ligand-target binding features after the first round
of virtual screening by other ligand-based approaches [64–
67]. Wei et al. applied the docking together with similarity
search andmolecular simulation to search for anti-SAS drugs
[68], find the binding mechanism of H5N1 influenza virus
with ligands [69], detect possible drug leading to Alzheimer’s
disease [70, 71], and identify the binding sites for several novel
amide derivatives in the nicotinic acetylcholine receptors
(AChRs) [72].

3.3. Machine Learning. The ligand-based approach and
target-based approach predict potential ligand-target bind-
ings by means of chemical similarity and structural informa-
tion.Machine learning is a high-throughputmethod of artifi-
cial intelligence that enables computers to learn from data of
knowns, including ligand chemistry, structural information,
and ligand-protein networks, and to predict unknowns, such
as new drugs, targets, and drug-target pairs. This method
gains stability and credibility and has strong ability for
classifications among large numbers of ligand-protein pairs
that otherwise would be impossible to be connected based on
chemical similarity alone.

Machine learning is to exact features from data auto-
matically by computers [73]. Basically, machine learning can
be categorized into unsupervised learning and supervised
learning. In unsupervised learning, the objective is to extract
and conjecture patterns and interactions among a series of
input variables, and there is no outcome to train the input
variables. The common approaches in unsupervised learning
are clustering, data compression, and outlier detection, such
as principal-component-based methods [74]. In supervised
learning, the objective is to predict the value of an out-
come variable based on the input variables [75]. The data

is commonly divided into training and validation datasets,
which are used in turn to finalize a robust model. The
variable the supervisedmodel predicts is typically the binding
probability of ligands and targets.

Nidhi et al. trained a multiple-category Laplacian-modi-
fied naı̈ve Bayesian model from 964 target classes in WOM-
BAT and predicted the top three potential targets for com-
pounds inMDDRwith orwithout known targets information
[76]. On average, the prediction accuracy with compounds
with known targets is 77%. Bayesian classifier was usually
used in early prediction, while the Winnow algorithm was
reported more recently [77]. With the same training datasets,
the prediction result is slightly different with the multiple-
category Laplacian model. This indicates that it is necessary
to apply different predictionmethods andmake comparisons
even on the same training dataset.

The Gaussian interaction profile kernels, which repre-
sented the drug-target interactions, were used in regularized
least squares combined with chemical and genomic space to
achieve the prediction with precision-recall curve (AUPR)
up to 92.7 [78]. Based on simple physicochemical properties
extracted from protein sequences, the potential drug targets
were related to the existing ones by several models [79].
The supervised bipartite graph inference is used to represent
the drug interaction networks and can be solely able to
predict new interactions, or together with chemical and
genomic space [80, 81]. Besides, semisupervised learning
method (Laplacian regularized least square FLapRLS) was
also explored to effectively predict the results by integration
of genomic and chemical space [82].

The support vector machine (SVM) is a powerful classifi-
cation tool in which appropriate kernel functions are selected
to map the data space into higher-dimensional space without
increasing the computational difficulties. The performance
of SVM is usually stronger than other probability-based
models. Wale and Karypis [83] made comparisons between
a Bayes classifier together with binary SVM, cascaded SVM,
a ranking-based SVM, ranking perception, and the combi-
nation of SVM and ranking perception in terms of the ability
to predict the targets for small compounds and found that the
cascaded SVMhas better performance than the Bayesmodels
and thet the combination of SVM and ranking perception
has the best performance of all. Kuhn et al. developed an
SVMmodel based on the chemical-protein interactions from
STITCH [84] using new features from ligand chemical space
and interaction networks. Four new D-amino acid oxidase
inhibitors were successfully predicted by this model and
validated by wet experiments, and one may have a new
application in therapy of psychiatric disorders other than
being an antineoplastic agent [85].

Random forest, a form of multiple decision trees, recently
has been applied to screen TCM database for potential
inhibitors against several therapeutically important targets
[86]. With the use of binding information from another
database, random forest was performed to find multiple
hits out of 8264 compounds in 240 Chinese herbs on an
unbalanced dataset. Among all the predictions, 83 herb-target
predictions were proved by the literature search.Three Poten-
tial inhibitors of the human, aromatase enzyme (CYP19)
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myricetin, liquiritigenin, and gossypetin, were screened by
random forest as well as molecular docking studies. The
virtual screening results were subsequently confirmed exper-
imentally by in vitro assay [87].

Linear regression models have also been applied to
predict ligand-target pairs. Zhao and Li developed a compu-
tational framework, drugCIPHER, to infer drug-target inter-
actions based on pharmacology and genomic space [88]. In
this framework, three linear regression models were created
to relate drug therapeutic similarity, chemical similarity, and
target similarity on the basis of a protein-protein interaction
network. The drugCIPHER achieved the performance with
AUC of 0.988 in the training set and 0.935 in the test set,
and 501 new drug-target interactions were found, implying
potential novel applications or side effects.

Although machine learning has strong performance in
classification of protein-ligand interactions, its shortcoming
is obvious. The process of some machine learning methods
is implicit, like a black box, from which we cannot have an
intuitive biological or physical relevance between proteins
and ligands. SVM maps the classification problem into
higher space and acquires excellent performance with high
computational efficiency. The tradeoff is that it can hardly
explicitly create relationship between a protein and a ligand.
Therefore, even with a very strong prediction tool, we can
hardly move forward with innovations in theory of protein-
ligand interactions.

4. Applications of Ligand-Protein Networks in
TCM Pharmacology

Network-based pharmacology explores the possibility to
develop a systematic and holistic understanding of the mode
of actions of multidrugs by considering their multitargets
in the context of molecular networks. It has also been
suggested that relatively weak patterns of inhibition of many
targets may prove more satisfactory than the highly potent
single-target inhibitors routinely developed in the course
of a drug discovery program [89]. In drug discovery, the
use of networks incorporating multiple components and the
corresponding multiple target, is one of the driving forces
to propel the current development in TCM pharmacology.
Several successful examples have been accumulated both in
experiments and in silico analysis, as shown in Table 2.

4.1. Experimental Study. Many bioactive compounds in TCM
herbs may have synergetic effort with many non-TCM drugs
in markets. Tannin, a component derived from a TCM,
can be combined with HIV triple cocktail therapy to yield
everlasting efforts in preventing HIV virus propagation. The
underlying mechanism is that tannin suppresses the activity
of HIV-1 reverse transcriptase, protease, and integrase and
cuts off virus fusion and virus entry into the host cells [90].
Recently, Li et al. proposed a new idea to induce immune
tolerance in T cells by usingmatrine, a chemical derived from
the root of Sophora flavescens AIT, targeting both the PKCy
pathway and the NFAT pathway in cocktail preparations for
treating AIDS [91].

Lam et al. recently showed in murine colon 38 allograft
model that a formula containing 4 herbs (PHY906) has
synergetic effect on reducing side effects and enhancing
efficacy induced by CPT-11, a powerful anticancer agent with
strong toxicity. The reason is that PHY906 can repair the
intestinal epithelium by facilitating the intestinal progenitor
or stem cells and several Wnt signaling components and
suppressing a batch of inflammatory responses like factor kB,
cyclooxygenase-2, and inducible nitric oxide synthase [92].

Multicomponent and multitarget interactions are the
main mode of action for TCM formula, which exerts syner-
getic effects as a whole preparation rather than the primary
active compound in TCM alone. Xie et al. demonstrated
that other components in “Qingfu Guanjieshu” (QFGJS)
could effectively influence the pharmacokinetic behavior and
metabolic profile of paeonol in rats, indicating the synergy
of herbal components. This synergy may be the result of
enhanced adsorption of paeonol in the gastrointestinal
tract induced by P-glycoprotein-mediated efflux change [93].
Another similar study showed that paeoniflorin from the root
of Paeonia lactiflora was markedly enhanced when coadmin-
istrated with sinomenine, the stem of Sinomenium acutum.
Sinomenine promotes intestinal transportation via inhibition
of P-glycoprotein and affects the hydrolysis of paeoniflorin
via interaction with b-glycosidase [94].

Huang-Lian-Jie-Du-Tang (HLJDT) is a TCM formula
with anti-inflammatory efficacy, but the action mechanism
is still not very clear. Zeng et al. investigated the effects of
its component herbs and pure components on eicosanoid
generation and found out the active components and their
precise targets on arachidonic acid (AA) cascade. Results
showed that Rhizoma coptidis and Radix scutellariaewere the
key herbs responsible for the suppressive effect of HLJDT
on eicosanoid generation. Further experiments on the pure
components of HLJDT revealed that baicalein derived from
Radix scutellariae has significant inhibitory effect on 5-LO
and 15-LO while coptisine from Rhizoma coptidis shows
medium inhibitory effects on LTA(4)H. Besides, baicalein
and coptisine were proven to have synergetic inhibition on
LTB(4) by the rat peritoneal macrophages [95].

A TCM formula, Realgar-Indigo naturalis formula (RIF),
was applied to treat Acute promyelocytic leukemia (APL)
and showed a high complete remission (CR rate) [96]. In
RIF, multiple agents within one formula were found to
work synergistically. A small-scale combinational study using
Chou and Talalay combination index method was performed
and three main active components of RIF and six core
proteins they targets in mediating the auti-tumor effect were
identified.Themain active ingredients of RIF are tetraarsenic
tetrasulfide (A), indirubin (I), and tanshinone IIA (T), from
Realgar, Indigo naturalis, and Salviamiltiorrhiza, respectively.
A acts as the principal component of the formula, whereas T
and I serve as adjuvant ingredients. ATI leads to ubiquitina-
tion/degradation of promyelocytic leukemia (PML) retinoic
acid receptor oncoprotein, reprogramming of myeloid dif-
ferentiation regulators, and G1/G0 arrest in APL cells by
mediating multiple targets. Using multiomics technologies,
Zhang et al. later proved that the combined use of Imatinib
and arsenic sulfide from toxic herbal remedy exerted better
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Table 2: Summary of multi-target drugs/preparations with TCM pharmacology based on ligand-protein networks.

Disease Methods and
experiments

Formula, herbs, and
components TCM pharmacology Reference

AIDS Experiments Tannin
Tannin suppresses the activity of HIV-1 reverse
transcriptase, protease, and integrase and cuts off virus
fusion and virus entry into the host cells.

[90]

AIDS Experiments Matrine from the root
of Sophora flavescens

Matrine is effective in inducing T-cell anergy by
targeting both the MAPKs pathway and the NFAT
pathway.

[91]

Antitumor Experiments

PHY906:
Glycyrrhiza uralensis
Fisch (G),
Paeonia lactiflora Pall
(P),
Scutelleria baicalensis
Georgi (S), and
Ziziphus jujubaMill
(Z).

PHY906 reduces CPT-11-induced gastrointestinal
toxicity in the treatment of colon or rectal cancer by
several mechanisms. It both repairs the intestinal
epithelium by facilitating the generation of intestinal
progenitor or stem cells and several Wnt signaling
components and suppresses inflammatory responses
like factor kB, cyclooxygenase-2, and inducible nitric
oxide synthase.

[92]

Anti-inflammatory
and analgesic effects Experiments

Qingfu Guanjieshu
(QFGJS): paeonol and
other components

The pharmacokinetic behavior and metabolites of
paeonol are greatly promoted by other components in
QFGJS. This may be the result of enhanced adsorption
of paeonol in the gastrointestinal tract by
P-glycoprotein-mediated efflux change.

[93]

Inflammatory and
arthritic diseases Experiments

Paeoniflorin from the
root of
Paeonia lactiflora and
sinomenine from the
stem of
Sinomenium acutum.

Paeoniflorin is markedly enhanced when
coadministrated with sinomenine, which promotes
intestinal transportation via the inhibition of
P-glycoprotein and affects the hydrolysis of paeoniflorin
via interaction with b-glycosidase.

[94]

Anti-inflammatory Experiments

Huang-Lian-Jie-Du-
Tang (HLJDT):
Rhizoma coptidis and
Radix scutellariae

Baicalein derived from Radix scutellariae showed
significant inhibitory effect on 5-LO and 15-LO while
coptisine from Rhizoma coptidis showed medium
inhibitory effects on LTA(4)H.

[95]

Acute promyelocytic
leukemia (APL) Experiments

Realgar-Indigo
naturalis: tetraarsenic
tetrasulfide (A),
indirubin (I), and
tanshinone IIA (T)

ATI leads to ubiquitination/degradation of
promyelocytic leukemia (PML) retinoic acid receptor
oncoprotein, reprogramming of myeloid differentiation
regulators, and G1/G0 arrest in APL cells by mediating
multiple targets. A acts as the principal component of
the formula, whereas T and I serve as adjuvant
ingredients.

[96]

Chronic myeloid
leukemia
(CML)

Experiments
Imatinib (IM) and
arsenic sulfide
[As(4)S(4) (AS)]

AS targets BCR/ABL through the ubiquitination of key
lysine residues, leading to its proteasomal degradation,
whereas IM inhibits the PI3K/AKT/mTOR pathway.

[97]

Inflammation
Pharmacophore-
assisted
docking

Twelve examples of
compounds from
CHCD

The screened compounds target cyclooxygenases 1 and
2 (COX), p38 MAP kinase (p38), c-Jun terminal-NH(2)
kinase (JNK), and type 4 cAMP-specific
phosphodiesterase (PDE4).

[98]

Type II diabetes
mellitus (T2DM)

Molecular docking
(LigandFit),
clustering, and
drug-target
network analysis

676 compounds in
eleven herbs from
Tang-min-ling Pills

Multiple active components in Tangminling Pills
interact with multiple targets. The 37 targets were
classified into 3 clusters, and proteins in each cluster
were highly relevant to each other. Ten known
compounds were selected according to their network
attribute ranking in drug-target and drug-drug
network.

[99]

Cardiovascular
disease

Similarity search
and alignment,
docking
(LigandFit)

Xuefu Zhuyu
decoction (XFZYD):
501 compounds, 489
drug/drug-like
compounds

Active components in XFZYD mainly target rennin,
ACE, and ACE2 in renin-angiotensin system (RAS),
which modulates the cardiovascular physiological
function.

[100]
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Table 2: Continued.

Disease Methods and
experiments

Formula, herbs, and
components TCM pharmacology Reference

9 types of cancer, 5
diseases with
dysfunction, and 2
cardiovascular
disorders

Distance-based
mutual
information model
(DMIM)

Liu-wei-di-huang
formula (LWDH),
Shan-zhu-yu
(Fructus Corni),
Ze-xie
(RhizomaAlismatis),
Dan-pi
(CortexMoutan),
Di-huang
(Radix Rehmaniae),
Fu-ling (Poria Cocos)
and Shan-yao
(RhizomaDioscoreae)

The interactions between TCM drugs and disease genes
in cancer pathways and neuro-endocrine-immune
pathways were inferred to contribute to the action of
LWDH formula.

[101]

Cardiovascular
diseases

Quantitative
composition-
activity
relationship model
(QCAR) (SVM and
linear regression)

Shenmai, Qi-Xue-
Bing-Zhi-Fang
(QXBZF)

The proportion of active components of Shenmai and
QXBZF were optimized based on clinical outcome
(collateral and infarct rate of heart) using QCAR. The
interactions of multiple weak bindings among different
compounds and targets may contribute to the
synergetic effect of multicomponent drugs.

[102, 103]

Anticoagulant

Network-based
computational
scheme utilizing
multi-target
docking score
(LigandFit and
AutoDock)

Six argatroban
intermediates and a
series of components
from 24 TCMs widely
used for cardiac
system diseases

A ligand can have impact on multiple targets based on
the docking scores, and those with the highest-target
network efficiency are regarded as potential
anticoagulant agents. Factor Xa and thrombin are two
critical targets for anticoagulant compounds and the
catalytic reactions they mediate were recognized as the
most fragile biological matters in the human clotting
cascade system.

[104]

Alzheimers’ disease
Systematical target
network analysis
framework

Ginkgo biloba,
Huperzia serrata,
Melissa officinalis, and
Salvia officinalis

AD-symptoms-associated pathways,
inflammation-associated pathways, cancer-associated
pathways, diabetes-mellitus-associated pathways,
Ca2þ-associated pathways, and cell-proliferation
pathways are densely targeted by herbal ingredients.

[105]

Depression
Literature search
and network
analysis

Hyperforin (HP),
hypericin (HY),
pseudohypericin
(PH), amentoflavone
(AF), and several
flavonoids (FL) from
St. John’s Wort (SJW)

Active components in SJW mainly intervene with
neuroactive ligand-receptor interaction, the
calcium-signaling pathway, and the gap-junction
related pathway.
Pertinent targets include NMDA-receptor, CRF1
receptor, 5-hydroxytryptamine receptor 1D, and
dopamine receptor D1.

[106]

Rheumatoid arthritis
(RA)

Integrative
platform of TCM
network
pharmacology
including
drugCIPHER

Qing-Luo-Yin (QLY),
including four herbs,
Ku-Shen
(Sophora flavescens),
Qing-Feng-Teng
(Sinomenium
acutum), Huang-Bai
(Phelloden-
dron chinensis) and
Bi-Xie
(Dioscorea collettii),
which contain several
groups of ingredients
such as saponins and
alkaloids

The target network of QLY is involved in RA-related
key processes including angiogenesis, inflammatory
response, and immune response. The four herbs in QLY
work in concert to promote efficiency and reduce
toxicity. Specifically, the synergetic effect of Ku-Shen
(jun herb) and Qing-Feng-Teng (chen herb) may come
from the feedback loop and compensatory mechanisms.

[107]
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therapeutic effects in a BCR/ABL-positive mouse model of
chronic myeloid leukemia (CML) than either drug as a single
agent. AS targets BCR/ABL through the ubiquitination of
key lysine residues, leading to its proteasomal degradation,
whereas IM inhibits the PI3 K/AKT/mTOR pathway [97].

4.2. Computational Framework. To target the complex, mul-
tifactorial diseases more effectively, the network biology
incorporating ligand-protein networks has been applied in
multitarget drug development as well as modernization of
traditional Chinese medicine in the systematic and holistic
way. Zhao et al. reviewed the available disease-associated
networks, drug-associated networks that can be used to assist
the drug discovery and elaborate the network-based TCM
pharmacology [106]. Klipp et al. discussed the possibility
to use networks to aid the drug discovery process and
focused on networks and pathways in which the components
are related by physical interactions or biochemical process
[108]. Leung investigated the possibility of network-based
intervention for curing system diseases bymeans of network-
based computational models and using medicinal herbs to
develop into newwave of network-basedmultitarget drugs. It
was concluded that further integration across various “omics”
platform and computational tools would accelerate the drug
discovery based on network [109].

Barlow et al. screened among Chinese herbs for com-
pounds that may be active against 4 targets in inflammation,
by means of pharmacophore-assisted docking. The results
showed that the twelve examples of compounds from CHCD
inhibit multiple targets including cyclooxygenases 1 and 2
(COX), p38 MAP kinase (p38), c-Jun terminal-NH(2) kinase
(JNK), and type 4 cAMP-specific phosphodiesterase (PDE4).
The distribution of herbs containing the predicted active
inhibitors was studied in regard to 192 Chinese formulae, and
it was found that these herbs were in the formulae that were
traditionally used to treat fever, headache, and so on [98].

Many traditional Chinesemedicines (TCMs) are effective
to relieve complicated diseases such as type II diabetes
mellitus (T2DM). Gu et al. employed the molecular docking
and network analysis to elucidate the action mechanism of
a medical composition-Tangminling Pills which had clinical
efficacy for T2DM. It was found that multiple active com-
ponents in Tangminling Pills interact with multiple targets
in the biological network of T2DM. The 37 targets were
classified into 3 clusters, and proteins in each cluster were
highly relevant to each other. Ten known compounds were
selected according to their network attribute ranking in drug-
target and drug-drug network [99].

XFZYD, a recipe derived fromWang Q. R. in Qing dyna-
sty, waswidely used in cardiac systemdisease. From similarity
search and alignment, the chemical space of compounds in
XFZYD was found to share a lot of similarities with that
of drug/drug-like ligands set collected from cardiovascular
pharmacology, while the chemical pattern in XFZYD is more
diverse than that in drug/drug-like ligands for cardiovas-
cular pharmacology. Docking protocol between compounds
in XFZYD and targets related to cardiac system disease
using LigandFit shows that many molecules have good
binding affinity with the targeting enzymes and most have

interactions with more than one single target. The active
components in XFZYD mainly target rennin, ACE, and
ACE2 in renin-angiotensin system (RAS), which modulates
the cardiovascular physiological function. It was proved that
promiscuous drugs in TCM might be more effective for
treating cardiosystem diseases, which tend to result from
multitarget abnormalities, but not from a single defect [100].

A lot of integrative computational tools and models have
been developed and widely used to optimize the combination
regimen ofmulticomponents drugs and elucidate the interac-
tive mechanism among ligand-target networks.

Li et al. built a method called distance-based mutual
information model (DMIM) to identify useful relationships
among herbs in numerous herbal formulae. DMIM combines
mutual information entropy and distance between herbs to
score herb interactions and construct herb network. Novel
antiangiogenic herbs, Vitexicarpin and Timosaponin A-III,
were discovered to have synergistic effects. Based on herb
network constructed by DMIM from 3865 collateral-related
herbs, the interactions between TCMdrugs and disease genes
in cancer pathways and neuro-endocrine-immune pathways
were inferred to contribute to the action of Liu-wei-di-huang
formula, one of the most well-known TCM formulae as
potential treatment for a variety of diseases including cancer,
dysfunction of the neuro-endocrine-immune-metabolism
system, and cardiovascular system [101].

Wang et al. adopted a new method based upon lattice
experimental design and multivariate regression to model
the quantitative composition-activity relationship (QCAR) of
Shenmai, a Chinese medicinal formula. This new strategy for
multicomponent drug designwas then successfully applied in
searching optimal combination of three key components (PD,
PT, and OP) of Shenmai. Experimental outcome of infarct
rate of heart in mice with different dosage combination of
the three components was finally measured, and the fitted
relationship equation showed that the optimal values of PD,
PT, and OP were 21.6, 39.2, and 39.2%, respectively [102]. The
proportion of two active components of Qi-Xue-Bing-Zhi-
Fang, PF and FP, was also optimized in similar way using sev-
eral fitting techniques like linear regression, artificial neural
network, and support vector regression [103]. Although the
underlying mechanism of drug synergy for the two formulae
was still not very clear, the interactions of multiple weak
bindings among different compounds and targets might be
the contributory factors.

A network-based multitarget computational scheme for
the whole efficacy of a compound in a complex disease was
developed for screening the anticoagulant activities of a
serial of argatroban intermediates and eight natural products,
respectively. Aimed at the phenotypic data of drugs, this
scheme predicted bioactive compounds by integrating bio-
logical network efficiency analysis with multitarget docking
score, which evolves from the traditional virtual screening
method that usually predicted binding affinity between single
drug molecule and target. A ligand can have impact on
multiple targets based on the docking scores, and those with
highest-target-network efficiency are regarded as potential
anticoagulant agents. Factor Xa and thrombin are two crit-
ical targets for anticoagulant compounds, and the catalytic
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reactions they mediate were recognized as the most fragile
biologicalmatters in the human clotting cascade system [104].

Sun et al. presented a systematic target network analysis
framework to explore the mode of action of anti-Alzheimer’s
disease (AD) herb ingredients based on applicable bioin-
formatics resources and methodologies on clinical anti-AD
herbs and their corresponding target proteins [105]. The
results showed that, just as many FDA-approved anti-AD
drugs do, the compounds of these herbs bind to targets in
AD symptoms-associated pathway. Besides, they also interact
closely with many successful therapeutic targets related to
diseases such as inflammation, cancer, and diameters. This
suggests that the possible cross talks between these compli-
cated diseases are prevalent in TCM anti-AD herbs [110].
Moreover, pathways of Ca(2+) equilibrium maintaining,
upstream of cell proliferation and inflammation, were found
to be intensively hit by the anti-AD herbal ingredients.

Based on the available experimental results, Zhao et al.
analyzed the molecular mechanism with the aid of path-
ways and networks and theoretically proved the multitarget
effect of St. John’s Wort [106]. A comprehensive literature
search was conducted and the neurotransmitter receptors,
transporter proteins, and ion channels on which the SJW
active compounds show effects were collected. Three main
pathways that SJW intervenes were found by mapping these
proteins onto KEGG pathways. Active components in SJW
mainly intervene with neuroactive ligand-receptor interac-
tion, the calcium-signaling pathway, and the gap-junction-
related pathway, pertinent to targets including NMDA-
receptor, CRF1 receptor, 5-hydroxytryptamine receptor 1D,
and dopamine receptor D1.The networks show that the effect
of SJW is similar to that of combinations of different types
of antidepressants. However, the inhibitory effects of the
SJW on each of the pathway are lower than other individual
agents. Accordingly, the significant antidepressant efficacy
and lower side effects are due to the synergetic effect of low-
dose multitarget actions.

Zhang et al. established an integrative platform of TCM
network pharmacology to discover herbal formulae on basis
of systematic network. This platform incorporates a set of
state-of-the-art network-basedmethods to explore the action
mechanism, identify active ingredients, and create new
synergetic combinations of components. The Qing-Luo-
Yin (QLY), an antirheumatoid arthritis (RA) formula, was
studied comprehensively using the new platform. It is found
that the target network of QLY is involved in RA-related key
processes including angiogenesis, inflammatory response,
and immune response. The four herbs in QLY work in
concert to promote efficiency and reduce toxicity, as the
jun, chen, zuo, and shi in Chinese, respectively. Specifically,
the synergetic effect of Ku-Shen (jun herb) and Qing-Feng-
Teng (chen herb) may come from the feedback loop and
compensatory mechanisms [107].

5. Discussion and Conclusion

In recent years, the bottleneck in western medicine has
brought unprecedented opportunities in TCM research and
development. For decades, the fundamental research has

achieved great success and laid the foundation of modern
western medicine, and the philosophical idea of “reduction-
ism” was considered to own the credit.

The counterparty of “reductionism” in Chinese medicine
is the philosophical idea of holism,which has thousands years
of history of practice in China as well as in other Asian coun-
tries. Using this methodology, the effectiveness of TCM can
only be verified from a large number of clinical trials given
the unclear composition and unknown relationship among
various components.This implicit effect without clear clarifi-
cation at the molecular level has been hindering the modern-
ization of TCM. How to learn from the accumulative knowl-
edge of western medicine in order to identify the effective
compositions and explore the molecular mechanism of the
efficacy is an urgent problem that needs to be solved in TCM.

The hypothesis of “multidrug, multitarget, multigene” in
fact bridges the gap between TCM and western medicine and
is also amanifestation of unity of opposites on “reductionism”
and “holism.” TCM uses the holistic method to investigate
the effects of multicomponent formula across the whole
organism, such as the use of a variety of “ZHENG” in TCM
theory [111]. However, the only option we have to uncover
the underlying mechanism of TCM at the molecular level is
to make use of the theory of reductionism. Of course, for
complex systems, the reduction method can only reach to
a certain depth since it becomes more troublesome as we
get deeper. Therefore, some researchers tend to reduce the
mechanism of TCM to the level of “multidrug, multitarget,
multigene” at present, and for further reduction to the level
of “single-drug, single-target, single-gene,” the problem of
emergentism [112] in philosophy needs to be addressed
properly. The theory of emergentism believes that some
unique features or “ultimate features” of a system can never
be reduced to properties at lower levels, nor the former can
be predicted or explained by the latter, as shown in Figure 1.

So far, ligand-protein network or “multidrug,multitarget,
multigene” is one of the few basic modules that can clearly
reveal the pharmacology of TCM and is expected to be the
future direction of the modernization of TCM. But just rely-
ing on experimental scientists to build ligand-protein inter-
actions nonexhaustively will slow down both the moderniza-
tion of TCM and the development of its industry. Therefore,
the use of cross-platform database (TCM compounds and
recipe database; see Section 2 in this paper) and the improve-
ment on modeling technique (computational method of
ligand-protein interactions; see Section 3 in this paper) will
afford the basis of in silico research for future modernization
and development of TCM. It can be foreseen that one future
direction is to use these TCM databases and predictive
models to reveal the pharmacological effect of TCM, through
the establishment of ligand-protein networks or, “multidrug,
multitarget, multigene” relationships. Nevertheless, the phar-
macological mechanism of TCM can be very complex and
may not be well explained only with the known ligand-
protein network. After all, this is a process of reeling silk from
cocoons and also one of the best choices we have right now.

The increasing availability of ligand-protein networks
is a unique chance to boost success in the modernization
of TCM based on the accumulative knowledge of TCM
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Phenotype Disease (WM)ZHENG (TCM) 

Multicomponent, multitarget, 

Multitarget synergy

Multicomponent
synergy

Specific 
therapeutic targets

One drug, one target,
one gene

Single drug

Emergentism

Holism Reductionism

multigene or ligand-protein
networks

Figure 1: Unity of opposites on holism in traditional Chinese medicine and reductionism in western medicine. Emergentism constructs the
framework of the understanding of holism in TCM via accumulative practice of reductionism in WM.

formulae and practices based on the assumption that TCM
exerts the pharmacological efficacy in multidrug, multitarget
way. Although preliminary research has been initiated in
this area, there is still a long way to go to further leverage
these networks and modeling techniques. Virtual screening
and informatics in the drug discovery area have already
been proven to be quite useful either to predict potential
new drug and target candidates for experimentalists or to
explore the functional mechanism at the molecular level.
A large number of drug-target interactions have thus been
gained and the resulted drug-target networks will also be
quite beneficial to investigate the underlying mechanism
of multicomponent drugs, such as the TCM. With further
applications of these methods in TCM area, we are expecting
to reveal themode of action underlying polypharmacology of
TCM.This grants us the possibility to discover novel effective
drug leads, understand the synergistic mechanism of drug
combinations, andmore importantly, develop drug portfolios
against epidemic, chronic disease, cancer, and other complex
diseases that are almost incurable by western medicine.
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Capsaicin, main pungent ingredient of hot chilli peppers, has been shown to have anticarcinogenic effect on various cancer cells
through multiple mechanisms. In this study, we investigated the apoptotic effect of capsaicin on human pancreatic cancer cells
in both in vitro and in vivo systems, as well as the possible mechanisms involved. In vitro, treatment of both the pancreatic
cancer cells (PANC-1 and SW1990) with capsaicin resulted in cells growth inhibition, G0/G1 phase arrest, and apoptosis in a dose-
dependent manner. Knockdown of growth arrest- and DNA damage-inducible gene 153 (GADD153), a marker of the endoplasmic-
reticulum-stress- (ERS-) mediated apoptosis pathway, by specific siRNA attenuated capsaicin-induced apoptosis both in PANC-1
and SW1990 cells. Moreover, in vivo studies capsaicin effectively inhibited the growth and metabolism of pancreatic cancer and
prolonged the survival time of pancreatic cancer xenograft tumor-induced mice. Furthermore, capsaicin increased the expression
of some key ERS markers, including glucose-regulated protein 78 (GRP78), phosphoprotein kinase-like endoplasmic reticulum
kinase (phosphoPERK), and phosphoeukaryotic initiation factor-2𝛼 (phospho-eIF2𝛼), activating transcription factor 4 (ATF4)
and GADD153 in tumor tissues. In conclusion, we for the first time provide important evidence to support the involvement of ERS
in the induction of apoptosis in pancreatic cancer cells by capsaicin.

1. Introduction

Pancreatic cancer, an invisible killer to human beings, is
the fourth or fifth leading cause of cancer death in the
developed countries and widely known for its high mortality
rate [1, 2]. Surgery is believed to be the only prospective cure,
although the resection rate is relatively low [1]. This is at least
partially due to the fact that only 10–20% of pancreatic ade-
nocarcinoma patients are candidates for surgery due to the
asymptomatic nature of early stage pancreatic cancer [1, 2].
However, resectional surgery does lead to about a 20% 5-year
survival [1]. Administration of fluorouracil chemoradiation
and gemcitabine chemotherapy is regarded as the standard
first-line treatment for unresectable pancreatic tumors [3].
However, the benefits were very limited due to the inherent
resistance to chemotherapeutic agents and their toxicity

[4, 5].Therefore, it is of especial interest to set new therapeutic
strategies aimed at improving the prognostic of this deadly
disease.

Some active components of dietary agents and herbs
have been reported to possess antiproliferative effect on
pancreatic cancer cells, and their molecular mechanisms
include generation of reactive oxygen species and activation
of mitochondria apoptosis pathway [6]. Furthermore, these
components can serve as potent agents to enhance the ther-
apeutic effects of chemotherapy in pancreatic cancer [7, 8].
Capsaicin (8-methyl-N-vanillyl-nonenamide), a homovanil-
lic acid derivative, is the spicy component of hot chili peppers
and widely used as a food additive [9, 10]. Some data show
that capsaicin has analgesic and anti-inflammatory activities
and is currently used in topical creams and gels to mitigate
neurogenic pain [11, 12]. Studies reveal that capsaicin inhibits
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the growth of human cancer cells by different mechanisms,
including generation of reactive oxygen species, disruption
of mitochondrial transmembrane potential, and activation
of caspase-9 and caspase-3 [6, 13–15]. Recently, a report
has shown that capsaicin triggers apoptosis in pancreatic
cancer cells via mitochondria-mediated apoptotic pathway
[6]. However, the mechanisms underlying capsaicin-induced
apoptosis are not well established.

In the present study, we determined whether capsaicin
exerted its antiproliferative effect on pancreatic cancer cells
via ERS-mediated apoptotic pathway. We showed for the
first time that capsaicin induced both in vitro and in vivo
models, an activation of ERS in pancreatic cancer cells with
PERK and eIF2𝛼 phosphorylated, as well as ATF4, GRP78,
andGADD153 upregulated. Taken together, the present study
provides strong evidence supporting an important role of
ERS in mediating capsaicin-induced apoptosis in pancreatic
cancer cells.

2. Materials and Methods

2.1. Reagents and Antibodies. Capsaicin, propidium iodide
(PI), and dimethyl sulfoxide (DMSO) were purchased from
Sigma-Aldrich (St. Louis, MO, USA). Dulbecco’s Modi-
fied Eagle Medium (DMEM), penicillin-streptomycin, fetal
bovine serum (FBS), Opti-MEM I reduced serum medium,
and trypsin-EDTA were obtained from Gibco BRL (Invit-
rogen, Grand Island, NY). RNase was obtained from Fer-
mentas (EU). Mouse anti-GADD153, ATF4, and rabbit anti-
GRP78 were bought from Abcam (Cambridge, UK). Rabbit
phospho-PERK antibody, phospho-eIF2𝛼 antibody, and 𝛽-
tubulin antibody were purchased from Cell Signaling Tech-
nology (Beverly, MA, USA). Bovine serum albumin (BSA),
horseradish-peroxidase- (HRP-) conjugated goat anti-rabbit,
and anti-mouse secondary antibody were obtained from
Beyotime Biotechnology (Beyotime, Haimen, China). [18F]-
fluorodeoxyglucose was provided by Zhejiang University
(Hangzhou, China).

2.2. Cell Culture. The human pancreatic cancer cell lines
PANC-1 and SW1990 were bought from Shanghai Cell Bank
(Shanghai, China). Human pancreatic normal epithelial cells
(HPNE) (CHI Scientific INC, Maynard, MA, USA) were
stocked in our laboratory. PANC-1, SW1990, and HPNE
cells were cultured in DMEM with 10% FBS, 100 units/mL
penicillin, and 100 𝜇g/mL streptomycin at 37∘C under a
humidified 5% CO

2
atmosphere. Cells were passaged at 70–

80% confluence.

2.3. Determination of Cell Viability by CCK-8 Assay. Cell
Counting Kit-8 kit (CCK-8 kit) (Dojindo Molecular Tech-
nologies, Japan) was used to assess the cells viability. PANC-1,
SW1990, and HPNE cells were incubated into 96-well plates
at a density of approximately 5 × 103 cells per well and grown
for 24 h.The cells were treated with 50, 100, 150, 200, 250, and
300 𝜇mol/L capsaicin orDMSO (control) for 24 h.Then 10 𝜇L
CCK-8 reagentwas added to 100𝜇L ofmedia in eachwell, and
the cells were incubated for a further 3 h.The absorbance (A)

of each well was determined with an ELISA reader (BIO-
Tek ELx808, Winooski, VT, USA) at a wavelength of 450 nm.
Survival rate (%) = (𝐴 sample −𝐴blank)/(𝐴control −𝐴blank).The
experiment was repeated three separate times.

2.4. Flow Cytometry Analysis of Cell Cycle. PANC-1 and
SW1990 cells were seeded into 6-well plates at a density
of approximately 5 × 105 cells per well, cultured overnight,
then various concentrations of capsaicin (0, 150, 200, and
250𝜇mol/L for PANC-1 cells; 0, 100, 150, and 200𝜇mol/L for
SW1990 cells) were added. After 24 h incubation cells were
harvested, washed with phosphate buffer saline (PBS), and
then fixed with 70% ethanol overnight at 4∘C. Cells were
stainedwith 20𝜇g/mLRNase and 20 𝜇g/mLPI for 30minutes
at 37∘C in the dark and then analyzed by flow cytometry
(Becton Dickinson, San Jose, CA, USA).The experiment was
repeated three separate times.

2.5. Flow Cytometry Analysis of Apoptosis. Apoptosis in
PANC-1 and SW1990 cells was evaluated using Annexin V-
FITC Apoptosis Detection Kit (BioVision, CA, USA), which
was performed according to the manufacturer’s protocol.
Approximately 5 × 105 cells per well were seeded into 6-
well plates, allowed to adhere overnight, and then treated
with various concentrations of capsaicin (0, 150, 200, and
250𝜇mol/L for PANC-1 cells; 0, 100, 150 and 200𝜇mol/L
for SW1990 cells). Cells were collected after 24 h incubation,
washed with PBS, and resuspended in 500𝜇L binding buffer
containing 5 𝜇L Annexin V-FITC and 10 𝜇L PI in the dark for
5min at room temperature.The apoptotic cells were detected
by flow cytometry (Becton Dickinson, San Jose, CA, USA).
The experiment was repeated three separate times.

2.6. Protein Extraction and Western Blot Analysis. Total
proteins were extracted from cultured cells or tumor tis-
sues using Cell Lysis Buffer (20mmol/L Tris-HCl pH 7.5,
150mmol/L NaCl, 1mmol/L Na

2
EDTA, 1mmol/L EGTA, 1%

Triton, 2.5mmol/L sodium pyrophosphate, 1mmol/L beta-
glycerophosphate, 1mmol/L Na

3
VO
4
, 1 𝜇g/mL leupeptin,

1mmol/L PMSF). After centrifugation at 14,000 g for 15min
at 4∘C, the supernatant was collected and protein concentra-
tion was detected using the BCA Protein Assay Kit (Pierce,
USA), according to the manufacturer’s instructions. Equal
amounts of protein were separated on 8% sodium dode-
cyl sulfate-polyacrylamide gel (SDS-PAGE) and transferred
onto polyvinylidene difluoride membrane. After blocking
with 5% BSA, membrane was incubated with the specific
primary antibodies followed by the incubation with the sec-
ondary antibodies. Immunoreactivity was detected using the
Enhanced Chemiluminescence Kit (Pierce, USA) according
to the manufacturer’s instructions. Each experiment was
repeated three separate times.

2.7. RNA Preparation and Real-Time PCR. Total RNA was
isolated from cultured cells or tumor tissues using the
TRIzol reagent (Invitrogen, Carlsbad, CA, USA), according
to the manufacturer’s instructions. For reverse transcriptase
analysis, 1 𝜇g of total RNA was reversely transcribed in 20 𝜇L
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Table 1: Sequences of primers used in the realtime PCR.

Primer name Primer sequence
GRP78-forward 5 CCAAGACAGCACAGACAGATTG 3

GRP78-reverse 5 CCACGAACCAGGCGAAGG 3

GADD153-forward 5 GCTTGGCTGACTGAGGAGGAG 3

GADD153-reverse 5 CTGACTGGAATCTGGAGAGTGAGG 3

RPLP0-forward 5 GAGACAAAGTGGGAGCCAGCGA 3

RPLP0-reverse 5 ACCCTCCAGGAAGCGAGAATGC 3

volume, using RevertAid First Strand cDNA Synthesis Kit
(K1622, Fermentas, EU). Real-time PCR amplification with
one microliter of the reverse transcriptase reaction mixture
was performedwith SYBRGreenReal-time PCRMasterMix-
Plus- (Toyobo, Japan). The initial denaturation step was 95∘C
for 60 s followed by 40 cycles of amplification at 95∘C for 15 s,
60∘C for 15 s, and 72∘C for 45 s. All samples were performed
in triplicate, and the experiment was repeated three separate
times. The relative amount of the target gene was normalized
with the housekeeping gene ribosomal protein, large, P0
(RPLP0). Sequences of primers listed inTable 1were designed
using the software Primer Premier 5.

2.8. Small Interfering RNA (siRNA). Lipofectamine2000
reagent (Invitrogen) was used for the transfection of siRNA
into pancreatic cancer PANC-1 and SW1990 cells. The
GADD153-specific siRNA (sense 5-GAGCUCUGAUUG-
ACCGAAU-3 and antisense 5-AUUCGGUCAAUCAGA-
GCUC-3) and nonsilencing scrambled siRNAwere obtained
from GenePharma (Shanghai, China). Briefly, approximately
5 × 10

5 cells per well were seeded into 6-well plates and
allowed to adhere overnight. For each well, 250 𝜇L Opti-
MEM I reduced serum medium containing 100 pmol siRNA
was added to a solution containing 5𝜇L lipofectamine2000
in 250𝜇L Opti-MEM I reduced serum medium. The 500 𝜇L
mixture was mixed gently, incubated for 20min at room
temperature, and then carefully dripped into the cells in 2mL
antibiotic- and serum-free DMEM. Regular growth medium
was added 24 h after transfection. Then cells were treated
with capsaicin (150𝜇mol/L for PANC-1 and 100 𝜇mol/L for
SW1990 cells) for 24 h. Cells were collected for real-time PCR
analysis, western blot, and apoptosis assay. Each experiment
was repeated three separate times.

2.9. In Vivo Study. BALB/C (nu/nu) four-week-old male
mice were purchased from Shanghai Laboratory Ani-
mals Center (Shanghai, China) and maintained in specific
pathogen-free conditions. Mice were allowed to acclimate
for one week before the beginning of the experiments. All
animal studies performed in this study were reviewed and
approved by the Animal Research and Ethical Committee
of Wenzhou Medical College. Orthotopic pancreatic cancer
xenograft tumor model was established as described by us
previously [16]. Briefly, nude mice were anesthetized with
pentobarbital sodium, a small left abdominal flank incision
was made, and PANC-1 cells (5 × 106) at exponential stage
in 50𝜇L serum-free media were injected into the subcapsular

region of pancreas. Two weeks after cell inoculation, a total
of 48 nude mice were randomized into four groups with 12
mice per group: control group (PBS), CAP 1 group (capsaicin,
1mg/kg), CAP 2.5 group (capsaicin, 2.5mg/kg), and CAP 5
group (capsaicin, 5mg/kg). Capsaicin was dissolved initially
in ethanol and further diluted in PBS before administering
to the mice, and the final concentration of ethanol was less
than 0.2%. Mice were treated with gavage in 100𝜇L PBS
containing different concentrations of capsaicin 3 days per
week (Monday, Wednesday, and Friday), and the treatment
was continued for 3 weeks.

After the first treatment, 6 mice in each group were used
for survival study which was carried out up to 60 days. When
mice died during the period of survival study, the living
days were recorded. At the end of survival study, the living
mice were euthanized. One week after the last treatment,
the other 6 mice in each group were used for the study
of tumors metabolisms detected by micropositron emission
tomography (Micro-PET).Then themicewere sacrificed, and
the tumors were removed. The tumors were weighted with
an electronic balance, and tumor volumes were calculated
with a vernier caliper using the following formula: (4𝜋/3) ×
(width/2)2 × (length/2). Tumor tissue was stored in liquid
nitrogen for western blot and real-time PCR analysis.

2.10. Micro-PET Study. Micro-PET imaging was performed
one week after the last treatment. Mice were injected with 0.1
microcuries [18F]-fluorodeoxyglucose per mouse via the tail
vein. Mice were anesthetized with isoflurane and positioned
in the cavity of the Micro-PET scanner and then imaged.
A 10min data collection was performed with an uptake
time of 1 h after the tracer injection. Static acquisition was
performed in three-dimensional mode using a Micro-PET
imaging system (R4, Concorde Microsystems, Knoxville,
TN, USA). The Micro-PET images were analyzed with the
Acquisition Sinogram and Image Processing software that
accompanies the Micro-PET. A semiquantitative index of
glucose metabolism, the standardized uptake value (SUV), is
here used as a marker of growth metabolism in pancreatic
cancer xenografts. The SUV is obtained by placing a region
of interest (ROI) and dividing the value (in microcuries
per cubic centimeter) by the injected dose (in microcuries)
divided by the weight (in grams) of the mouse. ROI was
manually drawn by creating a volume of interest in the central
area of the tumor and in the reference area.

2.11. Statistical Analysis. Data are expressed as mean ± SD.
Statistical analysis was performed using SPSS 13.0. Dif-
ferences between the capsaicin-treated and DMSO-treated
(control) groups were analyzed by the unpaired Student’s t-
test or ANOVA analysis. A value of 𝑃 less than 0.05 was
considered statistically significant.

3. Results

3.1. Effects of Capsaicin on the Viability of Pancreatic Cancer
and HPNE Cells. To first investigate the antiproliferative
effect of capsaicin, PANC-1, SW1990, and HPNE cells were
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Figure 1: Effects of capsaicin on the growth of pancreatic cancer and HPNE cells. PANC-1, SW1990, and HPNE cells were incubated with 50,
100, 150, 200, 250, and 300 𝜇mol/L capsaicin or DMSO (control) for 24 h, and cell viability wasmeasured using CCK-8 assay with six replicates
per concentration of capsaicin. Data obtained from three separate experiments are expressed asmean ± SD and analyzed by one-way ANOVA
followed by Dunnett’s test, and ∗𝑃 < 0.01 compared with DMSO-treated cells.

treated with various concentrations of capsaicin, and then
the cell viability was measured by CCK-8 assay. PANC-
1 and SW1990 cells viability was inhibited by capsaicin
treatment for 24 h in a dose-dependent manner (Figure 1).
We found that capsaicin inhibited cell growthmore effectively
in SW1990 cells (IC

50
, 150𝜇mol/L) than in PANC-1 cells

(IC
50
, 200𝜇mol/L). Besides, the survival rate of HPNE cells

was minimally changed after capsaicin treatment.

3.2. Capsaicin-Induced G0/G1 Phase Arrest and Apoptosis in
PANC-1 and SW1990 Cells. Wenext investigated whether the
antiproliferative activity of capsaicin in PANC-1 and SW1990
cells was correlated with cell cycle arrest and apoptosis.
As shown in Figure 2(a), the results of cell cycle analysis
showed that capsaicin increased the ratio of cells in theG0/G1
phase and decreased those in the S and G2/M phase, in a
dose-dependent manner. There were significant differences
in the ratio of cells in G0/G1 phase and S plus G2/M phase
between capsaicin-treated groups (150, 200, and 250𝜇mol/L
for PANC-1 cells; 150 and 200𝜇mol/L for SW1990 cells) and
control group (𝑃 < 0.05; Figures 2(b) and 2(c)). Further
flow cytometry analysis revealed that capsaicin significantly
increased the apoptotic rate of pancreatic cancer cells in
a dose-dependent manner. The apoptotic rates in PANC-1
cells (0, 150, 200, and 250𝜇mol/L capsaicin for 24 h) were
4.72%±1.40%, 16.66%±1.51%, 21.72%±1.78%, and 34.36%±
1.91%, respectively (Figures 3(a) and 3(b)). In SW1990 cells
treated with 0, 100, 150, and 200𝜇mol/L capsaicin for 24 h,
the apoptotic rates were 6.97% ± 1.17%, 25.48% ± 2.14%,
38.59% ± 1.80%, and 48.11% ± 2.97%, respectively (Figures
3(a) and 3(c)). Significant differences (𝑃 < 0.01) in the
apoptotic rate of PANC-1 and SW1990 cells were observed in
capsaicin-treated groups relative to the control group. These
data were consistent with previous studies of cell growth
inhibition using the CCK-8 assay, indicating that the loss of
viable cells by capsaicin was at least partly due to the G0/G1
phase arrest and apoptosis induction.

3.3. Effects of Capsaicin on the mRNA Expression of GRP78
and GADD153 in PANC-1 and SW1990 Cells. Next, we
investigated whether endoplasmic-reticulum-stress- (ERS-)
mediated apoptotic pathway was involved in antiprolifer-
ative and apoptotic effects of capsaicin in PANC-1 and
SW1990 cells. We examined the effect of capsaicin on the
mRNA expression of two key ERS markers, GRP78 and
GADD153. These results of real-time PCR analysis indicated
that capsaicin significantly increased the mRNA expression
of GRP78 and GADD153. GRP78 and GADD153 were higher
in PANC-1 cells treated with 200𝜇mol/L capsaicin (3.71-fold
and 4.14-fold, 𝑃 < 0.01; Figure 4(a)) compared with DMSO-
treated cells. The GRP78 and GADD153 mRNA expression
in SW1990 cells treated with 150𝜇mol/L capsaicin was about
3.69-fold and 5.99-foldmore than that of DMSO-treated cells
(𝑃 < 0.01; Figure 4(b)).

3.4. Knockdown of GADD153 by siRNAAttenuated Capsaicin-
Induced Apoptosis in PANC-1 and SW1990 Cells. To fur-
ther confirm the functional role of GADD153 in capsaicin-
induced apoptosis in pancreatic cancer cells, GADD153-
specific siRNA was employed in this study. Real-time PCR
and western blot analysis demonstrated that transfection
of siRNA against GADD153 resulted in a suppression of
capsaicin-induced GADD153 expression in PANC-1 and
SW1990 cells as compared to cells transfected with scrambled
siRNA (Figures 5(a) and 5(b)).The apoptotic rates of PANC-1
cells in scrambled siRNA-transfected and GADD153 siRNA-
transfected group were 35.34%±2.48%, and 27.99%±2.05%,
respectively (𝑃 < 0.05; Figures 5(c) and 5(d)). And in SW1990
cells, the apoptotic rate in GADD153 siRNA-transfected
group was much lower than that in scrambled siRNA-
transfected group (𝑃 < 0.05; Figures 5(c) and 5(d)). These
results suggested that GADD153-specific siRNA significantly
decreased capsaicin-induced apoptosis in pancreatic cancer
cells.
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Figure 2: Effects of capsaicin on cell cycle in PANC-1 and SW1990 cells. PANC-1 and SW1990 cells were treated with various concentrations
of capsaicin (0, 150, 200, and 250 𝜇mol/L for PANC-1 cells; 0, 100, 150, and 200 𝜇mol/L for SW1990 cells) for 24 h. Distribution of treated
cells in different phases of cell cycle was analyzed by PI staining followed by flow cytometry. (a)The cell cycle distribution graphs.The results
shown are representative of three independent experiments. The ratio of cells in each phase (G0/G1, S, and G2/M) was calculated by using
the ModFit software. (b) and (c) The comparison of cell cycle (G0/G1 and S plus G2/M phase) of capsaicin-treated groups and control group
in PANC-1 (b) and SW1990 (c) cells. Data obtained from three separate experiments are expressed as mean ± SD and analyzed by one-way
ANOVA followed by Dunnett’s test. #

𝑃 > 0.05 and ∗𝑃 < 0.05, compared with DMSO-treated cells.

3.5. Antitumoral Effect of Capsaicin in Orthotopic Pancreatic
Cancer Xenograft Tumor in Nude Mice. To investigate the
antitumoral effect of capsaicin in vivo, we established ortho-
topic pancreatic cancer xenograft tumor in nude mice. As
expected, capsaicin exerted significant antitumoral effect in
pancreatic cancer in vivo. For example, the SUVs in different
groups were: control (9.15 ± 0.67), CAP 1 (6.06 ± 0.57), CAP

2.5 (3.82 ± 0.37), and CAP 5 (1.63 ± 0.50) (Figure 6(a)). The
mean weights of tumors in CAP 1, CAP 2.5, and CAP 5 group
were, respectively, 0.71 ± 0.10, 0.51 ± 0.11, and 0.37 ± 0.08 g,
compared to the control group 0.91 ± 0.11 g (Figure 6(b)).
The average tumor volumes in control, CAP 1, CAP 2.5, and
CAP 5 group were 766.50 ± 91.29, 573.56 ± 88.54, 394.05 ±
98.72, and 256.62 ± 67.64mm3, respectively (Figure 6(c)).
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Figure 3: Effects of capsaicin on apoptosis in PANC-1 and SW1990 cells. PANC-1 and SW1990 cells were treated with various concentrations
of capsaicin (0, 150, 200, and 250 𝜇mol/L for PANC-1 cells; 0, 100, 150, and 200𝜇mol/L for SW1990 cells) for 24 h and subsequently stainedwith
Annexin V-FITC/PI followed by flow cytometry. (a) Representative dot plots illustrating apoptotic status in PANC-1 and SW1990 cells. Cells
in the lower left quadrant (Annexin V-FITC-/PI-) are viable, those in the lower right quadrant (Annexin V-FITC+/PI-) are early apoptotic,
and those in the upper right quadrants (Annexin V-FITC+/PI+) are late apoptotic. (b) and (c) Apoptotic cells (lower right quadrant and
upper right quadrants) in PANC-1 (b) and SW1990 (c) cells. Data obtained from three separate experiments are expressed as mean ± SD and
analyzed by one-way ANOVA followed by Dunnett’s test, and ∗𝑃 < 0.01 compared with DMSO-treated cells.

As shown in Figure 7, capsaicin prolonged the survival time
of pancreatic cancer xenograft tumor mice. The median
survival time of mice in the groups CAP 1 (42 days), CAP 2.5
(53 days), and CAP 5 (56 days) was significantly longer than
that in the control group (30 days) (Figure 7(c)).

To gain further insight into the mechanisms for antitu-
moral effect of capsaicin in vivo, we determined the expres-
sion of some markers related to ERS-mediated apoptotic
pathway (GRP78, phospho-PERK, phospho-eIF2𝛼, ATF4,
and GADD153) in tumor tissues. The results of western
blot analysis showed that the protein expression of GRP78,

phospho-PERK, phospho-eIF2𝛼, ATF4, and GADD153 was
much higher in the tumor tissues of capsaicin-treated mice
compared with that of the control group (Figure 8(a)). As
shown in Figure 8(b), compared with the control group,
GRP78 and GADD153 mRNA expression in CAP 2.5 group
was increased (3.81-fold and 4.04-fold, resp.; 𝑃 < 0.01).

4. Discussion

Pancreatic cancer remains a devastating malignancy due to
lack of effective therapy.The present study demonstrated that
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Figure 4: Capsaicin promoted the mRNA expression of ERS markers, GRP78 and GADD153. PANC-1 (a) and SW1990 (b) cells were treated
with 200 𝜇mol/L and 150𝜇mol/L capsaicin for 24 h, respectively. Real-time PCR analysis for mRNA expression of GRP78 and GADD153 was
performed after capsaicin treatment. All samples were performed in triplicate, and the relative amount of the target gene was normalized with
the housekeeping gene RPLP0. Data are expressed as mean ± SD and analyzed by the unpaired Student’s 𝑡-test, and ∗𝑃 < 0.01 compared with
DMSO-treated cells.

capsaicin was effective in suppressing growth and inducing
apoptosis of human pancreatic cancer cells because of its
cytostatic and cytotoxic properties. Importantly our studies
provided novel evidence for a role of endoplasmic-reticulum-
stress- (ERS-) mediated apoptotic pathway in suppressing
growth of pancreatic cancer in vitro and in vivo after capsaicin
treatment.

Endoplasmic reticulum is the cell organelle of synthesis
and folding of secretory proteins. Perturbation of endo-
plasmic reticulum homeostasis affects protein folding and
causes ERS [17, 18]. The endoplasmic reticulum responds to
ERS by activating intracellular signal transduction pathways,
collectively termed as the unfolded protein response (UPR),
which aims to restore the homeostasis of the organelle
[17, 18]. During UPR, GRP78 dissociates from endoplasmic
reticulum-resident transmembrane proteins, which leads to
autophosphorylation and activation of these transmembrane
proteins, such as PERK [19]. Activated PERK phosphorylates
eIF2𝛼 and then ATF4 is induced [19]. GRP78, a hallmark of
ERS, is a constitutively expressed resident protein of the ER of
all eukaryotic cells and belongs to the highly conserved hsp70
protein family [20, 21]. Increasing evidences have showed
that elevated GRP78 expression, induced by oxidative stress
and chemical toxicity, triggers PERK/eIF2𝛼/ATF4 signaling
pathway and cell death [22–25]. Several reports also have
suggested that GRP78 in the early stage may protect the cell
against apoptosis by some mechanisms, such as suppress-
ing oxyradical accumulation and stabilizing mitochondrial
function [26–28]. In the present study, significantly promoted
GRP78 mRNA expression was observed after capsaicin treat-
ment in vitro. And the results of western blot analysis and
real-time PCR showed that capsaicin significantly increased
the protein andmRNA expression of GRP78 in tumor tissues.
Moreover, we found that in vivo studies capsaicin obviously
augmented PERK and eIF2𝛼 phosphorylation and expression
of ATF4, a downstream target of eIF2𝛼. Our results suggested

that capsaicin could trigger ERS and then activate UPR
(GRP78/PERK/eIF2𝛼/ATF4 signaling pathway) in pancreatic
cancer cells.

In this study, the critical finding is the elevated expres-
sion of GADD153 by capsaicin in pancreatic cancer cells.
GADD153, also known as CCAAT/enhancer binding protein
homologous protein (CHOP), is one of the components of
the ERS-mediated apoptotic pathway [18, 19]. Accumulating
evidences have showed that GADD153 plays an important
role in ERS-induced apoptosis [17–19, 29, 30]. GADD153
deficiency can protect cells from ERS-induced apoptosis
[31]. The mRNA expression of GADD153 is primarily regu-
lated by the PERK/eIF2𝛼/ATF4 signaling pathway [19, 30].
Although low in normal cells, a variety of stress stimuli can
induce the expression of GADD153, including endoplasmic
reticulum stress, genotoxic agent, and nutrient depletion
[19, 32]. We found capsaicin significantly increased the
mRNA and protein expression of GADD153 in vitro and
in vivo. Furthermore, downregulation of GADD153 induced
by specific siRNA significantly diminished capsaicin-induced
apoptosis. These results suggested that GADD153 was a reg-
ulator for capsaicin-triggered apoptosis. However, GADD153
interference only partially abrogated the apoptotic effect of
capsaicin in PANC-1 cells, suggesting that other apoptosis-
related pathways may also contribute to capsaicin-induced
apoptosis. Overexpression of GADD153 has been reported to
play a role in growth arrest pathway and to block the cell
progression from G1 to S phase [33]. Our results revealed
that capsaicin induced G0/G1 phase arrest, which could be
the results of upregulation of GADD153. However, effector
molecules of apoptosis triggered by GADD153 are not well
elucidated. These results suggested that ERS-mediated apop-
totic pathway and GADD153 upregulation were involved in
antiproliferative effect of capsaicin in pancreatic cancer cells.

We further determined the in vivo effects of capsaicin in
an orthotopic pancreatic cancer xenograft tumor in BALB/C
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Figure 5: SilencingGADD153 by siRNAattenuated capsaicin-induced apoptosis in PANC-1 and SW1990 cells. PANC-1 and SW1990 cells were
transfected with GADD153-specific siRNA and scrambled siRNA. 24 h after transfection, cells were treated with capsaicin (150𝜇mol/L for
PANC-1 and 100𝜇mol/L for SW1990 cells) for 24 h. (a) Real-time PCR analysis of GADD153 mRNA expression. All samples were performed
in triplicate. Data are expressed as mean ± SD and analyzed by one-way ANOVA followed by Bonferroni test, and ∗𝑃 < 0.05 compared with
scrambled siRNA-transfected capsaicin-treated cells. (b) The protein level of GADD153 was determined by western blot. 𝛽-tubulin was used
as a loading control. The results shown are representative of three independent experiments. (c) and (d) Representative dot plots illustrating
apoptotic status (c) and statistical analysis (d) showed that GADD153-specific siRNA decreased capsaicin-induced apoptosis. Data obtained
from three separate experiments are expressed as mean ± SD and analyzed by one-way ANOVA followed by Bonferroni test, and ∗𝑃 < 0.05
compared with scrambled siRNA-transfected capsaicin-treated cells.

(nu/nu) mice. Our study showed that capsaicin effectively
inhibited tumor growth, as previously reported [6, 13].Micro-
PET imaging, a routine detection used in clinical oncology
nowadays, generally employs fluorodeoxyglucose to detect
tumors and assess their metabolic activities [34, 35]. Micro-
PET imaging is also employed to assess the metabolisms of
xenograft tumor model in animals [36]. In the present study,
we employed Micro-PET imaging to detect metabolisms of
pancreatic cancers in mice. The standardized uptake value
(SUV) was used as amarker of metabolism in pancreatic can-
cer xenografts.The results ofMicro-PET imaging showed that

capsaicin treatment markedly decreased tumors SUV and
thus inhibited themetabolisms of pancreatic cancers. Besides,
the median survival time of mice in the capsaicin-treated
groups was significantly longer than that in the control group,
which suggested that capsaicin could significantly prolong
the survival time of pancreatic cancer xenograft tumor
mice. Moreover, increased mRNA and protein expressions
of some markers related to ERS-mediated apoptotic pathway
were observed in capsaicin-treated group. These in vivo
results further confirmed the antitumoral effects of capsaicin
by inducing ERS-mediated apoptosis in pancreatic cancer.
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Figure 6: Effect of capsaicin on the tumormetabolisms, weights, and volumes in pancreatic cancer xenograft tumor mice (control, PBS; CAP
1, capsaicin, 1mg/kg; CAP 2.5, capsaicin, 2.5mg/kg; CAP 5, capsaicin, 5mg/kg). (a) Micro-PET imaging. Micro-PET imaging was performed
one week after the last treatment. The values of SUV are expressed as mean ± SD and analyzed by one-way ANOVA followed by Dunnett’s
test, and ∗𝑃 < 0.01 compared with the control group. (b) Tumor weights. One week after the last treatment, the mice were sacrificed and
tumors were removed. The tumors were weighted with an electronic balance. Data are expressed as mean ± SD and analyzed by one-way
ANOVA followed by Dunnett’s test, and ∗𝑃 < 0.01 compared with the control group. (c) Tumor volumes. Tumor volumes were calculated
with a vernier caliper with the following formula: (4𝜋/3)×(width/2)2×(length/2). Data are expressed as mean ± SD and analyzed by one-way
ANOVA followed by Dunnett’s test, and ∗𝑃 < 0.01 compared with the control group.

Together, our results could provide important evidence for
clinical application of capsaicin as an anticancer agent.

In conclusion, to the best of our knowledge, this is the
first study on the effect of capsaicin on the ERS-mediated
apoptotic pathway of pancreatic cancer both in vitro and

in vivo. These findings provide important new insights into
the signaling events involved in capsaicin-induced apoptosis
and may facilitate the development of chemotherapeutic or
chemopreventive strategies based on capsaicin for human
pancreatic cancer.
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Figure 7: Survival analysis of mice orthotopic bearing pancreatic cancer (control, PBS; CAP 1, capsaicin, 1mg/kg; CAP 2.5, capsaicin,
2.5mg/kg; CAP 5, capsaicin, 5mg/kg).The survival study was carried out up to 60 days after the first treatment.The number of living days was
recorded when mice died during the period of survival study. (a) Kaplan-Meier curves show survival for mice administrated with different
doses of capsaicin. (b) Statistical significance was determined by the log-rank test. A matrix of 𝑃 values is showed according to a log-rank test
between the different groups (red, 𝑃 > 0.05; black, 𝑃 < 0.05; green, 𝑃 < 0.01). (c) Median survival time of different groups.
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Figure 8: Effect of capsaicin on the expression of protein and mRNA of ERS markers in tumor tissues (control, PBS; CAP 1, capsaicin,
1mg/kg; CAP 2.5, capsaicin, 2.5mg/kg; CAP 5, capsaicin, 5mg/kg). (a) Western blot analysis. Capsaicin promoted the protein expression
of ERS markers (GRP78, phospho-PERK, phospho-eIF2𝛼, ATF4, and GADD153) in tumor tissues. 𝛽-tubulin was used as a loading control.
The results shown are representative of three independent experiments. (b) Real-time PCR analysis for the mRNA expression of GRP78 and
GADD153 in the control group andCAP 2.5 group.The relative amount of the target gene was normalized with the housekeeping gene RPLP0.
Data are expressed as mean ± SD and analyzed by the unpaired Student’s t-test, and ∗𝑃 < 0.01 compared with the control group.
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Qingfu Guanjieshu (QFGJS) is an herbal preparation for treating rheumatoid arthritis (RA). Previous studies revealed that QFGJS
significantly inhibited experimental arthritis and acute inflammation, accompanied by reduction of proinflammatory cytokines
and elevation of anti-inflammatory cytokines. This study aims to identify the targeted proteins and predict the proteomic network
associated with the drug action of QFGJS by using 2D gel and MALDI-TOF-MS/MS techniques. Thirty female Wistar rats were
evenly grouped as normal and vehicle- and QFGJS-treated CIA rats. The antiarthritic effect of QFGJS was examined with a 19-day
treatment course, and the knee synovial tissues of animals from each group were obtained for 2D gel and MALDI-TOF-MS/MS
analysis. Results showed that QFGJS significantly ameliorated collagen II-induced arthritis when administrated at 2.8 g/kg body
weight for 19 days. 2D gel image analysis revealed 89 differentially expressed proteins in the synovial tissues among the normal
and vehicle- and QFGJS-treated CIA rats from over 1000 proteins of which 63 proteins were identified by MALDI-TOF-MS/MS
analysis, and 32 proteins were included for classification of functions using Gene Ontology (GO) method. Finally, 14 proteins were
analyzed using bioinformatics, and a predicted proteomic network related to the anti-arthritic effect of QFGJS was established, and
Pgk1 plays a central role.

1. Introduction

Rheumatoid arthritis (RA) is a chronic inflammatory and
immunological disease characterized by an invasive synovial
hyperplasia that leads to cartilage and bone destruction. RA
afflicts generally 0.5∼1.0% of the population worldwide and
commonly leads to loss of joint function and consequently
reduction of life quality and expectancy [1, 2]. The etiology
and pathogenesis of RA remain still uncertain, and no ideal
therapeutics from conventional medicine is available for
treating RA at this moment. Complementary and alternative
medicine (CAM), predominantly herbal therapy, has been
reported valuable in treating RA due to its effectiveness in

preventing structural damage of the arthritic joints and its
highly tolerance to RA patients [3, 4].

Herbal medicine, especially the herbal formulas, has been
widely used for treatingRAwith promising outcomes for long
history in China, Japan, and other Asian countries. QFGJS
was prepared from five herbs as follows: Caulis Sinomenii
12 g, Radix Aconiti Lateralis Preparata 9 g, Rhizoma Cur-
cumae Longae 6 g, Radix Paeoniae Alba 15 g, and Cortex
Moutan 9 g. Based on the amount of these five herbs in
QFGJS, the percentage composition of these five herbs were
calculated as 23.53%, 17.65%, 11.76%, 29.41%, and 17.65%,
respectively [5]. In our previous studies on QFGJS, it was
found that QFGJS administered before the induction or after
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the establishment of arthritis could significantly inhibit the
onset and progression of the experimental CIA and adjuvant-
induced arthritis (AA) in rats, showing marked decrease of
the incidence and degree of clinical symptoms of arthritis,
paw volume, arthritic score, and erythrocyte sedimentation
rate (ESR), as well as reduction of cartilage and bone de-
struction revealed by radiological and histopathological anal-
yses [5]. Further mechanistic studies showed that the anti-
arthritic effect of QFGJS was in association with signifi-
cant suppression of three major pro-inflammatory cytokines
(TNF-𝛼, IL-1𝛽, and IL-6) in serumduring disease progression
of AA and CIA in rats [5, 6]. However, both of the protein
networks related to the pathogenesis of AA and CIA models
and the drug actionmechanisms of QFGJS remain unknown.

Autoimmune conditions like RA are characterized by the
complexity of systematic pathologies difficult to be elucidated
by the conventional biological and biochemical technologies,
while the large-scale analysis of proteins expression, inter-
actions, and functions in human clinical or arthritic mouse
samples has shown great promise for unlockingmany of their
pathophysiologicalmechanisms [7]. For treatment of autoim-
mune conditions using herbalmedicine, theremust be signif-
icant complexities both in the effective chemical components
and drug action mechanisms, while the proteomic analytical
technology would be one of the most powerful tools to
identify the targeted proteins and networks related to drug
actions. Technically, two-dimensional (2D) polyacrylamide
gel electrophoresis coupledwithmatrix-assisted laser desorp-
tion/ionization time-of-flight mass spectrum/mass spectrum
(MALDI-TOF-MS/MS) has been proven as the most efficient
proteomics tool, where thousands of protein spots can be
visualized simultaneously, resulting in a global view of the
state of a proteome. Using statistical-based bioinformatics
analysis, it is capable of employing the vast proteomic data to
identify specific disease-associated or drug-targeted proteins
with a high level of confidence [8, 9]. Also, changes in
individual proteins can be detected and quantified through
comparison of the 2D gel spots patterns from different sam-
ples.

Accordingly, in the current study we utilized proteomics
and bioinformatics technologies to identify the targeted
proteins and predict proteomic networks of QFGJS respon-
sible for its anti-arthritic effect in CIA rats as CIA is the
most widely adopted animal models for investigating RA
pathogenesis and examining drug actions of new therapeu-
tics [10]. Simultaneously, proteomic profiling of the major
complicated proteins and of CIA rats could be identified,
which provides more scientific data in understanding the
pathogenesis and characteristics of CIA at the protein level.
In parallel with evaluation of the anti-arthritic action of
QFGJS as did before [6], the knee synovial tissues of normal
and vehicle- and QFGJS-treated CIA rats were isolated for
proteomic analysis using 2D gel and MALDI-TOF-MS/MS
techniques. Thereafter, Western blot assay was employed to
verify QFGJS-targeted proteins in the same tissue samples,
while bioinformatics technology and Genes Ontology (GO)
analysis were utilized for classifying the identified proteins as
well as establishing the proteomic networks involving anti-
arthritic action of QFGJS in CIA rats.

2. Materials and Methods

2.1. Preparation of Collagen II and QFGJS Solutions. Collagen
II (CII) solution was prepared by dissolving CII in 0.05M
acetic acid at 2mg/mL (Chondrex 20022, Redmond, WA,
USA) and emulsifying with an equal volume of incomplete
Freund’s adjuvant (IFA) (Chondrex 7002, Redmond, WA,
USA) at 4∘C using a high-speed homogenizer. QFGJS was
prepared by extracting the five herbs with water, alcohol, and
supercritical carbon dioxide followed by drying according to
our previous reportedmethod [6]. In brief, samples of the five
herbs were refined as coarse powder by pulverization. Caulis
Sinomenii was extracted with water, and the water extract
was spray dried to obtain Extract 1. Radix Aconiti Lateralis
Preparata and Radix Paeoniae Alba were refluxed together
with 80% ethanol, and the ethanol extract was spray dried to
obtain Extract 2. Cortex Moutan was extracted by supercrit-
ical CO

2
to produce Extract 3. The residue after supercritical

CO
2
extraction was then refluxed with 80% ethanol and the

ethanol extract was spray-dried to obtain Extract 4. Similarly,
Rizhoma Curcumae Longae was extracted by supercritical
CO
2
to produce Extract 5. The residue after supercritical

CO
2
extraction was then refluxed with 80% ethanol, and

the ethanol extract was dried with the vacuum drying
technique to obtain Extract 6. Finally, Extracts 1–6 were
mixed thoroughly to produceQFGJS.The quality consistence
of QFGJS was demonstrated by HPLC fingerprint analysis.
QFGJS solution at concentration of 0.283 g/mL was prepared
by dissolving the drug (batch no. 20040822, granules) in the
vehicle of 0.3% (w/v) carboxymethylcellulose (CMC) freshly
before use.

2.2. Animals. Thirty female Wistar rats (5-6 weeks old) were
purchased from the Laboratory Animal Services Center,
the Chinese University of Hong Kong (Hong Kong). The
animals were housed five per cage in rooms maintained at
20 ± 1

∘C with alternating 12-h light-dark cycle. Food and
water were provided ad libitum throughout the experiments.
Animals were acclimated to their surroundings over 1 week to
eliminate the effect of stress prior to initiation of experiments.
All of the experimental protocols involving animals and their
care were approved by the Committee on Use of Human
& Animal Subjects in Teaching and Research of the Hong
Kong Baptist University and were carried out according to
the regulations of the National Institutes of Health of USA
and the Department of Health of Hong Kong Special Admin-
istrative Region.

2.3. Induction of CIA and QFGJS Treatment. Twenty female
Wistar rats were used for induction of CIA according to the
method described previously [5], while ten animals were used
as normal control. Briefly, rats were intradermally injected
at the base of the tail with 100 𝜇L CII solution, using a glass
syringe with a locking hub and a 27-G needle. On day 7 after
the primary immunization, all CIA rats were given a booster
injection ofCII solutionwith samedose. For normal rats, they
were intradermally given saline in the primary immunization
and booster injection.
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Previously, we examined the anti-arthritic effect ofQFGJS
on CIA rats at dose of 1.94 and 3.89 g/kg significantly in-
hibit the paw swelling and reduce the pro-inflammatory cy-
tokinesis expression [5]. Therefore, we took the average of
these two doses and used 2.8 g/kg as the working dosage in
this project. The CIA rats were further randomly separated
and exposed to once-daily oral administration of QFGJS
(2.8 g/kg body weight) or vehicle (0.3% CMC solution) from
the day after the onset of arthritis to day 30 of CIA induction.
The administration volume (mL) to each rat equaled to one
percent of its body weight (g).

2.4. Evaluation of the Development of Arthritis. The rats were
inspected daily for the onset of arthritis characterized by
edema and/or erythema in the paws. The incidence and se-
verity of arthritis were evaluated using an arthritic scoring
system, bi-hind paw volumes, and body weight measurement
every 2 consecutive days beginning on the day when arthritic
signs were first visible (around day 12 of CIA induction). In
the arthritic scoring system, lesions (i.e., the clinical arthritic
signs) of the four paws of each rat were graded from 0 to 4
according to the extent of both edema and erythema of the
periarticular tissues; 16 was the potential maximum of the
combined arthritic scores per animal. The hind paw volumes
weremeasured using a plethysmometer chamber (7140UGO,
Basile, Comerio, Italy) and expressed as the mean volume
change of both hind paws of rat. Body weight of the rats
was monitored with a 0.1 g precision balance (Sartorius AG,
Goettingen, Germany).

2.5. Synovial Tissues Sample Preparation. On day 30 of the
experiment, all animals were sacrificed and both hind limbs
were taken from rats with sterilized scissors. The limbs were
put on the ice, and the synovia were isolated from the knee
joints of both hind paws of each rat by removing the skin,
muscle, fatty tissues, bone, and tendons of an individual paw.
The synovial tissues were immediately snap frozen in liquid
nitrogen and then stored in the refrigerator at −80∘C.

In aspect of sample preparation for two-dimensional gel
electrophoresis, the synovial tissues of each rat were pooled
and washed with cold isotonic buffer for three times and
centrifuged at 12,000 g for 1min each time, and then the
tissues were frozen in liquid nitrogen and ground into fine
powder in an ice bath. For protein extraction, the powder
was lysed with 2D lysis buffer (8M urea, 4M thiourea, 4%
(w/v) CHAPS, and 40mM DTT) plus 2 𝜇L/mL Benzonase
(Calbiochem, Madison, WI). The lysates were incubated on
ice for 20min with gentle shaking and then centrifuged at
25,000 g at 4∘C for 30min. The supernatants were collected,
and protein concentrations were determined by 2D Quant
Kit (GE Healthcare, Chalfont St. Giles, UK) according to the
manufacturer’s instructions.

2.6. Two-Dimensional Gel Electrophoresis. Equal amount of
proteins (80 𝜇g) was processed by 2D Clean-up kit (GE
Healthcare, Chalfont St. Giles, UK) to remove interfering
substances according to the manufacturer’s instructions. The
purified protein pellets were air dried and resuspended in

250𝜇L of rehydration buffer (8M urea, 2M thiourea, 4%
(w/v) CHAPS, 0.5% (v/v) IPG buffer pH 3–10, 1.2% (v/v)
destreak reagent (GE Healthcare, Chalfont St. Giles, UK)).
Then, the resuspended proteins were subjected to 2D gel elec-
trophoresis. In the first dimension, proteins were separated
by IEF with a 13 cm Immobiline DryStrip gel of pH 3–10
(GE Healthcare, Chalfont St. Giles, UK) and rehydrated in a
standard strip holder (GEHealthcare, Chalfont St. Giles, UK)
at 30V for 5 hr and then at 60V for further 5 hr. The protein
samples were then separated on a 50𝜇A/strip using the Ettan
IPGphor 3 System (GE Healthcare, Chalfont St. Giles, UK)
with a program of stepwise increase in voltage for 65860Vh
at 20∘C using the following program: 100V step-n-hold for
2 hrs; 500V step-n-hold for 1 hr; 1000V step-n-hold for 1 hr;
5000V step-n-hold for 1 hr; 8000V gradient for 1 hr; 8000V
step-n-hold for 50000Vhr. After the first dimension, the
strips were equilibrated in SDS equilibration buffer (6Murea,
75mM Tris-HCl (pH 8.8), 30% glycerol (v/v), 2% SDS (w/v),
and 0.002% (w/v) bromophenol blue) containing 10mg/mL
DTT for 15min, and thereafter in the SDS equilibration buffer
containing 25mg/mL iodoacetamide (IAA) for 15min. After
equilibration, proteins were separated on 12.5% SDS poly-
acrylamide gel Laemmli buffer system in an SE 600 standard
vertical electrophoresis unit (GE Healthcare, Chalfont St.
Giles, UK). The IPG strips were sealed in place with 1%
agarose solution. The second dimension electrophoresis was
performed at 30mA at room temperature. Finally, 2D gels
were silver stained using a protocol compatible with mass
spectrometry for protein spot visualization [11]. The silver
stained gels were then scanned with an Image Scanner III
(GE Healthcare, Chalfont St. Giles, UK) and analyzed with
Progenesis SameSpots software (Nonlinear Dynamics Ltd.,
UK).

2.7. In-Gel Trypsin Digestion, Mass Spectrometry Analysis,
and Database Searching. In-gel trypsin digestion, MS anal-
ysis, and database searching were subsequently performed.
Protein spots showing significantly altered expression levels
among three groups of the synovium samples were excised
in duplicate from the silver-stained gels and identified by
MALDI-TOF-MS/MS. Briefly, the gel plugs were dehydrated
with acetonitrile (ACN), which were then removed and then
were vacuum dried. Next, 20 𝜇L of 10mM DTT in 10mM
NH
4
HCO
3
was added, and the proteins were reduced for

30min at 56∘C. The gel plugs were then dehydrated with
200𝜇L ACN. The supernatants were subsequently replac-
ed with 20𝜇L of 55mM iodoacetamide (IAA) in 10mM
NH
4
HCO
3
. After 20min incubation at room temperature

in the dark, IAA solution was removed. The gel plugs were
washed with 50% ACN in 10mMNH

4
HCO
3
and dehydrated

with 100% ACN followed by drying in a vacuum centrifuge.
The completely dried gel plugs were incubated with trypsin
(trypsin gold, mass spectrometry grade, Promega, USA)
solution (12.5𝜇g/mL in 10mMNH

4
HCO
3
) overnight at 37∘C.

Peptides were extracted with 1% TFA in 80% acetonitrile and
vacuumdried at 45∘C for 1.5 hr and then stored at−20∘Cuntil
mass spectrometry.

MALDI samples were prepared by spotting 1-2 𝜇L digest-
ed solution onto a thin layer of 𝛼-cyano-4-hydroxy-cinnamic
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acid on the 600𝜇m AnchorChip MALDI probe (Bruker
Daltonik, Germany). After reaching dryness at room tem-
perature, the samples were analyzed on a Bruker Autoflex
III MALDI TOF/TOF Mass Spectrometer (Bruker Daltonik,
Germany). MALDI-MS and MS/MS data were acquired
and combined through the BioTools 3.0 program to search
the protein database (Swiss-Prot 57.1, 462764 sequences;
163773385 residues) using in-house Mascot software (Matrix
Science, London, UK).

2.8.Western Blot Analysis. Proteins were extracted fromknee
synovial tissues of the normal, CIA, and QFGJS-treated CIA
rats according to previous protocols [12]. Forty micrograms
of proteins from each group were separated on 12.5% SDS
gels and transferred to polyvinylidene difluoride membranes
(Millipore, MA, USA). Following the transfer, the mem-
branes were blocked overnight at 4∘C using 5% skim milk
in Tris-buffered saline (TBS, 20mM, Tris, 500mMNaCl, pH
7.5) and then incubated with primary antibodies specifically
against Pgk1, Gstp1, Aldh6a1, vimentin (Santa Cruz, Santa
Cruz, CA, USA), and beta-actin (Sigma, St. Louis, MO,
USA) in TBS for 1 hr at room temperature. The membranes
were washed three times with TBST (TBS, 0.1% Tween 20)
and then incubated with 1 : 10,000 dilution of anti-rabbit or
anti-mouse IgG secondary antibodies (Zymed, South San
Francisco, CA, USA) conjugated to horseradish peroxidase in
2% skim milk in TBST for 1 hr at room temperature. Finally,
themembranes were washed three times, and the immunore-
active proteins were detected by enhanced chemilumines-
cence (ECL) using hyperfilm and ECL reagent (Amersham
International Plc., Buckinghamshire, UK).

2.9. Protein Classification and Interaction Analysis. To assess
the major biological themes of the differentially regulated
proteins by QFGJS in the knee synovial tissues of CIA rats,
Gene Ontology (GO) analysis (http://www.geneontology
.org/) was conducted.The differentially expressed proteins in
the normal rats, CIA rats, and QFGJS-treated-CIA rats were
classified into different groups. Data filtering was preformed
based on the gene product type, data source, species, and the
term association.The ontology of biological processes, mole-
cular functions, and cellular components was further filtered.
The accession item was chosen to get the term lineage, and
finally, the classification of a unique protein was determined
and presented inTable 1. All the proteins identified byMODI-
TOF/TOF of the three different experimental animal groups
were classified with this method.

After classification by GO, proteins in the same class were
chosen and analyzed by the String database (http://string
.embl.de/). The tool provides analysis of the functionally
related proteins that might be coregulated or physically
interacted under CIA condition and upon the QFGJS treat-
ment. Consequently, a predicted network of the newly iden-
tified proteins representing their protein-protein interactions
related to CIA induction and the anti-arthritic effect of
QFGJS can be established.

2.10. Statistical Analysis. For evaluation of the pharmaco-
logical arthritic effect of QFGJS, data were expressed as

mean ± SEM. Statistical analysis was performed with one-
way ANOVA followed by post hoc test with least significant
difference (LSD) method. All analyses were performed with
SPSS 15.0 (SPSS Inc., Chicago, USA). Values were considered
as significantly different when 𝑃 < 0.05. For 2D gel
results of proteomic analysis, differential software Progenesis
SameSpots (Nonlinear Dynamics) was used for identification
of the up- and downregulated spots by comparing the relative
abundance of each matched protein spot among the normal
groups, vehicle-treated CIA, and QFGJS-treated CIA groups
(𝑛 = 6, for each sample). It was considered as significantwhen
the overall fold change of the protein among the three groups
of the animals was more than 1.4 and analysis of variance
(ANOVA) P value lower than 0.5.

3. Results

3.1. Amelioration of CIA byQFGJS. CIAwas induced on day 1,
while the inflammatory and arthritic lesions that appeared
from day 12 onwards in CIA rats were assessed until day
30 at the end of experiment. Just from day 12, QFGJS was
given once per day until day 30 as well. The results showed
that QFGJS treatmentmarkedly decreased hind paw volumes
and arthritic scores from day 20 and day 24 onward, respec-
tively (Figures 1(a) and 1(b)). Also, QFGJS demonstrated
a trend against loss of body weight of CIA rats, although
no statistical significance was achieved between the QFGJS-
treated and control animals (Figure 1(c)). Regarding changes
of the synovial tissues, the average weight of synovial tissues
isolated from both knee joints of normal animals was about
10mg, while it reached at about 15mg in CIA rats, indicating
significant cell proliferations in synovial membranes of the
arthritic CIA rats. Previously, we reported the protocol of
CIA in rats [5], and the experiment followed the reported
protocol. Marked tissues swelling, blood vessels dilation,
and accumulation of synovial fluids in the CIA rats were
observed while such pathological changes were much less
in the QFGJS-treated rats in comparison with the vehicle-
treated CIA animals.

3.2. 2-D Gel Protein Spot Images of the Knee Synovial Tissues
from Normal and Vehicle- and QFGJS-Treated CIA Rats. To
establish a predicted potential proteomic network and iden-
tify targeted proteins of QFGJS in treating CIA rats, we
employed 2D gel image technique to examine the protein ex-
pression profiling in the knee synovial tissues of the vehicle-
and QFGJS-treated CIA rats, as well as normal rats. The rep-
resentative 2D gel images resembling proteome of the knee
synovial tissues from three groups of animals are showing in
Figure 2. When we compared gels from different groups, one
gel was selected as the standard, and every protein spot on
this gel was distributed with a rank number by the Progenesis
SameSpots software. The software has generated more than
1000 rank numbers, for example, the highest rank number
in Figure 2(a) is 1349 on the upper left corner of the gel. To
analyze the altered protein spots, we compiled 2D images
obtained from 6 random biological replicates for each group
of animals using Progenesis SameSpots software (Nonlinear
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Figure 1: Effect of QFGJS on collagen II-induced arthritis (CIA) in rats. (a) paw swelling, (b) arthritic score, and (c) body weight. CIA was
induced by intradermal injection of 100𝜇L collagen II (CII)/incomplete Freund’s adjuvant (IFA) emulsion containing 100 𝜇g of CII at the tail
base of each rat, together with a booster injection of 100𝜇g of CII in IFA on day 7 after the primary immunization. Normal rats (blue triangle)
were intradermally given with saline at the primary immunization and booster injection. CIA rats were daily given with QFGJS at 2.8 g/kg
body weight (black diamond) or vehicle (red square) beginning from day 12 after arthritis induction until day 30. Saline was orally given to
the normal rats. Data were expressed as mean ± SEM (𝑛 = 10). ###

𝑃 < 0.001, normal rats versus the vehicle-treated CIA rats; ∗𝑃 < 0.05;
∗∗

𝑃 < 0.01, QFGJS-treated CIA rats versus vehicle-treated CIA rats.

Dynamics Ltd., UK). A match set was accordingly created
by manual editing, and the gel with the most spots and the
least background was chosen as a standard gel, and then, all
of the other 17 gels were matched to this one automatically
so as to match the proteins from different gels point to
point. As such, all protein spots from different gels were
matched to each other (Figure 2(b)). Overall, 89 differentially
expressed protein spots were identified by comparing the
normal- versus, vehicle- and vehicle- versus QFGJS-treated
CIA rats. Such analysis on the overall fold changes of proteins
expressions among three groups can ensure at the most
screening of the potential proteins involved both in the
pathogenesis of CIA disease and drug action mechanisms
of QFGJS, so as to provide sufficient candidate proteins for
further analysis using MALDI-TOF-MS/MS technique.

3.3. Identification of the Differentially Expressed Proteins in
the Knee Synovial Tissues among Normal and Vehicle- and

QFGJS-Treated CIA Rats. Among 89 differentially expressed
protein spots, 63 proteins were successfully identified by
MALDI-TOF-MS/MS analysis. For other 25 spots, peptide
mapping could not be performed due to insufficient amount
of proteins and technical limitation. Proteomic data fromMS
analysis were acquired and combined through the BioTools
3.0 program, and then the identities of each protein were
collected after searching the protein database with Mascot
software. Among 63 differentially expressed proteins, the
repetitive proteins analyzed by MALDI-TOF-MS/MS (16
spots) or the unique peptides less than 2 (15 spots) analyzed
by Mascot software were excluded for further classification
and verification. Finally, as shown in Table 1, a total of 32
proteins have been well identified together with their Swiss-
Prot accession number, theoretical molecular weight and pI,
sequence coverage, Mowse scores, number of unique pep-
tides, logarithm of average normalized volume, and overall
fold changes among three groups.
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(a) Normal rats (b) Vehicle-treated CIA rats (c) QFGJS-treated CIA rats

Figure 2: The representative images of 2D gel analysis resembling the proteome in the knee synovial tissues of the normal and vehicle- and
QFGJS-treated CIA rats (𝑛 = 6). (a) Normal rats, (b) vehicle-treated CIA rats, and (c) QFGJS-treated CIA rats. After first dimension of IEF
and second dimension of electrophoresis, the 2D gels were stained with silver solution. The gel images were scanned with Image Scanner III
and analyzed with Progenesis SameSpots software. Protein spots showing the significantly altered expression levels among three groups of
animals were marked and then excised for trypsin digestion followed by MALDI-TOF-MS/MS identification and database searching.

Comparing CIA rats to the normal animals, the dom-
inant overexpression proteins in Table 1 include IgG-2a Ig
gamma-2A chain C region, Gstp1 glutathione S-transferase
P, Aldh6a1 methylmalonate-semialdehyde dehydrogenase,
apolipoprotein C-III, isoform CRA-b, Vim vimentin, and
Pgam1 phosphoglycerate mutase 1. On the other hand, both
in the conditions of CIA rats and QFGJS treatment, some
proteins showed a decreased expression such as Ca 3 car-
bonic anhydrase 3, Tpi1 triosephosphate isomerase, Anxa2
isoform short of Annexin A2, Ivd isovaleryl-CoA dehydroge-
nase, mitochondrial, Capzb F-actin-capping protein subunit
beta, Idh3a isocitrate dehydrogenase [NAD] subunit alpha,
and glyceraldehyde-3-phosphate dehydrogenase. Moreover,
in animals treated with QFGJS, it was found not only to
suppress proteins expressions related to the pathogenesis of
arthritis but even activate expression of some proteins like
Vim vimentin, C-reactive protein, and Np purine nucleoside
phosphorylase. Another typical changes are phosphoglycer-
ate kinase 1 (Pgk1) which showed only a little bit increase of
protein expression under CIA condition but was significantly
suppressed by QFGJS treatment, even lower than the level of
normal animals. Therefore, due to such complicated changes
of protein expressions under CIA condition and QFGJS
treatment, our current studies should include all proteomic
data from three groups of animals rather than from the
treated and nontreated animals, so as to perform a more
comprehensive proteomic analysis as well as achieve a global
proteomic profiling upon QFGJS treatment for CIA rats.

3.4. Classification of the Differentially Expressed Protein Spots
among Normal and Vehicle- and QFGJS-Treated CIA Rats.
Gene Ontology (GO) analysis was performed to assess the
major biological themes of the differentially expressed pro-
teins in knee synovial tissues samples among three groups of
animals. As shown in Table 2, those 32 identified proteins

in Table 1 could be classified into five classes upon their
major known functions: 17 proteins are involved inmetabolic
process; 6 proteins are related to binding activity; 3 proteins
can regulate biological processes; 3 proteins are in association
with cellular processes, and other 3 proteins belong to the
category of others.

3.5. Establishment of the Predicted Proteomic Network among
the Major Differentially Identified Proteins Responsible for the
Antiarthritic Effect of QFGJS. After classification by GO, the
majority of newly identified differentially expressed proteins
in the knee synovial tissues of CIA rats responsible for the
antiarthritic effect of QFGJS fell into the class of proteins
which are heavily involved inmetabolic process (17 proteins).
Therefore, those 17 proteins were subject to further analysis
using String database bywhich a potential proteomic network
was predicted. However, as the apolipoprotein C-III, Pgam1,
and Gpx1 with rat origin were not found in the database of
String Software, they were excluded for building the network.
Other 14 proteins (Gstp1, Tpil1, Ca 3, Ivd, Apoe, Aldh6a,
Idh3a, Pgk1, Gapdh, Ldhb, Np, Mdh1, Aldh2, and Gsto1)
are well connected in building of the network. As a result,
predicted connections and interactions in the proteomic
network between 14 proteins have been elucidated in Figure 3,
which include neighborhood, gene fusion, cooccurrence,
and coexpression. In this network, Pgk1 is a core protein
which plays the most important role in phosphoprotein
glycolysis and connects with other 13 proteins. Also, Pgk1
is the neighborhood of Tpil1 and can be translocated with
Tpil1, leading to protein-protein interaction with Ca 3. Other
major connections in the network are Gapdh connects Pgk1
with Np and Mdh1; Mdh1 is the neighborhood of Idh3a and
Ldhb; Ldhb connects Mdh1 with Ivd, Aldh2, and Aldh6a1.
Besides, Gstp1 is a homologous protein of Gsto1 and Apoe
and connects them with Ivd.
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Figure 3: The predicted proteomic network identified by String Software resembling potential connections and interactions among the
differentially expressed proteins associatedwith the anti-arthritic effect ofQFGJS inCIA rats.The jointed lines represent the predicted protein-
protein connections and correlations among the network including neighborhood, gene fusion, cooccurrence, and coexpression. The color
points (arrow pointed) represent the proteins identified in the synovial tissues with functions involved in metabolic processes. The white
points represent the proteins which have been reported in the literature, databases, text mining or showing homology. Although differential
expression of apolipoprotein C-III, Pgam1, and Gpx1 had been demonstrated among the normal and vehicle-treated CIA and QFGJS-treated
CIA rats after 2D gel analysis, these proteins with rat’s origin were not found in the database of String Software; therefore, they were not
included in the diagram.

3.6. Verification of the Targeted Proteins Responsible for the
Antiarthritic Effect of QFGJS Using Western Blot Assay. To
further verify if the major identified proteins are involved in
the anti-arthritic effect of QFGJS, three proteins (Pgk1, Gstp1,
and Aldh6a1), which were revealed as the most significant
alteration of protein expression levels with overall fold change
more than 2 and also having the most close connections
and interactions in the network diagram, were selected
for verification studies using Western blot assay. Vimentin
was also selected for verification study because it is an
important protein involving inflammatory process although
QFGJS showed no suppressive effect on this protein upon
2D gel image analysis. But the Tpi1 and Car3 proteins were
not employed for verification purpose due to their weak
associationwith other proteins in the network, although their
overall fold change of protein expressions was shown with

more than 2. In general, the results of verification using
Western blot assay demonstrated a consistent trend with al-
terations of the targeted proteins expression in the synovial
tissue samples among the normal and vehicle- and QFGJS-
treated CIA rats, compared to the results from 2D gel image
analysis (Figure 4). For instance, Pgk1, Gstp1, and vimentin
showed overexpression in the knee synovial tissues of vehicle-
treated CIA rats, while QFGJS treatment could markedly
downregulate the expression of Pgk1 protein and slightly
reduce the expression of Gstp1 and vimentin. Moreover, the
suppressive potency of QFGJS on Pgk1 protein expression
seemed to be more prominent in the Western blot assay
compared to the results using 2D gel image analysis. Interest-
ingly, Pgk1 has been known as phosphoglycerate kinase that
plays a central role of regulating signaling transduction in
immunocompetent cells, while in the current study, QFGJS
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Figure 4:Western blot analysis for verification of the representative
differentially expressed proteins. Forty micrograms of each tested
protein extracted from the knee synovial tissues of normal rats,
vehicle-treated CIA rats (CIA), and QFGJS-treated CIA rats (CIA +
QFGJS) were separated on 12.5% SDS gels and probed with a specific
primary antibody of Pgk1, Gstp1, Aldh6a1, or vimentin. Beta-actin
was used as loading control and normalization. The Western blot
was a representative of three individual experiments (𝑛 = 3).

showed to be potent of suppressing this protein. More
importantly, Pgk1 demonstrates as a core protein to be well
connected with other 13 proteins in the predicted proteomic
network induced by QFGJS treatment (Figure 4). Regarding
expression of A1dh6a1 protein, compared to the normal
animals, it demonstrated upregulatory potency in the vehicle-
treated CIA rats determined by Western blot assay against
its potency determined by 2D gel analysis. In QFGJS-treated
CIA rats, the Aldh6a1 expression was slightly downregulated.
Collectively, suppression of protein Pgk1 expressionmay play
central roles in antiarthritis of QFGJS to CIA rats.

4. Discussion

The synovial membranes are a thin lining layer within
joint cavities which are responsible for maintaining normal
joint functions and homeostasis. The fibroblast-like synovial
(FLS) cells within synovial membranes are the cells that are
closely associated with the homeostatic function of joints.
These cells are the primary source of articular hyaluronic
acid and other glycoproteins such as lubricin [13, 14]. In
chronic inflammatory and arthritic disorders such as RA,
synovial membranes become the major target of a persistent
inflammatory process that leads to production of thickening
in the synovial lining layer, neovascularization, and lympho-
cyte infiltration [15–17]. Although the pathogenesis of RA
remains unknown, available evidence suggests that it may
involve acquisition of a combination of increased proliferative
potential and resistance to apoptosis in synovial membranes.
This leads to a marked increase in the number of fibroblast-
like synoviocytes in synovial membranes, which participate
in complex autocrine and paracrine activation networks with

macrophages, lymphocytes, and dendritic cells and serve to
sustain the synovitis and to enhance its destructive potential
in the arthritic joints [18].

Several proteomic methods such as multidimensional
liquid chromatography or 2-dimensional polyacrylamide gel
electrophoresis (2D PAGE) in conjunction with mass spec-
trometry (MS) are increasingly being applied to determine
differential mediators and protein markers profiling so as
to identify the pathogenesis of joint diseases using samples
from the synovium, cartilage, synovial fluid, and serum from
patients and animals with arthritis [19–23]. Such systematic
biological approaches have also been applied to explore the
biomarkers and protein targets associated with therapeutic
effects of drugs using RA patients’ sera prior to and after
therapy [24, 25]; however, application of proteomics onherbal
medicine, especially on identification of the targeted proteins,
remain limiting. In this study, we have applied 2D gel and
MALDI-TOF-MS/MS techniques and identified the targeted
proteins associated with CIA and the anti-arthritic effect of
QFGJS in this rat model.

QFGJS is a pharmaceutical herbal preparation for treat-
ment in both CIA and AA rat model; however, its molecular
mechanism and target proteins have not yet been elucidated.
To evaluate the influence of QFGJS on disease progression
and protein expression of synovium of CIA rats, we examined
the effect of QFGJS on CIA with daily treatment protocol
for 19 days (from day 12 to 30 after induction of CIA) and
obtained the knee joint synovial tissues for protein expression
analysis. The results demonstrated that QFGJS at a dose of
2.8 g/kg body weight once daily treatment for 19 days could
significantly ameliorate the arthritis induced by collagen II
(Figure 1). For proteomic profiles, we have examined 18 knee
synovium samples, that is, 6 random biological replicates
from each group of the normal and vehicle- and QFGJS-
treated CIA rats using MALDI-TOF-MS/MS technique. 2D
gel analysis revealed 89 proteins differentially expressed
among the normal, vehicle- and QFGJS treated CIA rats
from over 1000 proteins. Of those 89 proteins, 63 proteins
were identified by MALDI-TOF-MS/MS analysis (Figure 2).
After elimination of the repetitive and unsatisfied proteins,
32 proteins were selected for further bioinformatics anal-
ysis (Table 1). From the data of Table 1, it indicates that
simultaneously analyzing the overall fold of change of a
protein involved among the normal and vehicle-treated and
QFGJS-treated rats ismore comprehensive than analyzing the
proteomic data from the treated and nontreated animals only.

By comparing protein expression levels among three
groups of animals, of those 32 proteins, 10 (IgG-2a, vimentin,
Gstp1, apolipoprotein C-III, Aldh6a1, Pgam1, Gpx1, Crp,
S100a4, and Apoe) were found upregulated (fold change
between the normal and CIA rats: >1.4) and 8 proteins
(Ca3, Tpil, Ces3, Des, Ivd, RGD1565368, Selenbp1, and
Aldh2) downregulated (fold change between the normal and
CIA rats: <0.71), indicating that these proteins might be
involved in the pathogenesis of CIA. Of these 18 proteins,
8 upregulated proteins (IgG-2a, Gstp1, apolipoprotein C-III,
Aldh6a1, Pgam1, Gpx1, S100a4, and Apoe) and 3 downregu-
lated proteins (Ces3, Des, and Aldh2) in the QFGJS-treated
animals showed a tendency of returning the normal level,
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suggesting that those 11 proteinsmight be involved in the anti-
arthritic action of QFGJS. However, the expression of two
proteins (vimentin and Crp) which have been upregulated in
CIA were further enhanced by QFJGS treatment, while the
expression of 5 proteins (Ca 3, Tpil, Ivd, RGD1565368, and
Selenbp1) which have been down-regulated in CIA rats was
further suppressed by QFJGS treatment. However, detailed
roles of these proteins need to be further identified either in
the pathogenesis of CIA or the anti-arthritic effect of CIA.
Under such a situation, the Gene Ontology and proteomic
network analysis were employed to elucidate the potential
correlations of those 32 proteins and their roles in CIA and
QFGJS treatment.

With the software of Gene Ontology, these 32 proteins
were classified into five classes (Table 2): the majority of
identified proteins (17 proteins) are related to metabolic
processes; 6 proteins possess binding functions; 3 proteins
are related to biological regulatory processes; 3 proteins are
in association with cellular processes; and 3 proteins belong
to other classes of proteins. And those 17 proteins involved
in metabolic processes are the apolipoprotein C-III, Pgam1,
Gpx1, Gstp1, Tpil1, Ca 3, Ivd, Apoe, Aldh2, Aldh6a, Idh3a,
Pgk1, Gapdh, Ldhb, Np, Mdh1, and Gsto1 and were selected
for predicting the proteomic network of QFGJS’s action. As
apolipoprotein C-III, Pgam1, and Gpx1 are not with rat origin
they were excluded for further bioinformatics analysis. Sub-
sequently, a proteomic network with predicted connections
and interactions among those 14 proteins has been established
in the current study (Figure 3). Especially in this proteomic
network, Pgk1 was found to be a core protein with close
connection to other proteins. Pgk1 is the neighborhood of
and was reported to have gene fusion with Tpil1, which can
interact with Ca 3. Pgk1 can also connect Gapdh with Np and
Mdh1, while Mdh1 is the neighborhood of Idh3a and Ldhb.
Ldhb connects Mdh1 with Ivd, Aldh2, and Aldh6a1. Gstp1 is
the homologous proteins of Gstp1 and ApoE and connects
with Ivd. For further verification, only proteins with overall
fold change of more than 2 among three groups and involved
in metabolic processes (except vimentin) were selected for
further Western blot verification, of which the differential
expression of Pgk1, Gstp1, Aldh6a1, and vimentin in the knee
synovial samples among the normal and vehicle- andQFGJS-
treated CIA rats was further confirmed byWestern blot assay.
Overall, the protein expression level of the core protein (Pgk1)
was prominently changed in vehicle-treated CIA rats, while
QFGJS treatment could restore its expression potency into an
almost normal level, suggesting a strong correlation between
the protein and anti-arthritic effect of QFGJS.

Moreover, Pgk1 is an important kinase for phosphopro-
tein glycolysis, and it was also identified as an autoantibody
of RA reported by mass spectrometry analysis using 110 early
untreated RA patients’ sera [26]. Our data are also in line
with their clinical findings, and Pgk1 was also identified
as core responsive target to QFGJS in the rat CIA model,
suggesting that using proteomic approach on QFGJS-treated
CIA rat model is potentially useful to identify new targets
with clinical relevance. Gstp1 is an enzyme that detoxifies
carcinogens and protects cells against oxidative stress [27,
28], and the genetic polymorphisms of human GSTP1 gene

were reported to be associated with disease activity of RA
[29]. In our current study, higher protein expressions of
Gstp1 and Pgk1 in the synovial membranes of CIA rats
were shown in line with the previous clinical reports, while
QFGJS treatment could significantly reverse expression levels
of these two proteins, indicating that QFGJS is able to reduce
the autoimmunity and oxidative stress. Aldh6a1 belongs to
the aldehyde dehydrogenases family of proteins and plays a
role in the valine and pyrimidine catabolic pathways. The
product of this protein, a mitochondrial methylmalonate
semialdehyde dehydrogenase, can catalyze the irreversible
oxidative decarboxylation of malonate and methylmalonate
semialdehydes into acetyl- andpropionyl-CoA [30, 31]. In our
study, QFGJS could decrease the expression of Aldh6a1 which
indicates a suppressive role of oxidative stress by QFGJS.
Further studies are needed on the behavior and mechanism
of interactions among those proteins in association with the
anti-arthritic effect of QFGJS during metabolic process.

Vimentin is an intermediate filament, abundantly ex-
pressed in synovial fibroblasts [32], and also a highly dynamic
protein that regulates inflammatory responses assembly and
disassembly via phosphorylation [33, 34]. Vimentin can be
secreted by the activated macrophages through induction of
TNF-𝛼 during inflammation, but the extracellular vimentin
is essential for efficiently killing bacteria [35]. The conse-
quence of secretion or presence of vimentin could lead to
autoimmunity against these intermediate filaments. Presence
of autoantibodies in autoimmune diseases such as RA has
been reported in 40% RA patients’ sera, and such antibodies
can direct actions against the Sa antigen presence on the
surface of citrullinated vimentin [36]. However, our findings
in a current study showed no marked correlation between
inhibition of vimentin and the antiarthritic effect of QFGJS,
which needs further investigations.

In the current study, 2D gel image and MALDI-TOF-
MS/MS techniques have been successfully utilized for iden-
tification of the global proteomic profiles of the normal
and vehicle- and QFGJS-treated CIA rats, as well as the
targeted proteins related to the antiarthritic effect of QFGJS
in CIA model, in which 32 upregulated or downregulated
proteins were identified from the synovial membranes by
comparing all proteomic data among three groups of animals.
Bioinformatics analysis using the software of Gene Ontology
classified those 32 proteins into five classes, of which 17
proteins are considered as the major corresponding ones
related to the pathogenesis of CIA as well as the drug actions
of QFGJS. Further analysis using String database produced
a prediction of the proteomic network related to the anti-
arthritic action of QFGJS, in which Pgk1 plays a central role.

Previously, we have demonstrated five representative
bioactive compounds, that is, sinomenine, paeoniflorin,
paeonol, cucurmin, and hypaconitine, as the chemical mark-
ers of the pharmaceutical preparation of QFGJS [37].Though
sinomenine, paeoniflorin, paeonol, and cucurmin have an
antiarthritic effect, the effects of herbalmedicinal compounds
contained in QFGJS on antiarthritis must not be the same
with the single bioactive compounds whichmay be caused by
multicomponents and compound-compound interactions.
For example, we have previously studied the effect of pure
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paeonol and QFGJS containing paeonol, and the results
indicated that other components in QFGJS could effectively
influence the pharmacokinetic behavior and metabolic pro-
file of paeonol in rats [38]. Therefore, combined use of all 5
herbsmight probably be essential to exhibit the real treatment
effect of QFGJS. However, it is interesting to further work on
which components andwhat combination of the components
providing the optimal treatment effect. Here, in the current
studies we have attempted to use proteomics as the system
biology platform to elucidate the network target of QFGJS,
and optimization of drug combination of the network-based
drug will further rely on the tighter integration of system
biology and computational technologies [39].

All in all, we have tried to link the network-based
treatment principle of herbal medicine with the pharma-
cological target network, and we believed that the efficient
use of systems biology and computational technologies for
investigation of medicinal herbs and herbal preparations will
function as a powerful engine for multitarget drug discovery
and development of network medicine. We hoped that the
QFGJS examplewill arouse attention on how to develop novel
and better method to study the network pharmacological
effect of the complex herbal formulas.
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The dominant paradigm of “one gene, one target, one disease” has influenced many aspects of drug discovery strategy. However, in
recent years, it has been appreciated that many effective drugs act on multiple targets rather than a single one. As an integrated
multidisciplinary concept, network pharmacology, which is based on system biology and polypharmacology, affords a novel
networkmode of “multiple targets,multiple effects, complex diseases” and replaces the “magic bullets” by “magic shotguns.” Chinese
herbal medicine (CHM) has been recognized as one of the most important strategies in complementary and alternative medicine.
Though CHM has been practiced for a very long time, its effectiveness and beneficial contribution to public health has not been
fully recognized. Also, the knowledge on the mechanisms of CHM formulas is scarce. In the present review, the concept and
significance of network pharmacology is briefly introduced. The application and potential role of network pharmacology in the
CHM fields is also discussed, such as data collection, target prediction, network visualization, multicomponent interaction, and
network toxicology. Furthermore, the developing tendency of network pharmacology is also summarized, and its role in CHM
research is discussed.

1. Introduction

Over the past decades, drug discovery has followed the
dominant paradigm of the “one gene, one drug, one disease”
andmainly focused on designing exquisitely selective ligands
which could avoid side effects [1]. However, owing to the
lack of efficacy and safety, the clinical attrition rate of new
drug candidates reached up to 30% [2]. Moreover, the large-
scale functional genomics studies have revealed that many
single-gene knockouts exhibit little effect on the phenotype
[3], and only 34%of single-gene knockout resulted in sickness
or lethality [4]. Systems biology is a recent trend in bioscience
researchwhich focuses on the complex interactions in biolog-
ical systems from a holistic perspective, rather than altering
the single molecular component [5, 6]. Network pharmacol-
ogy [7, 8], a system biology-based methodology, replaces the
corollary of rational drug design of “magic bullets” by the
search for multitarget drugs that act on biological networks

as “magic shotguns” [9]. Network biology analysis has also
revealed that the deletion of individual nodes has little effect
on the disease networks [10].The increased understanding of
the role of network biology systems challenges the dominant
assumption of single-target drug discovery [11, 12]. Chinese
herbalmedicines (CHM) include naturalmedicines that were
discovered by the ancient Chinese and evolved through at
least 3000 years of uninterrupted clinical practice. Generally,
CHM cures diseases by the synergistic effects of multiple
compounds and herbal formula, which is mainly based on
the integrative and holistic ways [13]. However, with the
growing popularity and great promise of CHM, the ever-
increasing demand for illuminating pharmacological mecha-
nisms, potential drug efficacy, and clinical toxicity are major
issues that need to be addressed. As a methodology and
technology, network pharmacology offers a new approach
to integrate the notion of drug discovery based on compre-
hensive research and synthetic assessment. Obviously, this
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principle coincides with the characteristics of syndrome
differentiation by traditional Chinese medicine (TCM) and
holistic view of CHM treatment [14].

In this review, the concept and significance of network
pharmacology is briefly introduced. Its application and
potential role in CHM research is also summarized.

2. Concept and Significance of
Network Pharmacology

With the rapid growth of available biomedical data in the
postgenomic era, systems biology and polypharmacology
have provided fresh insight into the drug discovery [15, 16].
The computational biology provides profitable approach to
address the scientific suspense through efficacious modeling
and theoretical exploration. In 2007, Hopkins created a novel
concept of network pharmacology, which is built on the
fundamental concept thatmany effective drugs in therapeutic
areas act onmultiple rather than single targets [7, 9]. Network
pharmacology can be reconstructedwithmolecular networks
that integrate multidisciplinary concepts including biochem-
ical, bioinformatics, and systems biology [8]. It affords a
rewarding assistance to forecast the off-target effects at a
higher efficiency, which could improve the potency for drug
discovery through a novel networkmode of “multiple targets,
multiple effects, complex diseases” [17].

The advantages of network pharmacology include the
following: regulation of the signaling pathway with multiple
channels, increase in drug efficacy, reduction of side effects,
increase in the success rate of clinical trials, and decrease in
the costs of drug discovery. Many complex diseases involve
the interactions of multiple genes and functional proteins
[18]. Network pharmacology models aim at addressing ques-
tions such as how andwhere in the disease network one target
inhibits or activates the disease phenotypes.This ideally leads
to therapies that are less vulnerable to drug resistance and
lesser side effects bymeans of attacking the disease network at
the systems level through synergistic and lethal interactions.
The drug discovery strategies thereby should explore the
regulated pathology network and reduce the typically high
attrition rates in the disease networks [19]. Many studies
have reported the interesting biological findings from these
networks, and more than 40% of the drug-activated targets
were discovered based on the disease gene networks by
meta-analysis [20], which were associated with a number of
diseases [21]. Therefore, network pharmacology can assist in
systematic characterization of drug targets, thereby helping
to decrease the high failure rates in discovery projects.

3. Research Approaches of
Network Pharmacology

Network pharmacology can make an impact at two main
approaches in the drug development process. One is to
establish a pragmatic network model and predict the drug
target based on public databases or available data of earlier
researches. Subsequently, the mechanism of functional drug
should be explored for the network equilibrium principle.

Based on this approach, Gu et al. calculated the effect of
Rheidin A and C and Sennoside C, which was the first
report onmultiple component drugs for type II diabetes [22].
Yan et al. also predicted the new pharmacological action of
Ephedra Decoction using virtual screening and network
forecast techniques [23].

The other approach is to reconstruct a “drug target dis-
ease” network prediction model using the high-throughput
screen (HTS) technology and bioinformaticsmethods. In this
approach, the mechanism of drugs in the biological network
was analyzed by comparing the interaction between the drug
and the model. Many examples on the application of network
pharmacology in drug discovery have been reported in the
literature. Li et al. [24] used Liuwei Dihuang pill (a CHM
formula) to predict the suitable network targets in disease
treatment and found that themultilayer networksmay under-
lie the combined mechanisms of herbal formula. Further-
more, nine components were screened in Fufang Danshen
formula based on network pharmacology, which could mod-
ulate 42 cardiovascular-associated genes [25]. Additionally,
by integrating the above research approaches, it was demon-
strated that salvianolic acid B was compatible and feasible for
cardiovascular disease treatment [26].

4. Process in Network Pharmacology Research

4.1. Data Collection and Validation. Network pharmacology
takes into account the aforementioned principles to optimize
the efficacy and safety of a candidate drug and their potent
combinations. These also represent the two important steps
in any experimental study. The first step of network pharma-
cology is the selection of original data from the experiments
to build a biological network.The second is the experimental
validation for the predicted network model. The validated
data can be quantified using many different integrated meth-
ods including genomics, proteomics, metabolomics, and
HTS/high-content screening (HCS) technologies [27].

HTS/HCS technologies can rapidly detect millions of
data samples, identify substances, and modulate a particular
molecular pathway or alter the phenotype of a cell [28, 29].
These have many desirable features such as homogeneous,
multidimensional phenotypic detection, real-time, dynamic
monitoring, and visualization. Moreover, this dual high-
throughput technology also can collect network data from the
experiments and validate the network model. For instance,
Fakhari and Dittmer created the polymerase chain reaction
(PCR) chip technology to detect the gene expression [30].The
results demonstrated that the technology was convenient for
the high-throughput studies.

Molecular interaction validation technology is another
tool which validates the approach for network pharmacology,
reveals the drug activity mechanisms, and verifies the drug
network or predicted model. It can help researchers to
discover the relationship between the drug and the macro-
molecules, and it mainly includes surface plasmon resonance
(SPR) [31] and biolayer interferometry (BLI) technologies
[32]. All of these techniques involve high-throughput, high-
precision, label-free, and real-time detection.
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4.2. Network Analysis and Visualization. Network analysis
focuses the on established network using related technology
and extracts useful information which is convenient for fur-
ther studies [33].Three types of network analysis are available.
The first one involves the calculation of the optimal topo-
logical structure and statistical properties of network after
the extraction of specific network data [34], which is con-
served as the hidden information in the network maximally.
Secondly, the generation and comparison of random net-
works is used to check the reliability of the existing network
by inducing acceptable modulation [35]. At last, the hierar-
chical clustering of the network is performed [36], algorithm
is applied to predigest the complicated network, and potential
information in the network is anticipated.

Network visualization is applied to extract the interaction
information from interassociation data and switch them into
a visual network using visualization tools [33]. This process
contains two steps: (1) enriching network attributes, adding
network nodes, and increasing connection power of network;
(2) describing the network and taking abundant instrument
to describe the architectural feature that clearly and intu-
itively represents the network. At present, most visualization
of network pharmacology is through professional tools such
as Cytoscape [37], GUESS [38], and Pajek [39]. Brief infor-
mation of network pharmacological technologies and tools is
shown in Table 1.

5. Application of Network Pharmacology in
CHM Research

CHM, the ancient treatment methodology popular in China
and surrounding areas, has been recognized as a pharma-
ceutical area of TCM and holds promise for preventing
diseases in a holistic way [40, 41]. In a long period of clinical
practice, it is known for its effectiveness and beneficial con-
tribution to public health and disease control. However, the
pharmacological mechanisms of CHM have not been fully
established. With increasing knowledge of the network of
genes and molecular interactions, the researchers adopt net-
work pharmacology for their drug research and development.
Figure 1 shows the developing tendency of network pharma-
cological studies from the data available in Web of Knowl-
edge, PubMed, and China National Knowledge Infrastruc-
ture (CNKI) databases from 2007 to 2012. The applications
of network pharmacology in CHM were systematically sum-
marized to demonstrate the significant value in this area of
research.

5.1. Construction and Application of CHM Database. Build-
ing a CHM database is critical for a network pharmacology
study. Chen et al. [42] constructed the TCM-ID database
including TCM prescriptions, herbal ingredients, and 3D
structure of herbal ingredients. It was mainly used for illus-
trating the mechanism of the effects of herbal ingredients. Ye
et al. [43] integrated the text-mining technology, a strict arti-
ficial audit and annotation process, and obtained the protein
targets of Chinese medicine by determining the effective
components based on the mass literature from PubMed.
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Figure 1: Developing tendency of network pharmacology study.The
publications of network pharmacology study in Web of Knowledge,
PubMed, and CNKI databases from 2007 to 2012. All results were
screened in manual way.

Subsequently, the Herbal Ingredients’ Targets Database pro-
vided the integrated information for theChinese herbal active
ingredient protein target and offered platform to analyze the
similarity between the compound formula and protein
sequence.

Furthermore, many other TCM databases have been
established for network pharmacology research, such as the
TCMGeneDIT database [44] and TCM Database@Taiwan
[45]. The former mainly focuses on TCM-related gene and
disease information, and the latter is applied to CHM screen-
ing. In addition, the disease-drug-target databases such as
SuperTarget, Matador [46], DrugBank [47], andTherapeutic
Target Database [48] are also used for drug-target research on
herbal compounds.

5.2. Predictions of CHM Drug Target. Relevant technology
can be used to screen the effective herbal substances and
discover the drug target. Such technology could also pro-
vide theoretical support for detecting new pharmacological
effects of Chinese compound formula. Li [49] proposed a
methodology termed “network target,” which is used to reveal
the interactions between herbal compounds/formulas and
complex syndrome systems based on network pharmacology
and systems biology. Wu et al. [50] predicted the multitarget
ofAconiti Lateralis Radix Praeparata’smulti-compoundbased
on the drug-target data and random forest algorithm. They
found that each compound was correlated with 16.3 targets,
whereas each target was related to 4.77 compounds. This
study reflects the notion of “multi-compound and multitar-
get” in CHM towards drug discovery.

Yu et al. [51] predicted the new pharmacological effects
(antihyperglycemic and antihyperlipidemic) of Fuzheng
Huayu Capsule using high-throughput technology and Con-
nectivity Map databases [52]. Using the chemical structure
of compounds, target identification, and enrichment analysis,
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Table 1: Brief introduction of network pharmacological technologies methods and tools.

Mainly experimental techniques and tools in network pharmacology
Technique Application fields Advantage Literatures

HTS/HCS Massive data acquisition Homogeneous, multidimensional phenotypic detection,
dynamic real-time monitoring, and visualization [28, 29]

PCR chip Massive data acquisition Dual high throughput, strong specificity, high sensitivity, and
good repeatability [30]

SPR Massive data acquisition No marks, high-throughput, high-precision, and real-time
detection [31, 32]

BLI Massive data acquisition No marks, high-throughput, high-precision, and real-time
detection [31, 32]

Cytoscape Network visualization Graphic operation, construct simple network, plugin support
for analysis, and easy to use [37]

GUESS Network visualization Graphic operation, command line, and script support for
analysis [38]

Pajek Network visualization Graphic operation, building large-scale network [39]
Network topology
information calculation Network analysis Classify and sequence the nodes, reflect hidden information [34]

Random network creation
and comparison Network analysis Verify reliability of existing network [35]

Network layer and
clustering Network analysis Simplify the complexity of network, find out potential

information [36]

Zhu and Yao [53] successfully predicted themolecular targets
of Xiaochaihu Decoction. They found that the potential
targets of the 21 compounds mainly involved metabolic,
inflammation, and poison degradation processes. Zhang et al.
[54] created a new algorithm to predict the molecular targets
of rhein, which integrated the protein-protein interactions,
pathways, genome expression, and the literature data mining.
The results showed that three specific genes were relevant
for drug targets, and their functions mainly involved cellular
apoptosis, immunity, and transport.

5.3. Network Visualization of the CHM Literature Mining
Researches. Essentially, the network visualization of the
CHM literature examines the database to find modes or
rules [55], detects the literature information, analyzes the
selection data, and discovers the novel effects of CHM.
For example, Li et al. [56] integrated the microarray and
the literature database to design a literature mining and
microarray analysis system, which was used to construct
biological networks and reveal the related interactions.

Wu et al. [57] collected slices information of TCM from
the Chinese Pharmacopoeia by text mining and constructed
the TCM slices-symptom network. They discovered 3016
pairs of TCM slice-symptom correlations. Each TCM slice
was correlated with 4.67 symptoms, and each symptom was
related to 7.47 TCM slices. Furthermore, the network analysis
also indicated that network pharmacology approaches could
be used to forecast and discover unknown or new effects and
channel tropisms of TCM slices. Additionally, Zhang et al.
[58] reconstructed three Bayesian belief networks [59] for
bitter, sweet, and pungent flavors, which was based on the
modern pharmacology of TCM slices and clinical data. The

results suggested that the Bayesian belief network could be
used to predict the flavors of Chinese medicinal components
and perform further studies of drug properties and drug
compatibility.

5.4. CHMMulticomponent and Formula Researches. In order
to discover the relationship between Chinese herbal mul-
ticomponent and potential pharmacological function, Li et
al. [60] applied a network target-based identification of
multicomponent synergy (NIMS) algorithms to calculate
the component of CHM and demonstrate the synergistic
correlation of the multicomponent. The results proposed
that the NIMS approach could be beneficial for analyzing
the therapeutic effects of CHM multicomponent. In the
Tougu Xiaotong capsule (TGXTC) study, Zheng et al. [61]
analyzed 514 components using network pharmacology and
computational pharmacological methods. By analyzing the
network parameters of the TGXTC compound-target and
drug-target networks, they revealed the molecular mecha-
nism of multicomponent, multitarget, and multipathway in
TGXTC.

Zhu et al. [62] used molecular docking and complex ana-
lytical techniques to study the pharmacodynamic function
of multicomponent in spleen-regulating heart-nourishing
formula. They found that the scale-free feature and node
attribute of networks clearly illuminated the pharmacological
function of CHM multicomponent. Exhilaratingly, some
recent studies revealed the mechanisms of multicomponent
efficiency in CHM for the treatment of cardiovascular disease
[63, 64] by systematic investigation, which have constructed
“CHM components targets” networks based on chemical
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components, chemical structures, chemogenomics, and tar-
get predictors data.

5.5. CHM Network Toxicology Researches. Network toxicol-
ogy is based on comprehension of “toxicity (side effects) gene
target drug,” which utilizes the network analysis to speculate
and estimate toxicity and side effects of drugs. It focuses
on the toxic reaction of specific component in a complex
system and provides assistance for drug safety evaluation and
research. The study of Liu et al. [65] identified that the inte-
grated high-throughput biochip technologies anddrug-target
network could afford significant values for activated ingre-
dient screening, toxic components exclusion, and molecular
mechanisms of CHM research. Fan et al. [66] used network
pharmacology method to reconstruct the network model to
describe the toxicological properties, which offered valuable
information to identify the toxic substances and potential
toxicity of known compounds in a complex system. Zhou
et al. [67] analyzed the nephrotoxicity of aristolochic acid
based on the metabolic network and established an integral
and dynamical progression of drug toxicity method.

In addition, the databases such as Comparative Tox-
icogenomics Database, National Toxicology Program, and
Toxicology Data Network are widely used for network toxi-
cology studies [68, 69]. Furthermore, the forecasting toxicity
software such as Toxicity Prediction by Komputer-Assisted
Technology, HazardExpert, DEREK, and Prediction System
of Carcinogenic Toxicity [70] is other available tools for CHM
network toxicology studies.

5.6. TCM Syndrome-Based Network Pharmacology Research-
es. The feature of TCM is based on the syndrome dif-
ferentiation, which emphasizes the integrating disease and
syndrome. Monarch, minister, assistant, and guide in TCM
prescription contain many principles of system theory,
and the aim of coordination and cooperation of several
kinds of CHM is to regulate body functional imbalances
and disorders. Therefore, network pharmacology could
be used for TCM diagnosis based on “disease-syndrome-
formula”model, which integrates the information of “disease-
phenotype-gene-drug” and builds a “disease phenotype bio-
logical molecule” network [24]. In a study on patients with
rheumatoid arthritis (RA), Niu et al. [71] revealed the molec-
ularmechanism of “herbs-pattern correspondence” with heat
pattern in TCM, which analyzed the drug-target molecular
network. Four common canonical pathways were found to
be involved in these: GM-CSF signaling, CLTA4 signaling in
cytotoxic T lymphocytes, T-cell receptor signaling, andCD28
signaling in T-helper cells. These uniform pathways impli-
cated that the “herbs-pattern correspondence” could more
likely be associated with heat pattern of RA.

ZHENG is a complex concept in TCM. Li et al. [72]
reconstructed the neuroendocrine-immune (NEI) network
by systems biology approach combined with animal exper-
iments. The results showed that the hormones were pre-
dominant in the Cold ZHENG network, whereas immune
factors were predominant in the Hot ZHENG network. In

particular, two networks were connected by neurotransmit-
ters, which suggested that ZHENG might have a special
molecular mechanism from the background of NEI study.
Using the microarray samples of liver-gallbladder dampness-
heat syndrome and liver depression and spleen deficiency
syndrome in chronic hepatitis B and liver cirrhosis, Guo et al.
[73] elucidated the molecular mechanisms of the same TCM
syndrome for different diseases and different TCM syndrome
for the same disease, whichmight be related to theG-protein-
coupled receptor protein-signaling pathway. Moreover, Shi
et al. [74] used a complex network and chi-squared auto-
matic interaction detector decision tree to identify the core
syndromes of TCM in coronary heart disease (CHD) and
establish TCM syndrome identificationmodes of CHD based
on the four diagnostic information andbiological parameters.

6. Discussion and Conclusion

Although TCM has a long history of clinical practice in
China, it is considered as a complementary and alternative
medicine in the rest of the world. The biggest obstacles of
CHMdevelopment are themultiple in vivo pathways of CHM
metabolites from their multiple drug components, which
are essential for their pharmacological actions. However, the
knowledge on the effective mechanisms of CHM formulas
is scarce. Moreover, the CHM mechanism is considered as
the synergistic effect of active drug ingredients and results
of complex biological interactions. Fortunately, as a novel
approach, network pharmacology takes into account the
multidisciplinary and cross-disciplinary fields to optimize the
efficacy and safety of drug discovery. Hence, researchers
started utilizing it to study the drug targets and efficacy of
CHM [75]. Network pharmacology has become a helpful
tool to understand the details of drug-target, especially for
multiple drug components of CHM.

Generally, network pharmacology of CHM has been
considered to contain static and dynamic configurations.The
static configuration is called a network pharmacy metrology
with chromatographic fingerprint, while the dynamic is
called a network pharmacodynamics with chromatographic
fingerprint (NPDCF). The key problem for CHM formula
network pharmacology is how to confirm the parameters of
NPDCF by network equilibrium constants [76]. For example,
He et al. [77] analyzed the multiple drug components from
the parameters of network pharmacokinetic model and
found that the effects of CHM formulas were inhibited by
pharmacokinetic and pharmacodynamic coefficients [78].
In the static multicomponent studies of CHM formula, Tal
et al. [79] predicted the active ingredients and potential
targets of Chinese herbal Radix Curcumae formula using
network pharmacology, which was used for the treatment of
cardiovascular disease. However, the network dynamics
research of CHM formulas need more evidence.

The characteristics of TCM theory involve the consid-
eration of organic wholeness and treatment based on TCM
syndrome differentiation. A diagram is proposed to exhibit
the research approach of network pharmacology for CHM
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Figure 2: Network pharmacology approach for CHM research. For the discovery of CHM-derived targets, effect prediction, mechanism
clarification, and new drug assistant discovery using network pharmacology approach. It analyzes the information from public data, high-
throughput experimental data, and TCM data and constructs a “CHM-TCM syndrome disease” interaction network using technologies of
network expansion, optimization, comparison, knockout, and addition. Finally, it carries out computational and experimental verifications.

(Figure 2). This approach is a combination from “disease-
syndrome-CHM” model, which comprises the core values
for reflecting disease and TCM syndrome as well as corre-
lates with CHM, TCM syndrome, and multitarget effects.
By integrating the chemical predictor, target predictor, and
network building, a system of TCM was constructed. It sys-
tematically revealed the potential mechanisms of TCM [80].
The appropriate cellular and animal models are conducive
to evaluate the effectiveness of TCM [81–83], which could
be used to verify the results of network analysis and mutual
authentication. However, the systemic characterization is still
unclear for the drug-target correlation of CHM. Network
pharmacology could be helpful to confirm the effective
ingredients and promote drug discovery of CHM.

Network pharmacology has become a helpful tool in
understanding the fine details of drug-target interactions.
Using network pharmacology to investigate CHM pharma-
cological effects and drug targets, attention should be paid to
degree centrality [84], betweenness centrality [85], and bridg-
ing centrality [86]. Network-based tools for analyzing topol-
ogy and especially dynamics have great potential to identify
alternative targets for finding and developing multitarget
drugs [87].

In summary, the advancements in systems biology and
bioinformaticswillmake an operational shift from reduction-
ism in favor of network pharmacology and will undoubtedly
bring about a conceptual move in drug discovery and make a
significant contribution to CHM modernization and global-
ization.
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FUZHENGHUAYU Tablets have been widely used in the treatment of liver fibrosis in China. Here, we investigate the apoptotic
effect of FUZHENGHUAYU Tablet in rat liver stellate cell line HSC-T6. HSC-T6 cells were incubated with control serum or
drug serum from rats fed with 0.9% NaCl or FUZHENGHUAYU Tablet, respectively. Cells exposed to drug serum showed
higher proportions of early and late apoptotic cells than controls. The mRNA levels of collagens I and III, TGF-𝛽1 and 𝛼-
SMA were reduced by drug serum compared to control serum. Differentially expressed mRNAs and miRNAs were analyzed by
microarray and sequencing, respectively. We identified 334 differentially expressed mRNAs and also 60GOs and two pathways
related to the mRNAs. Seventy-five differentially expressed miRNAs were down-regulated by drug serum and 1963 target genes
were predicted. 134 GOs up-regulated in drug serum group were linked to miRNA targets, and drug serum also regulated 43
miRNA signal transduction pathways. Protein levels were evaluated by Western blot. Drug serum down-regulated (phospho-
SAPK/JNK)/(SAPK/JNK) and up-regulated phospho-p38/p38 ratios. The study showed that FUZHENGHUAYU Tablet induced
apoptosis in rat HSC-T6 cells possibly in part by activating p38 and inhibiting SAPK/JNK.

1. Introduction

Liver fibrosis is a consequence of chronic liver disease char-
acterized by replacement of liver tissue by fibrosis, scar tissue,
and regenerative nodules, leading to loss of liver function.
The condition is associated with various types of liver injury,
including viral hepatitis, alcohol abuse, nonalcoholic steato-
hepatitis (NASH), autoimmunity, drug intoxication, and
primary biliary cirrhosis. While viral hepatitis remains the
leading cause of liver transplantation globally, the prevalence
of non-alcoholic fatty liver disease (NAFLD) has escalated
over the last decade and is increasingly being recognized as a
cause of liver cirrhosis and hepatocellular carcinoma (HCC)

[1, 2]. In order to prevent the development of end-stage
liver diseases, it is necessary to control or reverse fibrosis.
However, there is currently no high-efficient therapy method
for this condition.

Liver fibrosis results from chronic damage to the liver
in conjunction with the alterations in both the quantity [3]
and composition of extracellular matrix (ECM) proteins [4],
including collagens (I, III, and IV), fibronectin, undulin,
elastin, laminin, hyaluronan, and proteoglycans. Hepatic stel-
late cells (HSCs) are themain ECM-producing and regulating
cells in the injured liver [5]. HSCs reside in the space of Disse
(perisinusoidal space) in the normal liver. Following chronic
injury, HSCs transdifferentiate into myofibroblast-like cells
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and acquire contractile, proinflammatory, and fibrogenic
properties [6, 7].

Interactions between different cellular components are
thought to be involved in the disease process. A number
of abnormal candidate expression genes and miRNAs have
been proposed which could affect the progression of hepatic
fibrosis [8]. Transforming growth factor-beta 1 (TGF-𝛽1)
from both paracrine and autocrine sources has been shown
to be the key mediator of hepatic fibrogenesis [9], and alpha-
smooth muscle actin (𝛼-SMA) is an indicator of stellate cell
activation [10]. MiR-29b, -199a, -199a∗, -200a, and -200b
have been reported related to the process of liver fibrosis
[11, 12]. It has also been proposed that miRNA changes
regulated by negative feedback loops between miRNAs and
their downstream genes might play an important role in
the steady-state regulation [13]. So, detailed mechanism of
liver fibrosis involved in genes and miRNAs still needs
to be further clarified. In addition, in mammalian cells,
microRNAs (miRNAs) usually bind to complementary sites
in the 3 untranslated region (3-UTR) of specific target genes,
resulting in reduced gene translation. Since miRNAs do not
generally affect mRNA level, gene expression profiling is
not suitable for exploring the target signaling pathways of
miRNA. Instead, miRNA-mRNA interaction network anal-
ysis is widely used to the medical researches [14]. This is also
consistent with the view that the focus of cataloging a “parts
list” of genes and proteins should be changed to a strategy of
mapping the network of interactions between them [15].

Many kinds of traditional Chinese medicines (TCMs)
have been shown to have antifibrotic properties. These
include Ganoderma lucidum (Ling Zhi) [16], Sinisan [17]
and Shugan-Huayu powder [18]. TCM 319, also known as
FUZHENGHUAYU Tablet, is a compound containing
six Chinese herbs, including Radix Salviae Miltiorrhizae,
Fermentation Mycelium Powder, Semen Persicae, Fructus
Schisandrae, Chinensis Pollen pini, and Gynostemma
pentaphyllammak [19]. Previous studies have shown that
FUZHENGHUAYU has antifibrotic effects in rats [19–25].
But there are no reports of the effects of FUZHENGHUAYU
onHSC apoptosis, and little is known about the role played by
miRNA and mRNA related mechanisms with respect to the
effects of FUZHENGHUAYU Tablet. In this study, we used
the estalished methods and other technologies to investigate
the molecular mechanisms of FUZHENGHUAYU Tablet in
liver fibrosis.

2. Materials and Methods

2.1. Drug SerumandControl SerumPreparation. Twelvemale
Wistar rats, SPF grade, weighing 300–350 g, were divided
equally into control and drug groups. FUZHENGHUAYU
Tablet was suspended in distilled water at concentration
of 0.04 g/mL. The drug group received FUZHENGHUAYU
Tablet dilution at a dose of 2mL/100 g⋅wt, twice daily for
3 days. Two hours after the last dose of dilution, serum
was collected from the inferior vena cava and inactivated at
56∘C for 30 minutes. Serum samples were stored at −70∘C

until further processing. The control group rats were treated
with 0.9%NaCl and were subjected to the same procedure
[22]. This study was performed according to the interna-
tional, national, and institutional rules considering animal
experiments. In present study, drug and control serums were
supplied by Dr. Chenghai Liu, Institute of Liver Disease,
Shanghai University of Traditional ChineseMedicine, China.

2.2. Cell Culture, Grouping, and Treatment. Rat HSC-T6 cells
from our laboratory were cultured in Dulbecco’s modified
Eagle’s medium (DMEM; Gibco) containing 10% fetal bovine
serum (FBS; Gibco), 100U/mL penicillin, and 100 𝜇g/mL
streptomycin (Gibco) in a humidified chamber at 37∘C in
5% CO

2
. For the control and drug groups, control and drug

serums were used instead of FBS, respectively. The cells were
cultured for up to 24 h for RNAand protein extraction and for
72 h for apoptosis analysis. Actinomycin D (2 𝜇L/mL; Sigma)
was added into ratHSC-T6 cells exposed to 10%FBS after 12 h
as a positive control for the analysis of apoptosis.

2.3. Apoptosis Analysis. Rat HSC-T6 cells treated with drug
serum or control serum were washed twice in cold PBS
and harvested by exposure to trypsin-EDTA solution. The
harvested cells were centrifuged, washed with complete
media, and then suspended in Annexin V binding buffer.
Apoptosiswas assessed using anAnnexinV/7-AADapoptosis
kit according to the manufacturer’s protocol (Biolegend).
Fluorescein isothiocyanate (FITC)- Annexin V, and 7-AAD
were added to the cell suspension. The cells were incubated
for 30min at room temperature in the dark and analyzed
using a BD FACSCalibur flow cytometer. After fluorescence
activated cell sorting (FACS), the percentage of apoptotic cells
was assessed using ModFit software.

2.4. Total RNA Extraction. Total RNA was extracted using
an EZNA total RNA kit (Omega), according to the manu-
facturer’s instructions. For gene expression microassays and
miRNA sequeneing, total RNA was extracted using mirVana
miRNA isolation kit (Ambion) and checked for RIN number
to inspect RNA integration by an Agilent Bioanalyzer 2100
(Agilent technologies). Only samples with RNA integrity > 7
andwith 28S/18S ≥ 0.7 were used in the further analysis. RNA
samples were stored at −80∘C until further processing.

2.5. Real-Time PCR. An SYBR ExScript RT-PCR Kit
(TAKARA) and Power SYBR Green PCR Master Mix (ABI)
were used for real-time PCR. The primers of rat collagen
I, collagen III, TGF-𝛽1, 𝛼-SMA, and 𝛽-actin are listed in
Table 1 [26]. Beta-actin was used as an endogenous control.
Reactions for each sample were performed in triplicate with
equal amounts of template cDNA, using the ABI Prism 7500
Sequence Detection System. Real-time PCR conditions were
as follows: 95∘C for 10min, followed by 40 cycles at 95∘C for
15 s and 60∘C for 1min. Fold induction values were calculated
using the 2ΔΔCt method according to the manufacturer’s
instructions.
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Table 1: Sequences of primers used for real-time PCR.

Gene Primer sequence (5-3)

Collagen I Sense: TCCTGGCAATCGTGGTTCAA
Anti-sense: ACCAGCTGGGCCAACATTTC

Collagen III Sense: GGTCCTGCAGGTAACAGTGGTTC
Anti-sense: TGCTCCAGTTAGCCCTGCAA

TGF-𝛽1 Sense: TGCGCCTGCAGAGATTCAAG
Anti-sense: AGGTAACGCCAGGAATTGTTGCTA

𝛼-SMA Sense: AGCCAGTCGCCATCAGGAAC
Anti-sense: CCGGAGCCATTGTCACACAC

𝛽-actin Sense: GGAGATTACTGCCCTGGCTCCTA
Anti-sense: GACTCATCGTACTCCTGCTTGCTG

2.6. Microarray Hybridization and Data Analysis. Total
RNA (100 ng) was amplified, labeled, and purified by using
GeneChip 3IVT Express Kit (Affymetrix) to obtain biotin
labeled cRNA. Labeling and hybridization were performed
at Shanghai Biochip Company according to the protocols
in the Affymetrix Rat 230 2.0 microarray system. Raw data
were normalized using the MAS 5.0 algorithm (Gene Spring
Software 11.0; Agilent technologies).

After feature extraction (Feature Extraction software),
log 2 ratios, representing the ratio of Cy5-processed signal to
Cy3-processed signal, were calculated and converted to fold
changes. Genes with a log 2 ratio >1 (>2-fold increase) were
considered to be upregulated, and those with <−1 (>2-fold
decrease) were considered to be downregulated.

2.7. MicroRNA Profile Sequencing and Target Prediction. The
small RNA libraries were constructed following themanufac-
turer’s instructions for the Small RNA Sample Prep Kit (Illu-
mina). The small RNAs were ligated with adapters followed
by reverse transcription and amplification.The PCR products
derived from 22 nt and 30 nt small RNA fragments were
purified from 6% Novex TBE PAGE Gel. Purified miRNAs
were sequenced on the Illumina Genome Analyzer for 36
cycles. Sequencingwas performed at Shanghai Biotechnology
Corporation. MiRNAs genes with fold change ≥2 or ≤0.5,
𝑃 value ≤ 0.05, and FDR ≤ 0.05 were considered to be
up-regulated, and miRNAs genes with fold change ≤0.5, 𝑃
value ≤ 0.05, and FDR ≤ 0.05 were considered to be down-
regulated. Targetscan (http://www.targetscan.org/) was used
for miRNA target prediction.

2.8. Gene Ontology (GO) Category and Pathway Analysis.
DAVID gene database annotation (DAVID Bioinformatics
Resources 6.7) was used to interpret the biological effect
of mRNAs and target genes of miRNAs. The categorization
of the biological process GO of the difference expression
genes and target genes was analyzed using theGeneOntology
project (http://www.geneontology.org/) which is the key
functional classification of the National Center for Biotech-
nology Information (NCBI). The KEGG genome database
was used to identify significant differential genes pathways. In
view of the large differences in enrichment numbers, different
P-values (≤0.05, ≤0.01, and ≤0.001) were used as a threshold

to select significant gene ontology (GO) categories andKEGG
pathways, each representing significant differences.

2.9. Western Blot Analysis. Cultured cells were lysed using
Proteo JET Mammalian Cell Lysis Reagent (Fermentas)
containing a cocktail of proteinase inhibitors (Roche) and
phosphatase inhibitor cocktail (Pierce). The debris was
discarded and the supernatant containing total proteins
was quantified using a BCA kit. The proteins were run
on 10% SDS-PAGE and transferred onto PVDF mem-
branes (Millipore, Bedford). After blocking in 5% non-
fat milk, the membranes were probed with rabbit mono-
clonal antibodies against rat p44/42 MAP kinase (137F5)
(CST), SAPK/JNK (56G8) (CST), p38 MAP kinase (CST),
phospho-p44/42 MAPK (Thr202/Tyr204) (CST), phospho-
p38 MAPK (Thr180/Tyr182) (CST), phospho-SAPK/JNK
(Thr183/Tyr185) (CST), and mouse monoclonal antibody
against rat 𝛽-actin (Santa Cruz) as primary antibodies
at 1 : 1000 dilution. Goat anti-rabbit or goat anti-mouse
IgG labeled with HRP (1 : 2000) were used as secondary
antibodies. Immunoreactive signals were detected using an
Enhanced Chemiluminescence kit (Amersham Pharmacia
Biotech) through an ECL system.The results were quantified
using the Image J 1.43 software (National Institutes of Health,
Bethesda, MD) after densitometric scanning of the films.

2.10. Statistical Analysis. Data were expressed as means ±
SD. Differences between experimental groups were assessed
using the two-tailed t-test. Statistical significance was defined
as ∗𝑃 < 0.05 and ∗∗𝑃 < 0.01.

3. Results

3.1. FUZHENGHUAYU Tablet Induces Apoptosis in Rat HSC-
T6 Cells. In order to analyze whether FUZHENGHUAYU
Tablet could induce apoptosis in rat HSC-T6 cells, we treated
rat HSC-T6 cells with control or drug serum, respectively.
Cells were stained with Annexin V-FITC/7-AAD and gated
into lower right (LR) and upper right (UR) quadrants. Cells in
LR and UR represented early (Annexin V(+)/7-AAD(−)) and
late apoptotic (Annexin V(+)/7-AAD(+)) cells, respectively.
Cells in lower left (LL) quadrants were considered to be alive
and those in the upper left (UL) quadrants were considered
to be necrotic. The extent of apoptosis was expressed as
the sum total of the percentages in LR and UR quadrants.
The apoptotic rates are showed in Figures 1(a) to 1(f). Cells
exposed to drug serum showedmore late apoptotic cells (10%
± 1%) than control serum (5% ± 1%) (𝑛 = 3, 𝑃 < 0.05). They
also contained a higher proportion of early apoptotic cells
(43% ± 6%) than the controls (26% ± 4%) (𝑛 = 3, 𝑃 < 0.05).
The total apoptotic cells in the drug group and control group
were 53% ± 6% and 31% ± 4%, respectively (𝑛 = 3, 𝑃 < 0.01).

3.2. FUZHENGHUAYU Tablet Decreased mRNA Levels of
Collagen I, Collagen III, TGF-𝛽1, and 𝛼-SMA. The levels of
collagen I, collagen III, TGF-𝛽1, and 𝛼-SMA were potential
markers of the antifibrosis efficacy of FUZHENGHUYU
Tablet. We found that mRNA levels of collagen I, collagen III,
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Figure 1: FUZHENGHUAYU Tablet induced apoptosis in rat HSC-T6 cells. Cultured rat HSC-T6 cells were divided into control and drug
groups.The control group was incubated with DMEMmedium containing 10% control serum, and the drug group was cultured with DMEM
medium supplemented 10% drug serum for up to 72 h. Apoptosis was assessed using an Annexin V/7-AAD Apoptosis kit and analyzed using
a BD FACS Calibur flow cytometer. (a) HSC-T6 cells exposed to 10% FBS and stained with Annexin V(+)/7-AAD(+); (b) HSC-T6 exposed to
10% FBS + 2𝜇L/mL actinomycin D and stained with Annexin V(+)/7-AAD(+); (c) HSC-T6 cells exposed to 10% FBS + 2𝜇L/mL actinomycin
D and stained with Annexin V(+)/7-AAD(−); (d) HSC-T6 cells exposed to 10% FBS + 2 𝜇L/mL actinomycin D and stained with Annexin
V(−)/7-AAD(+); (e) HSC-T6 cells exposed to 10% control serum and stained with Annexin V(+)/7-AAD(+). (f) HSC-T6 cells exposed to
with 10% drug serum and stained with Annexin V(+)/7-AAD(+); (g) the late apoptotic cells in the drug (10% ± 1%) and control groups (5%
± 1%) (𝑛 = 3, ∗𝑃 < 0.05); (h) the early apoptotic cells in the drug (43% ± 6%) and control groups (26% ± 4%) (𝑛 = 3, ∗𝑃 < 0.05); (i) total
apoptotic cells in the drug (53% ± 6%) and control groups (31% ± 4%) (𝑛 = 3, ∗∗𝑃 < 0.01).
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Figure 2: FUZHENGHUAYU Tablet serum decreased the mRNA
levels of collagen I, collagen III, TGF-𝛽1, and 𝛼-SMA. Data are
expressed as mean ± SD. After incubation with drug serum or
control serum for up to 24 h, themRNA levels of collagen I, collagen
III, TGF-𝛽1, and 𝛼-SMA were significantly down-regulated (𝑛 = 3,
∗
𝑃 < 0.05, ∗∗𝑃 < 0.01), being 0.73-, 0.64-, 0.74-, and 0.78-fold lower
than the control group, respectively.

TGF-𝛽1, and 𝛼-SMA was significantly down-regulated after
exposure of rat HSC-T6 cells to drug serum for up to 24 h.
The degree of expression was 0.73-, 0.64-, 0.74-, and 0.78-
fold lower than in the control serum group (Figure 2). These
findings suggest that apoptosis may be the mechanism of the
anti-fibrotic activity of FUZHENGHUAYU Tablet.

3.3. Differentially Expressed mRNA in Control Serum and
FUZHENGHUAYUTablet SerumGroups. Microarray profile
analyses of cellular mRNAs in rat HSC-T6 cells identified 334
mRNAs that were differentially expressed between the drug
serum group and control serum group; 199 mRNAs were up-
regulated and the remainder were down-regulated.

3.4. Differentially Expressed miRNAs in FUZHENGHUAYU
Tablet Serum and Control Serum Groups Target Gene Pre-
diction. MicroRNA profile sequencing identified 75 differ-
entially expressed miRNAs, which were down-regulated in
drug serum group in comparison with the control serum
group. Targetscan (http://www.targetscan.org/) prediction of
miRNAs identified 1963 potential target genes.

3.5. Bioinformatics Interpretation Revealed the GOs and Sig-
naling Pathways Regulated by Differentially Expressed mRNAs
and miRNAs. In order to gain insights into the function
of miRNAs and mRNAs, GO term and KEGG pathway
annotation were applied.

We have identified 30 up-regulated GOs (Figure 3)
and 30 down-regulated GOs (Figure 4) on the differen-
tially expressed mRNAs. These genes were involved in ion
transport, necroptosis, cell death, metabolic processes, cell
development, differentiation, and adhesion. This form of
analysis also identified 134 upregulated GOs by differentially
expressed miRNAs target genes (Figure 5), which could be
categorized as cell processes, gene expression, cell develop-
ment, morphogenesis, signaling pathways, cell organization,
proliferation, adhesion, and so on. Among all the differ-
entially regulated GOs, those involved in cell development,
adhesion, growth, necroptosis, and transport appeared to
predominate.

Additional functional analysis of mRNAs using KEGG
analysis identified the two signal transduction pathways reg-
ulated by drug serum. These were mitogen-activated protein
kinases (MAPK) and RIG-1 like receptors (Figure 6). In
addition, 43 signal transduction miRNA targets were found
to be regulated by drug serum. These included MAPK and
various cancer signals, as shown in Figure 7.
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Figure 3: Bioinformatics interpretation revealed the GOs regulated by up-regulated expressed mRNAs. Genes with up-regulated expression
in the drug and control groups were analyzed by GO. 𝑃 values ≤ 0.05 were used as a threshold to select significant GO categories.

Enrichment ranking of signaling pathways indicated that
MAPK signal transduction pathway was the most promi-
nent. As we know, MAPK signal transduction pathways are
involved in a series of important biological effects, such as
inflammation, migration, apoptosis, growth, development,
and differentiation [27, 28].

The apoptosis results, previous reports, and the results
of GO and KEGG analysis all suggested that MAPK signal
transduction pathwaymight be regulated by drug serum, and

this also might be related to the induction of apoptosis in rat
HSC-T6 cells.

3.6. MAPK Signal Transduction Pathway Was Regulated
by FUZHENGHUAYU Tablet. Mammals express at least
four distinctly regulated groups of MAPKs, extracellular
signal-related kinases (ERK)-1/2, Jun amino-terminal kinases
(JNK1/2/3), p38, and ERK5. MAPKs belong to a large
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Figure 4: Bioinformatics interpretation revealed the GOs regulated by down-regulated expressed mRNAs. Genes with down-regulated
expression in the drug and control groups were analyzed by GO. 𝑃 values ≤ 0.05 were used as a threshold to select significant GO categories.

family of serine/threonine protein kinases. They not only
activate/inactivate other proteins but are themselves acti-
vated/inactivated by other proteins through phosphoryla-
tion/dephosphorylation modification [29].

In order to analyze the hypothesis, the protein levels
of rat p44/42, SAPK/JNK, p38, phospho-p44/42, phospho-
p38, and phospho-SAPK/JNK were detected by Western
blot. The results indicated that the ratio of (phospho-
SAPK/JNK)/(SAPK/JNK) was significantly down-regulated
and that the ratio of phospho-p38/p38 was significantly up-
regulated by drug serum (𝑛 = 3, 𝑃 < 0.05) (Figure 8). There
was no significant change in the (phospho-p44/42)/(p44/42)
ratio. These results suggest that changes in SAPK/JNK and

p38 in response to drug serum might be related to its
apoptotic effects in rat HSC-T6 cells.

4. Discussion

Traditional Chinesemedicine (TCM)uses a holistic approach
taking the human body as a self-controlled system network.
The goals of biologically the based medicine partially overlap
the principles of TCM. Bioinformatic and systems biology,
therefore, represent an important link between TCM and
Western medicine [30]. Bioinformatics and system biology
have previously been used to identify disease-related genes or
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Figure 5: Bioinformatics interpretation revealed the GOs regulated by differentially expressed miRNAs target genes. Genes with significant
expression difference in the drug and control groups were analyzed by GO. 𝑃 values ≤ 0.001 and FDR ≤ 0.05 were used as a threshold to select
significant GO categories.
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Figure 6: Bioinformatics interpretation revealed the KEGG
genomes regulated by differentially expressed mRNAs. Genes with
significant expression differences in the drug and control groups
were analyzed by KEGG. 𝑃-values ≤ 0.05 were used as a threshold
to select significant KEGG analysis.

functional modules and to recognize redundant, adaptable,
and system mechanisms in diseases [31, 32]. The previous
reports have supplied us with perfect examples in network
pharmacology study.

Liver fibrosis results from the activation of HSCs as part
of the wound-healing response to chronic liver injury [33]. It
is known that HSCs undergo a transition from a quiescent
to an activated phenotype following liver tissue damage
[34]. The generation and proliferation of 𝛼-SMA positive
myofibroblasts from the periportal and perisinusoidal areas
also play a central in the fibrotic process. Previous studies
have shown that FUZHENGHUAYU is able to normalize
ALT and AST levels in patients with chronic hepatitis B
and to some extent reverse the development of liver fibrosis
[20, 21]. Another study indicated that FUZHENGHUAYU
decoction prevents the autocrine activation of HSCs, pos-
sibly by inhibiting secretion of VEGF [22]. A similar study
proposed that the anti-fibrotic effects of FUZHENGHUAYU
may also be associated with inhibition of liver collagen pro-
duction. It has also been reported that FUZHENGHUAYU
extracts attenuate hepatic fibrosis induced by CCl4 in rats
[19]. The same study showed that the anti-fibrotic effect
of FUZHENGHUAYU was associated with down-regulation
of mRNA expression of PDGF-B and PDGF-R𝛽 and with
reduced protein expression of TGF-𝛽1 [23]. In addition,
spontaneous or targeted apoptosis of HSC has been shown
to be associated with regression of liver fibrosis in animal
models [24, 25].

In the present study we showed for the first time that
FUZHENGHUAYUTablet was able to induce apoptosis in rat
HSC-T6 cells. In order to confirm the relationship between
the apoptotic and anti-fibrotic effects, we analyzed themRNA
levels of collagen I, collagen III, TGF-𝛽1, and 𝛼-SMA. Our
results showed a significant down-regulation in each case.

The miRNAs and their target genes have emerged as
key regulators of diverse biological processes, including
cancer [35], development [36], cell growth, apoptosis [37],
and immune responses [38]. It is known that miRNAs and
mRNAs both play essential roles in apoptosis, differentiation,
proliferation, andmigration inHSCs [8] and also are involved
in the process of liver fibrosis [39]. A previous study suggested

that miR-29 regulates liver fibrosis and together with TGF-
𝛽 and nuclear factor-𝜅B forms part of a signaling nexus
in HSCs [40]. It has also been shown that hepatic levels
of miR-29 are significantly increased in mice with CCl4
induced liver damage and also in the livers of patients
with advanced fibrosis. By contrast, miR-29b appears to act
as a beneficial factor that protects against liver fibrosis by
suppressing the activation of HSCs [11]. It has been suggested
that upregulation of miR-199a, -199a∗, -200a, and -200b s
triggers the process of liver fibrosis [12]. Specifically, it has
been suggested that miR-16 has the potential to inhibit HSC
proliferation and induce apoptosis by inducing Bcl-2 while
concurrently reducing cyclin D1 levels [37]. Other evidence
suggests that overexpression ofmiR-181b increases the growth
of HSCs by directly targeting p27 [39].

Microarray techniques are increasingly being used as
research tools in chemistry and life sciences. The sequencing
of the human genome, together with the development of
high-throughput technologies, affords a unique opportu-
nity for future research [41]. Microarray and high-throught
sequencing are both based on computational biology and
bioinformatics, and both are appropriate for mRNA and
miRNA research. In this study, we identified 334 differentially
expressed mRNAs. Sequencing identified 75 miRNAs with
down-regulated expression in the drug serum group. Online
database analysis identified 60 differently regulated GOs
from mRNAs and 134 regulated GOs from miRNAs targets
that were principally involved in cell development, adhesion,
growth, necroptosis, and transport processes. Functional
analysis of mRNAs by KEGG revealed that drug serum
regulated two signal transduction pathways, involvingMAPK
and RIG-1 like receptors. In addition, drug serum regulated
43 miRNA signal transduction pathways, principally the
MAPK pathway and to a lesser extent pathways involved in
cancer signals. These findings suggested that drug serum has
wide ranging effects on rat HSC-T6 cells, which resulted from
differential expression of miRNAs and mRNAs. They also
suggested that MAPK signal transduction might be involved
in these complex processes. The number of predicted target
genes was much higher than the number of differently
expressed mRNAs, reflecting differences in the numbers of
enriched pathways.

It is possible that liver fibrogenesis is regulated by intracel-
lular signaling pathways, involved in apoptosis, proliferation,
migration, or inflammation. Mammals express at least four
distinctly regulated groups of MAPKs: ERK-1/2, JNK1/2/3,
p38 proteins (p38alpha/beta/gamma/delta), and ERK5. The
MAPK cascade is known to be involved in various cellular
functions, including cell proliferation, apoptosis, differen-
tiation, and migration. MAPKs have also been shown to
modulate major fibrogenic actions of HSCs, but different
members of the group have different effects. A previous study
showed that ERK stimulation in experimentally induced liver
injurymediated the proliferation andmigration ofHSCs [42].
Other reports have shown that p38-MAPK and caspase-3
bothmediate superoxide-induced apoptosis in rat HSCs [43].
Another study showed that TAK1/JNK inhibition decreased
HSC proliferation, whereas p38 inhibition increased the rate
of HSC proliferation, independently of its activation status
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Figure 7: Bioinformatics interpretation revealed the KEGG genomes regulated by mRNAs of differentially expressed miRNAs. Genes with
significant difference in the drug and control groups were analyzed by KEGG. 𝑃-values ≤ 0.01 were used as a threshold to select significant
KEGG analysis.

[34]. The same study showed that JNK inhibition increased
and p38 inhibition decreased collagen alpha 1 (I) mRNA
levels. Additional evidence indicates that c-JNK regulates
hepatocyte apoptosis as well as regulating the secretion of
inflammatory cytokines by cultured HSCs [44, 45]. Indole-
3 carbinol (I3C) is known to inhibit the proliferation of HSC
by blocking theNADPHoxidase/reactive oxygen species/p38
MAPK signal pathway [46]. A recent study has shown that
p38 may play an important role in the regulation of HSC
self-renewal in vitro. Based on this finding, it was suggested
that inhibition of p38 activation with a small molecule
inhibitor might represent a novel approach to promote ex
vivo expansion of HSCs [47]. In our study, drug serum

down-regulated the levels of phospho-SAPK/JNK and up-
regulated phospho-p38. There was no change in phospho-
p44/42. These results suggest that the changes in phospho-
SAPK/JNK and phospho-p38 might in part explain the
apoptotic induction effects of TMC 319 in rat HSC-T6 cells.

5. Conclusions

Taken together our results indicate that FUZHENGHUAYU
Tablet increases apoptosis of rat HSC-T6 cells by activating
p38 and inhibiting SAPK/JNK. These effects may in part
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Figure 8: The MAPK signal transduction pathway is regulated by FUZHENGHUAYU Tablet. Protein levels of rat p44/42 MAP kinase
(137F5), SAPK/JNK (56G8), p38MAPkinase, phospho-p44/42MAPK (Thr202/Tyr204), phospho-p38MAPK (Thr180/Tyr182), andphospho-
SAPK/JNK (Thr183/Tyr185) were detected by Western blot.

explain the mechanism by which FUZHENGHUAYU Tablet
protects against liver fibrosis.
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Yuanhu Zhitong prescription (YZP) is a typical and relatively simple traditional Chinese medicine (TCM), widely used in the
clinical treatment of headache, gastralgia, and dysmenorrhea. However, the underlying molecular mechanism of action of YZP is
not clear. In this study, based on the previous chemical and metabolite analysis, a complex approach including the prediction of the
structure of metabolite, high-throughput in silico screening, and network reconstruction and analysis was developed to obtain a
computational drug-target network for YZP.This was followed by a functional and pathway analysis by ClueGO to determine some
of the pharmacologic activities. Further, two new pharmacologic actions, antidepressant and antianxiety, of YZP were validated
by animal experiments using zebrafish and mice models. The forced swimming test and the tail suspension test demonstrated that
YZP at the doses of 4mg/kg and 8mg/kg had better antidepressive activity when compared with the control group. The anxiolytic
activity experiment showed that YZP at the doses of 100mg/L, 150mg/L, and 200mg/L had significant decrease in diving compared
to controls. These results not only shed light on the better understanding of the molecular mechanisms of YZP for curing diseases,
but also provide some evidence for exploring the classic TCM formulas for new clinical application.

1. Introduction

Traditional Chinese medicine (TCM) is one of the oldest
systems of traditional medicines that make use of several
herbs to cure a number of ailments for over 2,500 years [1, 2].
Recently, due to its good therapeutic effects and low toxicity,
TCM has attracted considerable attention from all over the
world [3].However, the acceptance of TCM is restricted in the
Western biomedical practice due to the lack of knowledge of
mechanisms of action of the therapeutics as well as the char-
acteristics of the active compounds. In the past, researches
worked in the field of TCM had employed phytochemistry
which also included separation, structure identification, and
pharmacological research. However, those studies ignored
the most essential features of multicomponents therapeutics

and in turn the synergistic nature of TCM [4, 5]. The recent
studies involving TCM have utilized system biology and
network pharmacology to learn the molecular mechanism of
TCM, such as TCM syndrome [6, 7], prescription compati-
bility [8], active substances and their pharmacological actions
[9] et al.This approach provided deep understanding of TCM
and improved the level of application, as well as promoted the
modernization and globalization of TCM [10].

Yuanhu Zhitong prescription (YZP) is a typical and
relatively simple TCM formula, consisting of Radix angelicae
dahuricae and Rhizoma corydalis widely used in the clinical
treatment of gastralgia, headache, and dysmenorrhea [11].
Alkaloids in Rhizoma corydalis and coumarins in Radix
angelicae dahuricae are the active components in YZP [12,
13]. Recently, we developed a UPLC/Q-TOF-MS method to
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construct the chromatographic fingerprint and identify the
21 constituents of YZP [14]; we also developed an RRLC-
QQQ technique to detect 17 constituents of YZP tablet [15].
Generally, only the absorbed constituents have more chances
to play a role in the therapeutics. Thus, an RRLC-Q-TOF
method was developed to identify 15 prototype compounds
and some of their metabolites in plasma after oral adminis-
tration of YZP extracts [16]. Pharmacologically, YZP has a
wide variety of actions including antinociceptive [17], anti-
inflammatory [18], spasmolysis [19], and vasorelaxation [20];
all of them may be the contributory factor for its therapeutic
action. However, the molecular pharmacology of YZP is still
unclear.The lack of the compound-target interaction network
associated with YZP hindered the knowledge of molecular
mechanism of YZP.

In this study, network pharmacology was employed as
a tool to understand the active components in YZP and to
know how YZP can be better administrated for its optimal
therapeutic action. The objective of this study was to better
understand the molecular mechanisms of YZP. Based on
the known chemical and metabolic knowledge, an integrated
model combining the metabolites’ structure, virtual screen-
ing and validation of compound-target interaction in silico,
network analysis, construction, and visualization, as well as
bioactivity validation, had been performed to shed light on
the mystery and effectiveness of YZP.

2. Materials and Methods

The plan of work is depicted in Figure 1.

2.1. Database Construction. The constituents of YZP were
derived from our earlier research on the analysis of the proto-
type constituents and the metabolites of YZP in the
plasma [13]. Among them, 7 alkaloids were from Rhizoma
corydalis and 8 coumarins were from Radix angelicae dahuri-
cae (Figure 2). The molecular files of all prototype com-
pounds were downloaded from ChemSpider (http://www
.chemspider.com/) and saved to a mol format (molecular
files). Six metabolites were identified by RRLC-Q-TOF and
the Agilent Metabolite ID software (Agilent Technologies,
Inc., 2009): 2 from tetrahydroberberine, 2 from tetrahydro-
palmatine, 1 from protopine, and 1 from oxypeucedanin
(Table 1).

2.2. Prediction ofMetabolites by Combined Computational Ap-
proaches. AnADMET predictor software program (ADMET
Predictor, Simulations Plus, Inc., Lancaster, CA, 2012) was
employed to predict atomic sites of metabolic reaction for
CYP isoforms 1A2, 2C9, 2C19, 2D6, and 3A4. These isoforms
account for ∼90%–95% of CYP-mediated reactions. The mol
files of molecular structure of oxypeucedanin, tetrahydrober-
berine, protopine, and tetrahydropalmatine were uploaded
into the ADMET predictor software. The highest score of the
metabolic “soft spot” was selected based on the metabolic
type. These molecules were then exported as a mol file.

2.3. Molecular Similarity and Targets Identification. Drug
data of 1447 FDA-approved drugs were collected from

DrugBank database (http://www.drugbank.ca/, accessed on
2011.10.16). MedChem Studio (MedChem Studio, 3.0; Sim-
ulations Plus, Inc., Lancaster, CA, 2012.) could be powerful
to quickly identify all molecules that are structurally similar
to a reference molecule of interest. We used it to screen
similar drugs of YZP by the comparison of 2D structural
similarity between the ingredients of YZP (including 15
prototype constituents and 6 metabolites) in vivo and drug
data. In order to improve the reliability of the results, only
high similar drugs were selected according to the similar
scores. All therapeutic targets of these similar drugs were also
collected as predicted effector molecules of YZP.

2.4. Network Construction and Analysis. The 21 constituents
of YZP were classified by 2D chemical structural similarity
using MedChem Studio software program. The therapeutic
similarity of the target (TST) was established based on
anatomic therapeutic chemical (ATC) classification system
corresponding to drug. The potential targets were identified
based on the similarity of ATC codes corresponding to
the drug by proposing a probabilistic model [21, 22]. The
similarity between two ATC codes was derived according
to their prior probabilities (frequency) and the probability
of their commonality, which was defined as their longest
matched prefix:

𝑆 (atc
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, atc
𝑗
) =

2 ∗ log (IC (prefix (atc
𝑖
, atc
𝑗
)))
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where prefix (𝑖, 𝑗) is the longest matched prefix of ATC code
𝑖 and 𝑗. IC is the information content of ATC code. Note that
drugs related to target may havemore than one ATC code; we
defined the maximum ATC code similarity as TST:
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ATC (𝑇) represents all the ATC codes belonging to target
corresponding to drug.

The potential targets were used to build the compound-
target networks (CTN) with the 21 constituents of YZP.
CTN was generated by Cytoscape 2.8.1, a standard tool for
integrated analysis and visualization of biological networks,
which was available for download from http://cytoscape.org/.
In the graphical network format, nodes represent compounds
or targets. Edges encode the compound-target and target-
target interactions. From the relationship between chemical
structural similarity and the therapeutic similarity, com-
pound combinations and therapeutic targets, the qualitative
properties of the networks were analyzed.

2.5. Functional and Pathway Analysis. ClueGO, Cytoscape
plug-in, a professional software to facilitate the biological
interpretation and to visualize the functionally grouped terms
in the form of networks and charts [23], was used to perform
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Figure 1: Flowchart of the model building.

functional and pathway analysis for the targets related to YZP.
Simple text format of the targets in gene identifiers type was
directly uploaded into the ClueGO software (Institute for
Genomics andBioinformaticsGrazUniversity of Technology,
Graz, Austria). Enrichment/depletion tests were conducted
for terms and groups as two-sided (enrichment/depletion)
tests based on the hypergeometric distribution. The network
type was selected as a “Medium” network. To create the
annotations network, functional groups were visualized in
the network using ClueGO which employed the organic
layout algorithm.

3. Target Validation

The molecular docking simulation was further performed
to validate the associations of candidate effector molecules
with compositive compounds of YZP using eHiTS software
program (Version 4.5, SimBioSys Inc., Canada). All the
crystal structures of the targets were directly downloaded
fromRCSB protein data bank (http://www.pdb.org/, updated
in 2012-6-11) and were carefully checked for their resolutions.
The 3D structure of 15 prototype constituents was down-
loaded from ChemSpider in the mol files. The molecular
structure of the metabolites was translated into 3D structure

throughCORINA, a fast and powerful 3D structure generator
for small and medium sized molecules. A docking score
calculated by the customizable scoring function of eHiTS,
which combines novel terms (based on local surface point
contact evaluation) with traditional empirical and statistical
approaches, was used to measure the binding efficiency of
each effector molecule to the corresponding compound [24].
While the docking score was lower than −5.0, these proteins
were identified as candidate effector molecules which could
bind their corresponding compounds with strong binding
efficiency.

4. Bioactivity Validation

4.1. Animals and Housing

4.1.1. Anxiolytic Activity. The anxiolytic activity of YZP was
determined by using the AB line zebrafish (Danio rerio).
Zebrafish were purchased from Harvard Medical School
(Boston,MA,USA).The experimentswere conducted at Biol-
ogy Institute of Shandong Academy of Sciences. Zebrafish
were kept at approximately 28∘C on a 12 : 12 h light/dark
cycle in an automated flow-through continuously filtered
water system (Aquatic Habitats, Apopka, FL, USA). During
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Table 1: Six metabolites of YZP detected in vivo from the previous experiment.

No. RT (min) [M + H]+ Formula Metabolite name Formula
change Parent compound Source

M1 4.1880 342.1333 C19H19NO5
Demethylation,
hydrogenation −CH2+H2 Protopine Plasma

M2 9.08278 342.1691 C20H23NO4 Demethylation −CH2 Tetrahydropalmatine Plasma
M3 10.6147 342.1695 C20H23NO4 Demethylation −CH2 Tetrahydropalmatine Plasma, CSF
M4 21.8366 301.0715 C16H12O6 Methylene to ketone +O–H2 Oxypeucedanin Plasma
M5 5.21887 326.1384 C19H19NO4 Demethylation −CH2 Tetrahydroberberine Plasma, CSF
M6 8.0093 326.1386 C19H19NO4 Demethylation −CH2 Tetrahydroberberine Plasma
CSF: cerebrospinal fluid.

the light phase, that is, between 8:00 a.m. and 8:00 p.m., the
experiments were carried out to test the drug effect on the
behavioral pattern of the Zebrafish. The fish were randomly
sorted into treatment groups and vehicle-treated controls for
the sake of avoiding any influence of breeding or holding
conditions with drug treatment in the study. The tank water
was prepared using mixing deionized H

2
O and sea salts

(Instant Ocean, 1.2 g/20 liters of H
2
O). They were housed in

6-liter tanks and fed twice daily with flake fish food.The tanks
were maintained under constant filtration and aeration.

4.1.2. Antidepressant Activity. Male C57 black 6 mice were
purchased from the Experimental Animal Center of Peking
University Health Science Center, Beijing, China. Animals
weighing at 18–22 g were housed in a breeding room at
temperature of 22 ± 2∘C, humidity of 60 ± 5%, and 12/12 h
dark-light cycle. In order for the animals to adapt to the
laboratory conditions, they were housed under those condi-
tions for three days before starting the experiments. Tapwater
and food were provided ad libitum, but animals were fasted
(with free access to water) before the experiments for 12 h.
All possible steps were taken to avoid pain and discomfort
to animals at every stage of the experiment. The animal
experiments complied with the Guide for the Care andUse of
Laboratory Animals (National Research Council of the USA,
1996) and related ethical regulations of China Academy of
Chinese Medical Sciences.

4.2. Determination of Anxiolytic Activity

4.2.1. Test Apparatus and Procedure [25, 26]. The Zebrafishes
were placed in one of two plastic tanks with a capacity
of 1.5 liter. The trapezoidal tanks (bottom: 22.9 cm, top:
27.9 cm, height: 15.2 cm, diagonal side: 15.9 cm) were filled
with 1,350mL of home tank water from the fish housing
apparatus. It was 6.4 cm wide at the top and tapered to 5.1 cm
at the bottom. The tanks were placed in such a way that
the diagonal sides were facing each other, with a sheet of
white paper blocking the view into the other tank. The tanks
were back lit and had a translucent white sheet of plastic
as the background so as to improve the performance of the
imaging system. EthoVision (Wageningen,TheNetherlands),
a Samsung 8mm camcorder, was used to record the image
into the Noldus Image Analysis program. The tanks were

positioned 88.5 cm from this camcorder.TheNoldus software
was applied to assess the swimming behavior (tank location
choice). The index of anxiety was evaluated by the choice of
position (bottom versus upper levels). Choice of dwelling on
the bottomwas near a position of safety similar to the position
choice of closed versus open arms in the elevated plus maze
and positions near the wall (thigmotaxis) versus the center
of an open field with rodents. As with the elevated plus maze
and open field in rodents there was a separate total activity
measure as well.

4.2.2. Drug Administration. In order to administer buspirone
HCl (Sigma, St. Louis, MO, USA), Zebrafish were immersed
in a beaker containing drug solution (25mg/L) for 3min.The
extract of YZP was prepared according to the previous study
[16] and administered at different concentrations (100, 150,
and 200mg/L) by immersing the Zebrafish for 3min in a
beaker containing YZP. A five-minute pause was obligatory
between the end of dosing and the start of the experiment.
The fish were exposed to the drug in a separate beaker and
then were put into a holding tank without drug during this
five-minute interval. For both buspirone and YZP, tank water
was used as the vehicle. The control in this study was the
exposure to tank water without the drug added. Home tank
and the test chamber were completely devoid of any drug
exposure. All the fish were drug näıve and each fish was used
only once. There were at least 10 fish per condition.

4.3. Determination of Antidepressant Activity. The antide-
pressant activity was determined by the following behavioral
tests: forced swimming test (FST), tail suspension test (TST),
and locomotor activity measurement.

4.3.1. Locomotor Activity Measurement. Locomotor activity
wasmeasured with locomotor activity system (YLS-1A, Yanyi
Science and Technology Co. Ltd., Jinan, China). Animals
were placed in the chamber of locomotor activity measure-
ment device to adjust to the environment for 1 minute,
followed by recording locomotor counter for 6min.

4.3.2. FST. The test was performed using the method
reported by Porsolt et al. [27]. One hour after the last drug
administration, eachmousewas placed in an open cylindrical
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container (20 cm in height and 12 cm in diameter) filled with
12 cm of water (22±1∘C). Amousewas judged to be immobile
when it remained floating in the water, making only the nec-
essary movements to keep its head above water. The animals
were constantly observed to ensure no contact between their
paws and the base of the cylinder during FST [28].

4.3.3. TST. This test was performed as described previously
[29]. Briefly, 1 h after the last drug administration, animals
were suspended by the tail from a ledge with adhesive tape
(approximately 1 cm from the tip of the tail). The distance
between the tip of tail and the floor was approximately 30 cm.
Animals were partitioned to avoid interference during the
test. Immobility was defined as the absence of movement and
was scored over a 6min trial by an observer blinded to the
drug treatment.

4.3.4. Drug Administration. Fluoxetine (30mg/kg) and YZP
at the doses of 4, 8, and 16 g/kg were administered to the
mice. Fluoxetine (Fluox) was selected as positive control for
depression and saline (0.9% NaCl) as control. Seventy-five
mice (five groups of fifteen) were randomized into control
and experimental groups. Animals in the control group
received normal saline (0.9% NaCl). Animals in the three
YZP treatment groups received the YZP at the doses of 4,
8, and 16 g/kg. Animals in the fluoxetine treatment group
received fluoxetine at the dose of 30mg/kg. All drugs and
saline were administered i.g. in a volume of 20mL/kg for
seven days before the behavioral tests.

4.3.5. Statistical Analysis. Data were expressed as mean ±
standard error ofmean (SEM) and analyzed using SPSS statis-
tical software package. Statistical differences for experiments
with more than three groups were determined by analysis of
variance (ANOVA). For experiments with two groups, 𝑡-test
was used. Differences were considered significant at 𝑃 value
less than 0.05.

5. Results and Discussion

5.1. Identification of Metabolites. Generally, most of TCM
herbs are taken orally. It appears that compounds with
assumed pharmacological value not only show a good target
binding, but also have a chance to reach the target in
vivo. Thus, detection and identification of the absorbed
components and their metabolites are critical steps in the
validation of the biological effect and the identification of the
mechanism of action of TCM. In most cases, the metabolites
play a crucial role in the curative effect. If followed by
separation and structure identification, it is an extremely
costly and time-consuming process especially for TCMherbs.
In recent years, prediction tools based on in vitro and in
silico input parameters have become more popular [30].
ADMET Predictor has emerged as a quick and useful tool to
predict metabolic types and sites so as to confer the struc-
ture of the metabolites [31]. This comes from Simulations
Plus, Inc, a leading provider of simulation and modeling
software for pharmaceutical discovery. So far, based on the

available evidence, the results would become more credible
if combined with related experimental information [32].
Currently, an RRLC-Q-TOF MS/MS method coupled with
Agilent Metabolite ID software was used to rapidly identify
these metabolites and accurately speculate the reactive types
of metabolism in our previous study. Afterward, ADME/T
software has emerged as a quick and useful tool to predict
metabolic types and sites so as to confer the structure of the
metabolites.

In our previous study [16], 6 metabolites were detected in
vivo and the types of reactions were concluded by RRLC-Q-
TOF and the Agilent Metabolite ID software (Agilent Tech-
nologies, Inc., 2009) (Table 1). For example, demethylation
reaction of tetrahydroberberine and tetrahydropalmatine
happened and two metabolites were identified. Simultaneous
demethylation and hydrogenation of protopine occurred and
one metabolite was identified. Similarly, methylene to ketone
of oxypeucedanin also took place and one metabolite was
identified. Metabolic sites of four compounds were inferred
byADME/T software and the higher scoreswere selected.The
structures of six metabolites (compound 16, 17, 18, 19, 20, and
21) were obtained (Figure 3).

5.2. Network Construction and Analysis. With the develop-
ment of systems biology and the emergence of chemoge-
nomic approaches, high-throughput virtual screening was
found to be useful to better understand their possible
molecularmechanisms. Recently, a number of computational
methods have been developed for drug-target network pre-
dictions [33–38]. The similarity principles can be efficient
complements for compound-target associations using simi-
laritymetrics such as ligand chemical similarity and drug side
effects similarity [39]. The DrugBank database is a unique
bioinformatics and cheminformatics resource that combines
detailed drug data with comprehensive drug target informa-
tion. Among them, 1447 FDA-approved smallmolecule drugs
are selected and used to calculate the similarities with the
constituents of YZP. Similar chemical structures are usually
correlated with the therapeutic and pharmacological action
[40, 41]. Furthermore, some methods have been developed
to build the relationship between chemical structures and
the therapeutics using the ATC classification system [42, 43].
In order to further understand the potential relationship
between multicomponent and therapeutic effects, a network
construction and analysis approach was used to visualize and
analyze the interaction data.This approach helped capture the
complexity in a simple, compact, and illustrative manner.

The C-T network consisted of 143 nodes and 1049
edges, including 21 candidate compounds (11 from Rhizoma
corydalis and 10 from Radix angelicae dahuricae) and 122
candidate targets. Figure 4 shows a global view of C-T net-
work with color-coded and shape-coded nodes: compounds
(green-lozenge) and candidate targets (purple-round). Com-
plex networks are always very huge and have a distributed
nature. Clustering is an important data-mining technique
used to find data segmentation and pattern identification.
Therefore, it is gradually becoming an instant requirement
to propose fast network clustering algorithms in the sight
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Figure 3: The possible metabolic sites and metabolites of six compounds: (16) tetrahydroberberine M1; (17) tetrahydroberberine M2; (18)
tetrahydropalmatine M1; (19) tetrahydropalmatine M2; (20) protopine M1; (21) oxypeucedanin M1.

of local view. Data showed that [44–46] similar compounds
usually had similar therapeutic and pharmacological action.
According to the chemical structure similarity, 21 compounds
were classified into three categories: category I included
protopine (Compound 15) and its metabolite (Compound
21), category II included the alkaloids (Compounds 7, 8,
11–14, and 17–20) and category III included all coumarins
(Compounds 1–6, 9, 10, and 16). Targets were classified
as many categories according to ATC classification system
and main categories included dopamine receptors (DA)
family, 5-hydroxytryptamine receptors (5-HT) family, alpha-
adrenergic receptors (AA) family, gamma-aminobutyric acid
receptors family, muscainic acetylcholine receptors (MA)
family, phosphodiesterases family, inflammatory activator
family for asthma, antibacterial effect family, and antitumor
activity family. It was observed that different classes of com-
pounds had some independent targets and the independent
therapeutic effect. It was also observed that different classes
of compounds had some common targets and therapeutics.
But a lot of targets were clustered as a group alone.

Individually, most compounds might possess dozens of
potential candidate targets, but a few compounds might
have few candidate targets. Compounds 1, 13, 17, and 18
exhibited the highest number of candidate target interactions
(73) followed by Compound 12 (with candidate targets of
42). Compound 10 had the least candidate targets (19) but
its metabolite (Compound 16) had 34 candidate targets.
Compound 7 had no candidate target.

YZPhad been clinically used inTCMfor the relief of pain,
including headache, stomachache, and dysmenorrhea. In this
study, C-T network might exhibit the synergy mode of “mul-
ticomponents, multitargets” and facilitate the understanding
of the possible molecular basis of YZP therapeutic action. In
our previous study [12], it was seen that most alkaloids of
YZP can enter in the brain and can be bound with opioid
receptors, DA receptors, 5-HT receptors, GABA receptors,
and MA receptors. Tetrahydropalmatine and its metabolites
are potential opioid antagonist drugs that had been clinically
used for relief of pain [47]. In addition, DA receptors might
coordinate motor functions and induce pain inhibition so
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as to relieve pain directly or indirectly [48]. Among AA
receptors family, alpha 1 receptors are characteristics of
vascular smooth muscle. Alpha 2 receptors are abundant in
the brain and are associated with the pain perception [49].
Coumarins of Rhizoma corydalis can be primarily connected
with the following targets groups: anti-inflammatory targets
for asthma, drug targets for obstructive airway disease,
antifungal receptors and sodium-dependent transporters,
andDNAgyrase. Among them, anti-inflammatory targets for
asthma can control chiefly airway responsiveness and reduce
airflow resistance and asthma exacerbation [50]. Drug targets
can be involved in bronchodilatory and anti-inflammatory
effects for obstructive airway disease, which might be pos-
sibly related to the TCM theoretics of “regulating Qi.” It is
still unclear that how the compound-target interaction of
coumarins is responsible for its therapeutic action, which
needs further research.

5.3. Molecular Functional and Pathway Analysis. Bioinfor-
matics enrichment tools have played a very important and
successful role contributing to the gene functional analysis
for TCM biological studies. A number of high-throughput
enrichment tools were independently developed as initial
studies to address the challenge of functionally analyzing
large gene lists [51]. As most of these tools mainly present
their results as long lists or complex hierarchical trees,
ClueGO, a Cytoscape plug-in, was developed to facilitate

the biological interpretation and to visualize functionally
grouped terms in the form of networks and charts [52].
The GO molecular function and Kyoto Encyclopedia of
Genes and Genomes (KEGG) analysis for multitargets of
YZP are shown in Figure 5(a). The main molecular func-
tions were classified into seven categories: opioid receptor
activity, GABA-A receptor activity, benzodiazepine recep-
tor activity, DNA topoisomerase (ATP-hydrolyzing) activity,
cholinesterase activity, dopamine receptor activity, and cation
channel activity.Themain pathways in KEGG were also clas-
sified into five categories as follows: linoleic acid metabolism,
renin-angiotensin system, gap junction, ligand-receptor
interaction, and calcium signaling pathway (Figure 5(b)).

In the practice of TCM, since long time, YZP has
been used as an analgesic agent; some animal experiments
indicated that YZP possesses the pharmacological action of
analgesic [53, 54]. The present study indicated that YZP
possesses multipharmacology molecular attributes through
different target groups such as opioid receptors, dopamine
receptors, and calcium channel. for pain relief. YZP activates
opiate receptors to release met-enkephalin which stimulates
the pleasure centers for analgesia [55]. Dopamine recep-
tors, which are associated in many neurological processes,
including motivation, pleasure, cognition, and memory, are
also potential targets of YZP. The main constituents of
YZP can pass through the blood brain barrier to exert
a pharmacological action [16]. Calcium channel receptors
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Table 2: The eHiTS scores of potential targets.

NO Gene name PDB Protein name Compounds eHiTS score
1 ESR1 1R5K Estrogen receptor corydaline −6.99

2 DRD3 3PBL D(3) dopamine receptor corydaline −6.53

3 CHRM2 3UON Muscarinic acetylcholine receptor M2 corydaline −6.33

4 CHRM3 4DAJ Muscarinic acetylcholine receptor M3 corydaline −6.28

5 CRYZ 1YB5 Quinone oxidoreductase oxypeucedanin −5.59

6 TOP2A 1ZXN DNA topoisomerase 2-alpha oxypeucedanin M1 −5.79

7 VKORC1 3KP9 Vitamin K epoxide reductase complex subunit 1 byakangelicin −6.04

8 ESR2 1QKM Estrogen receptor beta 𝛼-Allocryptopine −6.13

9 ACE 1UZF Angiotensin-converting enzyme tetrahydroberberine −5.69

10 ADRA1A 3SN6 Alpha-1A adrenergic receptor tetrahydropalmatine −5.97

11 OPRK1 4DJH Kappa-type opioid receptor tetrahydropalmatine −5.57

12 HRH1 3RZE Histamine H1 receptor tetrahydropalmatine −5.52

13 ADRA2A 3RFM Alpha-2A adrenergic receptor Tetrahydropalmatine M2 −6.90

14 ABCC8 2BBO ATP-binding cassette transporter subfamily C member 8 protopine M1 −5.52

15 KCNJ8 3HFC ATP-sensitive inward rectifier potassium channel 8 protopine M1 −5.74

16 BCHE 2WIL Cholinesterase protopine M1 −5.42

17 RNASE3 1DYT Eosinophil cationic protein protopine M1 −5.21

and acetylcholine binding can play a crucial role in acute
endothelium-dependent vasodilator responses to contract
smoothmuscle of the blood vessels and change arterial blood
flow, whichmay explain their efficacy in migraine prevention
[56].

In addition, a histamine receptor can inhibit gastric acid
secretion, promote gastrointestinal motility, and relax gas-
trointestinal smooth muscle [57]. Cholinesterase receptors
can relieve gastrointestinal smooth muscle spasm includ-
ing the removal of vasospasm and improve microvascular
circulation [58]. These could be the potential molecular
mechanism by which YZP cures gastralgia.

YZP has the efficacy of “regulating Qi and invigorat-
ing blood circulation” in the practice of TCM [11]. In
metabolic pathways of KEGG, most targets belonged to
two families, linoleic acid metabolism and renin-angiotensin
system. Linolenic acid metabolism is a very important
metabolic pathway which hasmany biological effects, includ-
ing potential immunomodulatory effects. This could change
the platelet membrane fluidly, thus changing the number of
platelet reactivity and platelet surface receptor stimulation.
This in turn effectively prevents the formation of blood clots
[59]. Renin-angiotensin system and hormonal regulation
system of the human body have vital roles in the regulation
of blood pressure, the balance of the electrolyte and fluid, and
the development of the cardiovascular system [60].

Further, some new activities were found to be relatedwith
YZP, whichmight provide some evidence for new application
of YZP. For example, many alkaloids were connected with
GABA receptors group which suggested that YZPmight pos-
sess anxiolytic action. Among them, dL-tetrahydropalmatine
had been reported to have anxiolytic-like action [61]. It
was also assumed that YZP might possess antidepressant
action because of binding with benzodiazepine receptors in

GO functional analysis (Figure 5(a)). Interestingly, YZP is
supposed to have the molecular pharmacology of anticancer
action by interaction with DNA topoisomerases which had
been reported in the previous studies [62].

5.4. Target Validation. As a complementary medical system
toWesternmedicine, TCMprovides a unique theoretical and
practical approach to the treatment of diseases over thou-
sands of years. Natural products, containing inherently large-
scale structural diversity more than synthetic compounds,
have been the major resources of bioactive agents and will
continually play as protagonists for discovering new drugs
[63]. In order to better understand the profiles of compound-
target interaction from the C-T network and provide an
efficient approach to drug discovery, molecular docking is
an established in silico tool used for searching the potentially
highly bioactive compounds (Table 2). The results suggested
that 17 pairs of compound-target interaction were found and
their scores of docking were greater than 5. Similarly, some
compounds had several candidate targets. Corydaline could
be connected with four targets including CHRM2, CHRM3,
ESR1, and DRD3. Protopine M1 could be connected with
4 targets including ABCC8, BCHE, RNASE3, and KCNJ8.
Tetrahydropalmatine could be connected with 3 targets
including ADRA1A, OPRK1, and HRH1. But the other con-
stituents had a single target. For example, 𝛼-allocryptopine
had interacted with ESR2, tetrahydroberberine bound with
ACE and oxypeucedanin bound with CRYZ.

5.5. Bioactivity Appraisal. The C-T interaction network
and molecular functional analysis suggested that YZP had
polypharmacologic actions which were integral to regulate
the biological network of disease. Polypharmacologic actions
included antinociceptive [17] and vasorelaxation [20]. As per
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Figure 6: Anxiolytic-like effect of YZP. Anxiolytic-like effect of YZP
(100mg/kg, 150mg/kg, and 200mg/kg, resp.) on bottom dwelling
(sec/min) in zebrafish (mean ± sem). Significant differences: ∗𝑃 <
0.05 and ∗∗𝑃 < 0.01, compared with the untreated control group.

our understanding, per computational biology, YZP has anx-
iolytic and antidepressant activity, which could be auxiliary
therapy for headache and dysmenorrhea. The computational
results indicated that the active constituents were not single
but themixture ofmulticompounds.Therefore, in the current
study, YZP extract was used to validate the anxiolytic and
antidepressant activities by animal experiments.

5.6. Assay of Anxiolytic Activity. Zebrafish are widely used in
studying the molecular bases of neurobiology with applica-
tions in neuropharmacology and neurotoxicology [25, 26].
Bencan et al. [64] had developed a method to assess novel
environment diving behavior of Zebrafish as amodel of stress
response and anxiolytic drug effects. Anxiety-like behavior
in Zebrafish has been shown through patterns of swimming
along the edge and towards the bottomof novel environments
[65, 66]. The present study showed that buspirone at doses
of 25mg/L caused significant (𝑃 < 0.01) increases in diving
compared to controls. Individually compared with control,
YZP at doses of 100mg/L, 150mg/L, and 200mg/L caused
significant (𝑃 < 0.05, 𝑃 < 0.01, and 𝑃 < 0.01, resp.) decreases
in diving. Even though low dose (100mg/L) and middle
dose (150mg/L) showed dose-effect relation, there was no
significant difference between middle dose and high dose
(200mg/L) (Figure 6). The results suggested that exposure to
YZP treatment could reduce anxiety levels in Zebrafish.

5.7. Assay of Antidepressant Activity. Behavioral studies play
an important role in the evaluation of antidepressant activity
[66].The FST and the TST are behavioral despair tests, useful
for probing the pathological mechanism of depression and
for the evaluation of antidepressant drugs [67] and had been
widely used as preclinical screening tools for antidepressant
drugs [68]. From the FST, it was seen that YZP at doses of
4 g/kg and 8 g/kg exhibited significantly (both 𝑃 < 0.01)
shorter duration of immobility and better antidepressive

effect than that of fluoxetine (30mg/kg) (Figure 7(a)). How-
ever, the highest doses (16 g/kg) did not show antidepressant
activity. The TST results demonstrated that the immobility
time was significantly lower in mice treated with YZP at the
doses of 4 and 8 g/kg (𝑃 < 0.05 and𝑃 < 0.01, resp.) thanmice
in control group. However, the highest dose of YZP did not
show any such effect (Figure 7(b)). In the FST and TST, false-
positive results may exist with certain drugs, in particular
psychomotor stimulants, which decrease immobility time by
stimulating locomotor activity [69, 70]. Here, the locomotor
activity of the mice was measured and the results suggested
that YZP at different doses decreased locomotor counters
in spontaneous motor activity (Figure 7(c)). These animal
studies had revealed the antidepressant effect of YZP. It
was also noted that the spontaneous motor activity was
inhibited and the highest doses of YZP could not exhibit the
antidepressant activity which may be due to the potential
sedative activity related to GABA receptors.

6. Conclusions

TCM is regarded as an ancient, vital, and holistic system of
health and healing, based on the notion of harmony and
balance. Recently, network pharmacology emerged as a pow-
erful tool to uncovermolecularmechanisms and connections
between the drug constituents and their targeting network.
Currently, some researchers obtained the compounds from
TCM database but they ignored the contents and pharma-
cokinetic profiles of the constituents, as well as their metabo-
lites. In this study, 15 prototype constituents existed abun-
dantly in YZP extracts and could be detected in the rat plasma
and cerebrospinal fluid. At the same time, 6 metabolites were
found in vivo and their structures were concluded success-
fully by high resolution of MS data and ADME/T software.
An integrated compound-target interaction network of YZP
was reconstructed through similar chemical structure search-
ing based on the prototype compounds and their metabolites
in vivo. The results of further network analysis based on
ATC classification and GOmolecular function indicated that
similar compounds in YZP possess similar therapeutic action
and share the similar pharmacological space. YZP exhibited
the synergy mode of “multicomponents, multitargets” in the
C-T network and possessed potential multipharmacologic
activities. Importantly, many pharmacologic actions could be
validated by the data and animal experiments. The findings
helped to deeply understand the molecular mechanisms of
YZP and also provided some evidence on new potential
clinical application. Interestingly, YZP has the anxiolytic and
antidepressant activities which would be worth developing
and researching.
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Figure 7: Antidepressant-like effect of YZP. (a) Effects of YZP and fluoxetine (Fluox) on locomotor counters in locomotor activity. Significant
differences: ∗𝑃 < 0.05 and ∗∗𝑃 < 0.01, compared with the untreated control group. (b) Antidepressant-like effect of YZP (4 g/kg, 8 g/kg and
16 g/kg, resp.) on the FST in mice. Animals were given i.g. YZP or fluoxetine before the tests. The duration of immobility in FST during the
last 4min of the test was recorded. No significant difference was found between Fluoxetine and YZP treated groups. Values were expressed
as the mean ± SEM and analyzed using one-way ANOVA. Significant differences: ∗𝑃 < 0.05 and ∗∗𝑃 < 0.01, compared with the untreated
control group. (c) Antidepressant-like effect of YZP (4 g/kg, 8 g/kg, and 16 g/kg, resp.) on the TST in mice. The duration of immobility in
TST during the 6min of the test was recorded. No significant difference was found between Fluoxetine and YZP treated groups. Values were
expressed as the mean ± SEM and analyzed using one-way ANOVA. Significant differences: ∗𝑃 < 0.05 and ∗∗𝑃 < 0.01, compared with the
untreated control group.

Acknowledgments

Financial support was provided by Key Projects in the
National Science & Technology Pillar Program during the
11th Five-Year Plan Period (no. 2008BAI51B03), the National
Natural Science Foundation of China (no. 81202793), and
independent topics supported by operational expenses for
basic research of China Academy of Chinese Medical Sci-
ences (no. Z02063).

References

[1] F. Cheung, “TCM: made in China,” Nature, vol. 480, pp. 82–83,
2011.

[2] M. Grayson, “Traditional Asian medicine,” Nature, vol. 480,
article 81, 2011.

[3] S. P. Li, J. Zhao, and B. Yang, “Strategies for quality control of
Chinese medicines,” Journal of Pharmaceutical and Biomedical
Analysis, vol. 55, no. 4, pp. 802–809, 2011.



Evidence-Based Complementary and Alternative Medicine 13

[4] Y. Tu, “The discovery of artemisinin (QingHaoSu) and gifts
fromChinesemedicine,”NatureMedicine, vol. 17, pp. 1217–1220,
2011.

[5] K. H. Lee, “Research and future trends in the pharmaceutical
development of medicinal herbs from Chinese medicine,”
Public Health Nutrition, vol. 3, no. 4, pp. 515–522, 2000.

[6] S. B. Su, A. P. Lu, S. Li, and W. Jia, “Evidence-based ZHENG:
a traditional Chinese medicine syndrome,” Evidence-Based
Complementary and Alternative Medicine, vol. 2012, Article ID
246538, 2 pages, 2012.

[7] T.Ma, C. Tan,H. Zhang,M.Wang,W.Ding, and S. Li, “Bridging
the gap between traditional Chinese medicine and systems
biology: the connection of Cold Syndrome and NEI network,”
Molecular BioSystems, vol. 6, no. 4, pp. 613–619, 2010.

[8] S. Li, B. Zhang, D. Jiang, Y. Wei, and N. Zhang, “Herb net-
work construction and co-module analysis for uncovering the
combination rule of traditional Chinese herbal formulae,” BMC
Bioinformatics, vol. 11, supplement 11, article S6, 2010.

[9] S. Li, B. Zhang, and N. Zhang, “Network target for screening
synergistic drug combinations with application to traditional
Chinese medicine,” BMC Systems Biology, vol. 5, no. 1, article
S10, 2011.

[10] X. Li, X. Xu, J. Wang et al., “A system-level investigation into the
mechanisms of chinese traditional medicine: compound dan-
shen formula for cardiovascular disease treatment,” PLoS One,
vol. 7, no. 9, pp. 1–16, 2012.

[11] Pharmacopoeia Committee of the Ministry of Health of the Peo-
ple’s Republic of China, Pharmacopoeia of the People’s Republic of
China, vol. 1, Chemical Industry Press, Beijing, China, 2010.

[12] K. W. Luo, J. G. Sun, J. Y. W. Chan et al., “Anticancer effects of
imperatorin isolated from Angelica dahurica: induction of
apoptosis in HepG2 cells through both death-receptor- and
mitochondria-mediated pathways,” Chemotherapy, vol. 57, pp.
449–459, 2011.

[13] C. S. Yuan, S. R. Mehendale, C. Z. Wang et al., “Effects of Cory-
dalis yanhusuo and Angelicae dahuricae on cold pressor-
induced pain in humans: a controlled trial,” Journal of Clinical
Pharmacology, vol. 44, no. 11, pp. 1323–1327, 2004.

[14] Y. C. Zhang, H. Y. Xu, X. M. Chen et al., “Study on the appli-
cation of intestinal absorption in vitro coupled with bioactivity
assessment in Yuanhu Zhitong preparation,” Journal of Medici-
nal Plants Research, vol. 6, pp. 1941–1947, 2012.

[15] Y. Zhang, H. Xu, X. Chen et al., “Simultaneous quantification of
17 constituents from Yuanhu Zhitong tablet using rapid resolu-
tion liquid chromatography coupled with a triple quadrupole
electrospray tandemmass spectrometry,” Journal of Pharmaceu-
tical and Biomedical Analysis, vol. 56, no. 3, pp. 497–504, 2011.

[16] Y. Tao, H. Y. Xu, S. S. Wang et al., “Identification of the
absorbed constituents after oral administration of Yuanhu
Zhitong prescription extract and its pharmacokinetic study by
RRLC-QTOF/MS,” Journal of Chromatography, B. Revised.

[17] Y. F. Chen, H. Y. Tsai, and T. S. Wu, “Anti-inflammatory and
analgesic activities from roots of Angelica pubescens,” Planta
Medica, vol. 61, no. 1, pp. 2–8, 1995.

[18] W. C. Leung, H. Zheng, M. Huen, S. L. Law, and H.
Xue, “Anxiolytic-like action of orally administered dl-tetra-
hydropalmatine in elevated plus-maze,” Progress in Neuro-
Psychopharmacology and Biological Psychiatry, vol. 27, no. 5, pp.
775–779, 2003.

[19] K. O. Hiller, M. Ghorbani, and H. Schlicher, “Antispasmodic
and relaxant activity of chelidonine, protopine, coptisine, and

Chelidonium majus extracts on isolated guinea-pig ileum,”
Planta Medica, vol. 64, no. 8, pp. 758–760, 1998.

[20] H.Nie, L. Z.Meng, J. Y. Zhou, X. F. Fan, Y. Luo, andG.W.Zhang,
“Imperatorin is responsible for the vasodilatation activity of
Angelica dahurica var. formosana regulated by nitric oxide in an
endothelium-dependent manner,”Chinese Journal of Integrative
Medicine, vol. 15, no. 6, pp. 442–447, 2009.

[21] D. Lin, “An information-theoretic definition of similarity,” in
Proceedings of the 15th International Conference on Machine
Learning, vol. 25, pp. 296–304, Morgan Kaufmann, 1998.

[22] S. Zhao and S. Li, “Network-based relating pharmacological and
genomic spaces for drug target identification,” PLoS ONE, vol.
5, no. 7, Article ID e11764, 10 pages, 2010.

[23] G. Bindea, B. Mlecnik, H. Hackl et al., “ClueGO: a cytoscape
plug-in to decipher functionally grouped gene ontology and
pathway annotation networks,”Bioinformatics, vol. 25, no. 8, pp.
1091–1093, 2009.

[24] Z. Zsoldos, D. Reid, A. Simon, S. B. Sadjad, and A. P. Johnson,
“eHiTS: a new fast, exhaustive flexible ligand docking system,”
Journal of Molecular Graphics and Modelling, vol. 26, no. 1, pp.
198–212, 2007.

[25] E. Linney, L. Upchurch, and S. Donerly, “Zebrafish as a neu-
rotoxicological model,” Neurotoxicology and Teratology, vol. 26,
no. 6, pp. 709–718, 2004.

[26] H. Teraoka, W. Dong, and T. Hiraga, “Zebrafish as a novel
experimental model for developmental toxicology,” Congenital
anomalies, vol. 43, no. 2, pp. 123–132, 2003.

[27] R. D. Porsolt, M. Le Pichon, and M. Jalfre, “Depression: a new
animal model sensitive to antidepressant treatments,” Nature,
vol. 266, no. 5604, pp. 730–732, 1977.

[28] I. Lucki, A. Dalvi, andA. J.Mayorga, “Sensitivity to the effects of
pharmacologically selective antidepressants in different strains
of mice,” Psychopharmacology, vol. 155, no. 3, pp. 315–322, 2001.

[29] L. Steru, R. Chermat, B. Thierry, and P. Simon, “The tail
suspension test: a new method for screening antidepressants in
mice,” Psychopharmacology, vol. 85, no. 3, pp. 367–370, 1985.

[30] S. S. de Buck, V. K. Sinha, L. A. Fenu, R. A. Gilissen, C. E.
Mackie, and M. J. Nijsen, “The prediction of drug metabolism,
tissue distribution, and bioavailability of 50 structurally diverse
compounds in rat using mechanism-based absorption, distri-
bution, andmetabolism prediction tools,”DrugMetabolism and
Disposition, vol. 35, no. 4, pp. 649–659, 2007.

[31] D. D. Stranz, S. Miao, S. Campbell, G. Maydwell, and S. Ekins,
“Combined computational metabolite prediction and auto-
mated structure-based analysis of mass spectrometric data,”
Toxicology Mechanisms and Methods, vol. 18, no. 2-3, pp. 243–
250, 2008.

[32] H. Han, L. Yang, and Y. Xu, “Identification of metabolites of
geniposide in rat urine using ultra-performance liquid chro-
matography combined with electrospray ionization quadrupole
time-of-flight tandem mass spectrometry,” Rapid Communica-
tions in Mass Spectrometry, vol. 25, no. 21, pp. 3339–3350, 2011.

[33] M. Kuhn, M. Campillos, P. González, L. J. Jensen, and P. Bork,
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Identifying potent drug combination from a herbal mixture is usually quite challenging, due to a large number of possible trials.
Using an engineering approach of the feedback system control (FSC) scheme, we identified the potential best combinations of
four flavonoids, including formononetin, ononin, calycosin, and calycosin-7-O-𝛽-D-glucoside deriving from Astragali Radix (AR;
Huangqi), which provided the best biological action at minimal doses. Out of more than one thousand possible combinations, only
tens of trials were required to optimize the flavonoid combinations that stimulated a maximal transcriptional activity of hypoxia
response element (HRE), a critical regulator for erythropoietin (EPO) transcription, in cultured human embryonic kidney fibroblast
(HEK293T). By using FSC scheme, 90% of the work and time can be saved, and the optimized flavonoid combinations increased
the HRE mediated transcriptional activity by ∼3-fold as compared with individual flavonoid, while the amount of flavonoids was
reduced by ∼10-fold. Our study suggests that the optimized combination of flavonoids may have strong effect in activating the
regulatory element of erythropoietin at very low dosage, which may be used as new source of natural hematopoietic agent. The
present work also indicates that the FSC scheme is able to serve as an efficient and model-free approach to optimize the drug
combination of different ingredients within a herbal decoction.

1. Introduction

Traditional Chinese medicine (TCM) has played an impor-
tant role in primary health care in China of over thousands
of years [1]. In contrast to isolated, bioactive, single natural
products in Western medicine, TCM uses a mixture of
active ingredients; this represents a holistic approach in
disease prevention. TCM has attracted a lot of attention for
serving as complementary health food supplements with low
toxicity and fewer complications [2, 3]. Astragali Radix (AR;

Huangqi), the dried root ofAstragalusmembranaceus (Fisch.)
Bunge or A. membranaceus (Fisch.) Bunge var. mongholicus
(Bunge) P. K. Hsiao, is one of the most widely used Chi-
nese herbs as a health food supplement to reinforce “Qi”
(vital energy) [4]. Pharmacological study has demonstrated
that the water extract of AR possesses many biological
functions, including hepatoprotective effects, neuroprotec-
tive effects against ischemic brain injury, hematopoietic,
antioxidative, antihypertensive, immunological properties,
cardiotonic, and antiaging activities [5, 6].
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Previous study also showed that the AR extract could
improve hematopoietic functions by regulating erythro-
poietin (EPO) expression. EPO is an erythrocyte-specific
hematopoietic growth factor produced by kidney and liver
[7]. Failure to increase the amount of circulating EPO under
hypoxia stress can lead to anemia [8]. Hypoxia response
element (HRE), a critical regulator for EPO transcription,
is located on the promoter region of the EPO gene. Under
hypoxia condition, the activated hypoxia-induced factor
(HIF) binds onto HRE and subsequently initiates EPO gene
expression [9]. The AR regulating EPO expression was
through an induction of the transcriptional activity of HRE
[10]. One of major components in AR was flavonoid, for
example, formononetin, ononin, calycosin, and calycosin-
7-O-𝛽-D-glucoside. These four flavonoids can induce the
expression of EPO [11]; however, the effect of a combination of
these flavonoids has not been revealed. Indeed, the combined
mixture is mimicking partly the scenario of a herbal mixture.

A major problem in combinatorial therapies lies in the
number of possible combinations [12, 13], which becomes
more challenging in optimizing Chinese herbal mixtures.
Besides, the combined effect of numerous constituents within
a herbal composite prescription is hard to validate [14].
Previous study indicated that different experimentalmethods
have been used in discovering combinatorial therapies. Li et
al. established an algorithm termed NIMS (Network Target-
Based Identification of Multicomponent Synergy) to priori-
tize synergistic agent combinations in a high throughput way
[15]. Both the topology score and agent score were proposed
for the evaluation of agent interactions; Yan et al. developed
a systematic simplification framework for drug combina-
tion design by combining simulation and system reaction
network topology analysis [16]. Among different classes of
strategy, Wong et al. developed a feedback system control
(FSC) scheme to implement an iterative stochastic search [17].
FSC efficiently discovered potent combinations for inhibiting
virus infection of fibroblasts, in only tens of iterations out
of one hundred thousand possible trials. Recently, Tsutsui
et al. further extended the FSC for parallel searching and
identified a unique combination of three combined inhibitors
that enables the maintenance of human embryonic stem
cells [18]. Here, we aimed to optimize a herbal mixture for
therapeutic goals by using the FSC scheme, and therefore
the optimization of AR-derived flavonoid combinations was
evaluated as an initial example. Having the FSC, we were able
to quickly pinpoint the optimal flavonoid combinations for
maximizing the HRE-mediated transcriptional activity.

2. Materials and Methods

2.1. Plant Materials and Chemicals. Three-year-old AR, the
dry roots ofA.membranaceus var.mongholicus, was collected
from Shanxi province [4].The authentication of plantmateri-
als was performed morphologically by Dr. Tina Dong of The
Hong Kong University of Science and Technology (HKUST)
during the field collection. The corresponding voucher no.
02-10-4, as forms of the whole plant were deposited in Center
for Chinese Medicine, HKUST. Formononetin, calycosin,

ononin, and calycosin-7-O-𝛽-D-glucoside were purchased
from Weikeqi Biotechnology Co. (Sichuan, China). The
purities of these marker chemicals, confirmed by high-
performance liquid chromatography (HPLC), were higher
than 98.0%. Analytical- and HPLC-grade reagents were from
Merck (Darmstadt, Germany).

2.2. Preparation of AR Extracts and Chemicals. Dry roots of
AR (50 g) were extracted twice with distilled water (400mL)
at 100∘C for 2 hours.The extract was centrifuged at 3,000 g for
10min.The supernatant was freeze-dried (yield = 14.56 g) and
kept at −20∘C. For standardization of AR extract, an Agilent
1200 series system (Agilent,Waldbronn, Germany), equipped
with a degasser, a binary pump, an autosampler, and a
thermostated column compartmentwas used for the analysis.
Chromatographic separations were carried out on an Agilent
Eclipse XDB-C18 column (4.6mm × 250mm, 5𝜇m) with
0.1% formic acid (as Solvent A) and acetonitrile (as Solvent
B) at a flow rate of 1.0mL/min at room temperature. A linear
gradient elution was applied from 15%–20% B at 0–10min,
20% B at 10–20min, 20%–34% B at 20–45min, 34%–48% B
at 45–55min, 48%–65% B at 55–70min, and 65%–80% B at
70–80min, and the equilibration time of gradient elution was
10min. Ten 𝜇L of the samples (after filtration with a 0.45 𝜇m
Millipore filter) were injected, and signals were detected
at 280 nm with UV detection. A standardized AR extract
by calibrating different chemical markers was established.
For biological analysis, the dried standardized extract was
dissolved in phosphate-buffered saline and filtered through a
0.22 𝜇m filter before use. The pure flavonoids were dissolved
by dimethyl sulfoxide before use.

2.3. DNA Transfection in Culture. Human embryonic kidney
(HEK) 293T fibroblast cell is an excellent in vitro model
in studying the physiological regulation of EPO expression,
which is sensitive to hypoxia stress [7]. HEK 293T cell line
was obtained from the American Type Culture Collection
(ATCC, Manassas, VA) and cultured according to previous
reports [11]. The HRE (5-TCG AGG CCC TAC GTG CTG
TCT CAC ACA GCC TGT CTG ACG-3) derived from
human EPO gene contains a highly conserved HIF-1 binding
site (5-TAC GTG-3) and other unique cis-acting sequences
(5-CAC AG-3) that are functionally essential for hypoxic
induction [11, 19]. Six HREs were synthesized, concatemer-
ized, and then cloned in tandem (head-to-tail orientation)
into pBI-GL vectors (BD Biosciences Clontech, San Jose, CA)
that had a downstream reporter of firefly luciferase gene [11].
This vectorwas named as pHRE-Luc [19]. CulturedHEK293T
cells were transiently transfected with pHRE-Luc by the
calcium phosphate precipitation method [20]. The trans-
fection efficiency was over 80%, as determined by another
control plasmid of having a 𝛽-galactosidase cDNA, under
a cytomegalovirus enhancer promoter. The treatment of
flavonoids, or AR extract, was done on transfected HEK293T
cells. After 2 days, the cell lysates were collected for luciferase
assay. In order to validate the response of the pHRE-Luc
in transfected HEK293T cells, the cultures were exposed to
hypoxia, serving as a positive control. The authentication of
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pHRE-Luc was confirmed by its activation in exposing to
mineral oil layering and application of CoCl

2
at 50mM, and

both methods were frequently used to mimic the effect of
hypoxia [11].

2.4. Luciferase and Other Assays. The luciferase assay was
performed by a commercial kit (Tropix Inc., Bedford, MA).
In brief, cultures were lysed by a buffer containing 100mM
potassium phosphate buffer (pH 7.8), 0.2% TritonX-100,
and 1mM dithiothreitol. The cell lysate was centrifuged
in 13,200 rpm (16,000×g) for 5min in 4∘C, and 50 𝜇L of
the supernatant was transferred to the assay plate and set
on the luminance reading machine (FLUOstar OPTIMA,
BMG, Germany). The readings of luminance intensity were
equalized by the protein concentration of lysates, and the
data indicated to the luciferase activities of the samples. Pro-
tein concentrations were measured routinely by Bradford’s
methodwith a kit fromBio-Rad Laboratories (Hercules, CA).

3. Results

3.1. AR and Flavonoids Induce HRE-Mediated Transcrip-
tional Activity. Calycosin, calycosin-7-O-𝛽-D-glucoside, for-
mononetin, and ononin are the major flavonoids contained
within AR water extract (Figure 1(a)), which have inductive
effect in EPO expression [10, 11]. HPLC analysis indicated
that a standardized AR extract should contain the follow-
ing marker compounds (𝜇g/1 g; mean ± SD, 𝑛 = 4)
(Figure 1(b)): calycosin (212.69 ± 21.1), calycosin-7-O-𝛽-
D-glucoside (238.4 ± 19.5), formononetin (150.12 ± 13.7),
and ononin (85.66 ± 8.4). We first examined the abili-
ties of AR extract and the flavonoids in the stimulation
of HRE mediated transcriptional activity. The AR extract
and four flavonoids, formononetin, ononin, calycosin, and
calycosin-7-O-𝛽-D-glucoside, were applied onto pHRE-Luc-
transfected fibroblasts for two days. The authentication of
pHRE-Luc was confirmed by its activation in exposing to
mineral oil layering orCoCl

2
treatment, whichwas frequently

used to mimic the effect of hypoxia [10]. Under the hypoxia
by oil layering or CoCl

2
, the expression of pHRE-Luc was

robustly induced in a time-dependent manner (Figure 2(a)).
The AR extract and flavonoids showed significant induction
on the pHRE-Luc activity in a dose-dependent manner
(Figures 2(b) and 2(c)).Themaximal induction byAR extract
was over 70% of increase as compared to the background.
Formononetin was the most potent flavonoid in the HRE
activation, which induced a maximum over 90% at 1 𝜇M,
and the EC

50
value was ∼0.05𝜇M. The EC

50
of ononin,

calycosin, and calycosin-7-O-𝛽-D-glucoside were 0.56, 0.66,
and 1.47 𝜇M, and maximal inductions were 80%, 83%, and
70% of increase, respectively (Figure 2(c)).

3.2. Optimization Strategy with Feedback System Control
(FSC) Scheme. The FSC scheme consists of an iterative
closed-loop of three operations, including formation of drug
combinations, experimental readouts, and search algorithm
(Figure 3). As the trials, a group of drug combinations
selected from the parametric search space were applied in

cultured cells. Induced cellular activities served as the fitness
in drug effect evaluation. Based on the cellular responses, the
search algorithm linked the cellular readouts and the drug
combinations and therefore generated new combinations for
subsequent iteration of experimental tests.

The four flavonoids weremixed and dissolved in dimethyl
sulfoxide as the trial combinations. Based on the dose
response of individual flavonoids (as from Figure 2(c)), we
determined six concentration levels (0, 0.016, 0.08, 0.4, 2, and
10 𝜇M) of each flavonoid to fully cover the effective range.
Flavonoid combinations composed a parametric search space
of 1,296 possible trials. The number of possible combinations
rapidly increased with the number of flavonoids and concen-
tration levels, as in an exponential form. Six index numbers
of 0, 1, 2, 3, 4, 5 were assigned for the concentration levels of 0,
0.016, 0.008, 0.4, 2, 10 𝜇M, respectively; these index numbers
were used later in the differential evolution search algorithm.

The success of FSC scheme heavily relied on the cellular
readouts that closely mimicked the desired biological activity
and the proper controls to evaluate the effects of the drug
combinations. Our goal was to search for potent drug
combinations that could stimulate EPO expression, and thus
we used the HRE-mediated transcriptional activity as the
initial readout. Since HRE is located on the promoter of EPO
gene, the induced HRE activity can subsequently trigger the
transcription of EPO gene [19].

The search algorithm plays an important role in the FSC
scheme, which determines the efficiency and accuracy of the
exploration. We used the differential evolution algorithm to
perform a parallel exploration in the chemical optimization,
due to its easy operation and previous successful application
[16, 21, 22]. The principle and detailed application of the
differential evolution algorithm in our FSC scheme were
introduced in the supporting information (Figure 1(S), Sup-
porting information, see supplementary materials available
online at http://dx.doi.org/10.1155/2013/541436). Parameters,
including the number of population (NP) and crossover
probability (CR), were modified to better fit our system.

3.3. Optimization of Flavonoid Combination Using FSC. We
iteratively evaluated 60 trial combinations in five iterations,
each with at least triplicated samples (Figure 4). To determine
the collaborative role of four flavonoids on pHRE-Luc-
transfected HEK 293T cells, we randomly selected six differ-
ent combinations of the four flavonoids as trial combinations
in the first iteration, using a random number generator in
MATLAB (MathWorks). The HRE-mediated transcriptional
activities, induced by the combinations, were found to be
higher than 130%. The highest response obtained in the first
iteration was 232% increase of the control, induced by the
6th combination (0.08, 0.08, 0.4, 10 𝜇M for formononetin,
ononin, calycosin and calycosin-7-O-𝛽-D-glucoside, resp.).
Comparing with AR extract and individual flavonoid, higher
activities induced by the drug combinations suggested possi-
ble collaborative effects among the flavonoids.

In the following iterations, we then attempted to optimize
the combinations of the four flavonoids. The trial combi-
nations were generated by the differential evolution (DE)
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Figure 1: Chemical standardization of AR extract by HPLC fingerprint analysis. (a) Calycosin, calycosin-7-O-𝛽-D-glucoside, formononetin,
and ononin are the major flavonoids contained within AR water extract. (b) In a HPLC fingerprint at an absorbance of 280 nm, the peaks
corresponding to calycosin-7-O-𝛽-D-glucoside (1), ononin (2), calycosin (3), and formononetin (4)were identified as standards (upper panel).
The chemical amounts of these four compounds containedwithin thewater extract ofARwere calculated according to theHPLC results (lower
panel). Representative chromatograms are shown; 𝑛 = 3.
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Figure 2: The AR extract and flavonoids stimulated the HRE-mediated transcriptional activity in cultured HEK293T cells. (a) Six repeats
of hypoxia responsive elements (HRE: 5-TCG AGG CCC TAC GTG CTG TCT CAC ACA GCC TGT CTG ACG-3) were subcloned in an
expression vector of luciferase named as pHRE-Luc (upper panel). Cultured HEK293T cells, transfected with pHRE- Luc, were treated with
CoCl
2
(50mM) or mineral oil layering for 0 to 48 hours. The cell lysates were subjected to luciferase assay to measure the transcriptional

activity driven by HRE (lower panel). (b and c) The pHRE-Luc-transfected HEK293T cells were treated with AR extracts (b) and flavonoids
(c) for 48 hours to determine the promoter-driven luciferase (pHRE-Luc) activity. Values are expressed as the percentage of increase to basal
reading (untreated culture) and in mean ± SD, where 𝑛 = 4, each with triplicate samples.
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transfected fibroblasts. The HRE-mediated transcriptional activity was used as the system readout to calculate the fitness of combinations.
Differential evolution (DE) algorithm linked the drug combinations and the system readout as to generate new trial combinations in the next
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algorithm, also using the MATLAB. To avoid being trapped
in local maximum responses, the number of population
was increased from 6 to 12, and finally 18 after iteration 3,
and crossover probability was changed from 0.5 to 0.9 after
iteration 2. The FSC scheme iteratively updated the potent
drug combinations towards better system performance, after
the competition between original combinations and trial
combinations in each iteration. (Figure 5). After the third iter-
ation, by which we accumulatively tested 24 trials out of 1,296
possible combinations, we identified the 16th combination,
that is, 0.08, 0.08, 0.4, 0.08 𝜇M of the four flavonoids. This
combination of flavonoids showed a ∼3-fold improvement
(333%) in stimulating HRE-mediated transcriptional activity
compared with individual flavonoids (see Figure 4). This
unique combination was carried over through iterations 4
and 5, showing promising drug potency.

Distinct effects of drug combinations in stimulating
HRE-mediated transcriptional activity indicated the com-
plicated reciprocity among flavonoids. Out of the 60 tri-
als, we observed that 13 trial combinations induced lower
HRE activation than AR and individual flavonoid. The
minimum response was observed to be 39% at the 49th
combination, that is, 0.016, 2, 0.08, 0.4𝜇M, which was ∼2-
fold decrease as compared with individual flavonoid (see
Figure 4).Meanwhile, 16 potent combinations induced higher
HRE-mediated transcriptional activity than 180% increase of
control. Typical dosages of formononetin, ononin, calycosin
and calycosin-7-O-𝛽-D-glucoside in 1mg/mL of AR extract
were around 0.56𝜇M, 0.16 𝜇M, 0.69 𝜇M, and 0.513𝜇M,
respectively [23–25]. Among the 16 potent combinations, the
16th (0.08, 0.08, 0.4, 0.08 𝜇M) and 18th combinations (0.016,
0.4, 0.08, 0𝜇M) reduced the required dosage by ∼10-fold
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Figure 4: The HRE-mediated transcriptional activity induced by the 60 trial combinations in five iterations. The pHRE-Luc-transfected
HEK293T cells were treated by the 60 trial combinations in five iterations, that is, 1–6, 7–12, 13–24, 25–42, and 43–60. The integer index of
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as the percentage of increase to basal reading (untreated culture) and in mean ± SD, where 𝑛 = 4, each with triplicate samples.

compared with the amounts within AR water extract (see
Figure 4).

The AR flavonoids possess a lot of biological functions as
described previously [26]; however, the usage of combined
flavonoids in a collaborative way is still challenging. To reveal
if the flavonoids can work in a synergistic or antagonistic
way in activating HREmediated transcriptional activity, here
we used the well-known median-effect equation proposed
by Chou [27–30] (Figure 2(S), Supporting information). In
Chou’s theory, the combination index (CI) was used as the
evaluation of synergistic effect. CI < 1, CI = 1, and
CI > 1 indicate synergism, additive effect, and antagonism,
respectively. The CI values of the 60 trial combinations in
our FSC optimization were quite different from each other,
ranging from 0.033 to 28.5, showing that the synergistic
and antagonistic effects were closely related with the mixing
ratio of flavonoids within the drug combinations (Figure 6).
Interestingly, the minimum CI values were observed also
in the 16th and 18th combinations, to be 0.033 and 0.044,
respectively. According to Chou’s summary [30], the CI value
smaller than 0.1 indicated possible very strong synergism
among flavonoids to stimulate the HRE-mediated tran-
scriptional activity, although dose-dependent studies of the
combinations were required to obtain further information.

There is no guarantee that the combination we identified
would be the best out of the 1,296 possible combinations, until

we have exhaustively tested all the combinations. However,
we can testify the effectiveness of this FSC scheme by simula-
tion. Four different benchmark functions were used tomimic
the biological system readout. The differential evolution
algorithm was implemented exactly the same as used in
our flavonoid optimization. Simulation results suggested that
the FSC scheme was able to quickly pinpoint the optimal
solution (Figure 3(S), Supporting information). Thus, our
FSC optimization could be regarded as the stochastic optimal
flavonoid combinations of the 1,296 possible combinations.

4. Discussion

The role of flavonoids in regulating the EPO expression
has been known [10]. However, the detailed synergistic
or antagonistic interaction among flavonoids has not been
revealed yet, which therefore stimulates the engineering
approach to optimize the flavonoid combinations by FSC
scheme. By having FSC approach, we have saved over 90%
of the laborious and time-consuming work that is required in
exhaustively testing of all possible combinations. Two unique
combinations, (0.08, 0.08, 0.4, 0.08) 𝜇M and (0.016, 0.4, 0.08,
0) 𝜇M of formononetin, ononin, calycosin, and calycosin-
7-O-𝛽-D-glucoside, were identified to be highly effective
in stimulating HRE-mediated transcriptional activity, which
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Figure 5: The HRE-mediated transcriptional activity induced by
the winning population of flavonoid combinations in each iteration
In each iteration, the 𝑥-axis represents the 𝑖th combination in
current winning population.Winning combinations are determined
after competition between original combinations and trial combi-
nations, as in Figure 1(S). Values are expressed as the mean value
in Figure 4. Initial combinations are comprised of control, AR
extract, and individual flavonoid. The FSC scheme iteratively drove
combinations in the population towards higher HRE-mediated
transcriptional activity; that is, the best response of 3rd combination
in the population was found in iteration 3, and carried over through
iterations 4 and 5.

was increased ∼3-fold by the two optimized combinations,
while the AR herbal extract and individual flavonoid can
only induce the transcriptional activity by about 80%. The
concentration of these four flavonoids that we used here is
much lower than that in the herbal extract of AR. Not only
in cultured cells, our preliminary results indicated that the
application of optimized combination of flavonoids could
achieve maximal activation of red blood cell production in
animal studies (Zhang et al., unpublished result). By using the
FSC scheme as described here, the transcriptional activity of
EPOwas greatly increased, and the amount of flavonoids used
was reduced by ∼10-fold.

The successful application of FSC scheme in optimizing
the combination of four flavonoids provides hints in study of
TCM formulae. According to TCM theory, the herbal formu-
lae should be prepared in a unique methodology having spe-
cific combination of different herbs as a formula (named as Fu
Fang). In general, the combination amongst different herbs
within a decoction will directly affect the pharmacological
properties of a herbal formula. Indeed, our previous work has
supported the usage of the best combination of two herbs in
Danggui Buxue Tang, a traditional herbal decoction. Having
the best combination of herbs, this herbal decoction possesses
enriched chemical and biological properties [23]. However,
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Figure 6: Combination index of the 60 trial combinations. The
combination indexes (CIs) < 1, = 1, and > 1 indicate synergism,
additive effect, and antagonism, respectively. The calculation of CI
was accord with the theory of Chou. Sixty combinations out of 5 five
iterations are shown here. The 16th and 18th combinations (black
bars) showed the strongest synergism, that is, the smallest CI value.

the major problem in the optimization of herbal mixtures
is the number of possible combinations. For example, over
thousands of possible herb combinations could be found even
in a herbal decoction having two herbs. Experimentally, it is
impossible to try all these combinations of herbal extracts
in optimizing a TCM formula. Having FSC scheme, only
about tens of trials are required to optimize the combination,
and almost 90% of the work can be trimmed. Thus, the FSC
scheme as described here can be used as a new approach
to optimize the combination of herbal extracts in TCM
formula, which will provide more evidence for the better use
of herbal mixture. Moreover, the FSC scheme may be further
developed to predict the drug combinations [31].

5. Conclusions

In summary, it can be stated that optimized combinations
of flavonoids have a strong HRE-mediated transcriptional
activity, which suggests that the optimized flavonoids could
have good activity in stimulating the regulatory element of
erythropoietin at a very low concentration. The application
of FSC scheme could be able to identify potent drug com-
bination of ingredients within herbal medicines, as well as
in future its application in finding optimized combination of
Chinese herbal mixture.
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As the major issue to limit the use of drugs, drug safety leads to the attrition or failure in clinical trials of drugs. Therefore, it
would be more efficient to minimize therapeutic risks if it could be predicted before large-scale clinical trials. Here, we integrated
a network topology analysis with cheminformatics measurements on drug information from the DrugBank database to detect
the discrepancies between approved drugs and withdrawn drugs and give drug safety indications. Thus, 47 approved drugs were
unfolded with higher similarity measurements to withdrawn ones by the same target and confirmed to be already withdrawn
or discontinued in certain countries or regions in subsequent investigations. Accordingly, with the 2D chemical fingerprint
similarity calculation as a medium, the method was applied to predict pharmacovigilance for natural products from an in-house
traditional Chinese medicine (TCM) database. Among them, Silibinin was highlighted for the high similarity to the withdrawn
drug Plicamycin although it was regarded as a promising drug candidate with a lower toxicity in existing reports. In summary,
the network approach integrated with cheminformatics could provide drug safety indications effectively, especially for compounds
with unknown targets or mechanisms like natural products. It would be helpful for drug safety surveillance in all phases of drug
development.

1. Introduction

Drug safety is always a major problem during all the phases
of drug development, and its importance has been empha-
sized in recent years since some approved drugs have to
be withdrawn due to severe adverse effects even in the
postmarketing phase [1–7]. Although the Food and Drug
Administration (FDA) would do drug safety surveillances
by report collections on FDA drug safety communications
and make consequent decisions on such approved drugs
with unexpected safety problems including warnings and
withdrawals [8], it should be more efficient for patients and
pharmaceutical industry to minimize therapeutic risks if
predictive approaches could be used to assess drug safety in
the preclinical phase. In fact, there are already some drug

safety predictive approaches developed to this end, which can
be roughly divided into quantitative methods and qualitative
methods. For the former, toxicologically based QSARs are a
typical method to estimate the toxicity of new compounds
using the model of a training set of chemicals with known
drug-target interactions [9, 10]. Besides, knowledge-based
toxicogenomics is also seen as a potent technology, which
describes the toxicity of a compound through analyzing
responses of the whole genome to the compound at the
protein, DNA, or metabolite level and can combine mea-
surements of cheminformatics, bioinformatics, and systems
biology [11]. However, there is an obvious limitation to
reduce the uses of these methods in in silico toxicological
predictions; that is, they greatly depend on abundant high-
quality experimental data [12]. Thus qualitative methods,
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especially network approaches are beginning to thrive in this
region [13].

A network is defined as a bipartite graph consisting of
nodes to represent molecular objectives and edges to deduce
interactions between nodes, which can describe complex
interaction events like polypharmacology in a thorough way
[14, 15]. Thus, from the network-based viewpoint, toxicity
prediction can be described as the identification of novel
unexpected drug-target interactions by network topology
analysis, machine learning algorithms, cheminformatics, and
bioinformatics measurements [16–18]. Till now, there have
already been a few methods developed based on network
approaches. For example, Campillos et al. constructed a side-
effect similarity network to identify common protein targets
of unrelated drugs, which is only applicable for marketed
drugs with detailed side-effect information [19]. Moreover,
Cami et al. developed a predictive pharmacosafety networks
(PPNs) which trains a logistic regression model to predict
unknown adverse drug events from existing contextual
drug safety information [20]. In addition, Yamanishi et al.
investigated the relationship between chemical space, phar-
macological space, and topology of drug-target interaction
networks to develop a new statistical method to predict
unknown drug-target interactions, which could be extended
to obtain pharmacological information for test datasets with
drug candidates based on their chemical structures [21, 22].
Although such existing network approaches are not perfect,
it seems quite promising that they are appropriate for drug
safety studies and even could be used routinely at all phases
of drug discovery. There is hence a great incentive to develop
improved network-based methods capable of detecting drug
side effects efficiently.

Despite of these predictive methods mentioned above,
there have not been special concerns on safety surveillance
against medicinal natural products. As we know, traditional
Chinese medicine (TCM) has been used in multiple clinical
therapies for over 3,000 years, but even till now, there are
still sparse research data on effective compositions, biological
mechanisms, and adverse drug reactions derived by TCM
formulas. Although TCM is regarded as an enormous source
for drug discovery which contributes to a lot of anti-
inflammatory drugs and anticancer ones, it does not mean
that TCM is absolutely safe [23–28]. Presently, therapeutic
risks by TCM components have been reviewed owing to
the notorious aristolochic acids which were originally used
to treat arthritis, rheumatism, hepatitis, and diueresis for a
long time but were lately discovered to cause irreversible
nephropathy and cancer in humans [29, 30]. Thus it reminds
us that the critical problem of pharmacovigilance on active
ingredients from TCM formulas should be focused immedi-
ately.

To this end, in this study, we firstly constructed a series
of networks based on data from the DrugBank database and
applied network topology analysis integrated with chemin-
formatics for drug safety indications [31], including drug-
target networks composed by approved drugs with targets
and withdrawn drugs with targets, respectively, and a drug-
drug network consisting of approved drugs and withdrawn
drugs by the same targets. Then 47 approved drugs with

potential therapeutic risks were identified and 34 of them
were verified to have already been withdrawn in some
countries and regions or in the discontinued phase by reports
collection. Ultimately, the approach was applied for an in-
home traditional Chinese medicine (TCM) database to indi-
cate pharmacovigilance on natural products extracted from
TCM [32]. As a result, 75 natural products with potential
risks in therapy were uncovered, especially a drug candidate
for hepatitis C virus infection therapy in phase III, Silibinin.
Therefore, our method integrating network topology analysis
with cheminformatics was proved to be powerful and could
provide useful pharmacovigilance indications. Particularly, it
is viable to investigate TCM-derived drug safety problem.

2. Materials and Methods

2.1. Datasets. The file for target records, the SDF files of
chemical structures annotated with other properties for
approved drugs, withdrawndrugs, and smallmolecular drugs
were obtained from the DrugBank database, whereas the
structural data for natural products were obtained from the
in-homeTCMdatabase.Then the small molecular drugs data
were used to filter the approved drugs data and thewithdrawn
drugs data to remove nonsmall molecular drugs. SMILES
and 2D chemical structural fingerprint data for the approved
drugs, the withdrawn drugs, and the natural products were
prepared by a cheminformatics platform ChemAxon’s suite
(Academic Version) with default parameters, respectively.
Local python scripts were written to format the data files
appropriate for network constructions.

2.2. Network Constructions and Network Topology Analysis.
drug-target networks consisting of the approved drugs with
targets and the withdrawn drugs with targets were con-
structed with Cytoscape (Version 2.8.2), respectively [33,
34]; then approved drugs and withdrawn drugs by the
same targets were identified and integrated into a new
network. In particular, for the withdrawn drugs, existing
reports were investigated to find out decision factors on
drug withdrawals and exhibited by way of a network. Then
for the approved drug-target network and the withdrawn-
target network, general topology properties were analyzed
by Cytoscape, respectively, while CentiBiN (Version 1.4.3)
was applied to calculate common vertex centralities for each
drug node in the two networks separately [35]. Furthermore,
degree distribution profile of drug nodes in each network was
analyzed by statistics.

2.3. Cheminformatics Application. In the withdrawn drugs-
approved drugs network, such withdrawn drugs that con-
tacted with more than 8 approved drugs were selected for
cheminformatics studies, where pairwise fingerprint simi-
larity values would be calculated by Tanimoto coefficient
measurements [36, 37]. With the definition by Formula (1), 𝑎
and 𝑏 represented occurrences of “1” in binary coded strings
𝑖 and 𝑗, respectively, while 𝑐 was the occurrence of “1” in the
same bit of the two ones. Using 0.7 as the cutoff, the approved
drugs greatly similar to certain withdrawn drugs would be
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Targets

Approved drugs

Figure 1: The network of approved drugs to targets from DrugBank, in which approved drugs are shown with blue filled spots and targets
are exhibited by magenta ones.

picked out for further investigations. Analogously, fingerprint
similarity values of natural products from the TCM database
against all approved drugs and withdrawn drugs from the
DrugBank database were calculated, respectively. For each
natural product, hit withdrawn drugs or approved ones
would be recorded only when the corresponding Tanimoto
coefficients were more than 0.7:

SimTanimoto =
𝑐

𝑎 + 𝑏 − 𝑐

. (1)

3. Results

3.1. General Network Topology Analysis on Drug-Target Net-
works. According to existing information from the Drug-
Bank database, we constructed the approved drug-target
network and the withdrawn drug-target network, respec-
tively (Figures 1 and 2). For the former, there are 2889

nodes in total including 1411 drug nodes, whilst there are
totally 172 nodes involving 66 drug nodes for the latter.
Then general topology properties of the two networks were
analyzed for comparisons (Table 1), which adopted multiple
characteristics to describe the profile of a network based on
graph theory like connectivity, heterogeneity, and centrality
[38, 39]. In particular, some topology properties like the
shortest paths value obviously depended on the size of each
network, so only the ones which are unrelated to sizes or can
be regularized by ratios would be discussed below.

In details, isolated nodes in the two networks were
noticed first, which made the graphs not connected. Fur-
thermore, it was observed that they were all drug nodes
without any associated target nodes. Twenty-three isolated
nodes (34.85% of 66 drug nodes) were found in the with-
drawn drug-target network, whereas the approved drug-
target network possessed a fewer portion of 9.28% (131
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Withdrawn drugs

Targets

Figure 2:The network of withdrawn drugs to targets fromDrugBank, where withdrawn drugs are represented by blue filled spots and targets
are shown with magenta ones.

ones out of 1411 drug nodes). Besides, all 172 nodes in the
withdrawn drug-target network constituted 44 connected
components, which on the other handmeant that a connected
component had nearly 4 nodes on average, while 2889 ones
in the approved drug-target network only made up 217
ones (averagely 13 nodes in a connected component). This
observation virtually reflected that nodes in the approved
drug-target network were prone to possess more contacts to
each other. Moreover, the withdrawn drug-target network
had smaller measurements of the characteristic path length
(2.914) and the network diameter (7) but a larger network

centralization value (0.107), whilst the ones for the approved
drug-target network were 7.510, 23, and 0.054. Theses results
together implicated that the withdrawn drugs were more
centralized to fewer targets, even no targets, while approved
drugs were more discrete to more targets. Consistent with
the surmise above, the higher network density (0.011), the
lower network heterogeneity (1.345) and average number of
neighbors (1.849) for the withdrawn drug-target network
also suggested that nodes in this network are inclined to be
crowded in certain regions with fewer interactions to each
other and thus exhibited lower irregularity.
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Figure 3: Degree distribution statistics for nodes of withdrawn drugs (a) and approved drugs (b) in corresponding drug-target networks,
respectively.

Table 1: The general network topology analysis on the withdrawn
drug-target network and the approved drug-target network by
Cytoscape.

Topology properties
Withdrawn
drug-target
network

Approved
drug-target
network

Clustering coefficient 0.0 0.0
Connected components 44 217
Network diameter 7 23
Network radius 1 1
Network centralization 0.107 0.054
Shortest paths 2902 5673774
Characteristic path length 2.914 7.510
Avg. number of neighbors 1.849 3.801
Number of nodes 172 2889
Number of drug nodes 66 1411
Network density 0.011 0.001
Network heterogeneity 1.345 1.874
Isolated nodes 23 (34.85%) 131 (9.28%)
Number of self-loops 0 0
Multiedge node pairs 0 0

3.2. Vertex Centralities Studies on Drug-Target Networks.
Furthermore, common vertex centralities for nodes in the
two networks were calculated by CentiBin to find more clues
[40, 41]. Firstly, degree for each node was measured, and the
ones for drug nodes were extracted for degree-distribution
investigations in statistics. as illustrated in Table 2 and
Figure 3, the withdrawn drug nodes had lower degrees on
average and most of them (59.09%) only contacted to 2
target nodes, even less, which validated the lower network
heterogeneity and average number of neighbors for the
withdrawn drug-target network measured aforementioned

Table 2: Degree distribution statistics of drug nodes in the with-
drawn drug-target network and the approved drug-target network,
respectively.

Degree distribution Withdrawn drug
nodes

Approved drug
nodes

Drug nodes in total 66 1411
Average degrees 2.409 ± 3.742 3.891 ± 6.569
Degree ≤ 2 59.09% 37.42%
2 < degree ≤ 4 16.67% 30.26%
4 < degree ≤ 6 12.12% 11.91%
6 < degree ≤ 20 12.12% 18.57%
Degree > 20 0 1.84%

from another point of view. By contrast, approved drug nodes
had more interactions with targets, where 63.58% of them
contacted to more than 2 targets, especially 1.84% of them
could form associations to more than 20 target nodes.

To calculate other vertex centralities planted in the
CentiBiN, the two networks were formatted into connected
graphs according to the indications by CentiBiN; thus,
isolated nodes and unconnected components were removed
and only 45 nodes (17 drug nodes) and 2382 ones (1120
drug nodes) were retained, respectively. Consequently, data
from the two networks decreased greatly, especially the
one from the withdrawn drug-target network, which was
insufficient for further studies but still implied an inferior
connectivity of the withdrawn drug-target network. The
detailed vertex centralities and network topology prop-
erties with corresponding definitions would be listed in
Table S1 in the Supplementary Material available online at
http://dx.doi.org/10.1155/2013/256782.

Moreover, further surveys were taken to detect corre-
sponding diseases and therapeutic intentions derived by
certain target nodes in the two connected graphs. Firstly,
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28 common ones were extracted, which were almost neuro-
transmitter receptors or transporters distributing in central
and peripheral nervous systems and regulated by agonists or
antagonists to treat diseases including depression, Parkinson’s
syndrome, hypertension, and arrhythmia. Although degrees
of these target nodes differed greatly, they acted as “bot-
tlenecks” in the two networks and the connectivity of the
graphs would be destroyed if without them. In particular,
target nodes with degrees both high in the two networks
implied that these targets had attracted plenty of research
attentions, but risks of results in failures were high as well,
whilst the ones with both lower degrees represented a defi-
ciency of corresponding drugs.Then target nodes which only
existed in the connected graph for the approved drug-target
network were extracted for similar investigations. Among
them, highly connected target nodes (“hubs”) represented
such therapeutic intentions to develop antibacterial, anti-
inflammatory, and antineoplastic agents, which also implied
a lower risk of failure for involved drugs.

3.3. 2D Fingerprint Similarity Measurements in the Derived
Drug-Drug Network. First of all, decisions on the 66 with-
drawn drugs by FDA were collected to find out reasons for
withdrawals. Although detailed withdrawal dates for them
differed greatly ranging from 1961 to 2010, it was found
that all of them were withdrawn due to severe unexpected
adverse effects in postmarketing surveillances (Table S2). As
a result, the withdrawn drug adverse effect network was built.
As illustrated in Figure 4, it was clear that adverse events
like hemopathy, cardiovascular toxicity, neurotoxicity, and
hepatotoxicity occurred most frequently, whilst each drug
mainly induced one adverse event, only two drugs resulted
in syndromes of multiple side effects.

To explore potential toxicities derived by approved drugs
for pharmacovigilance studies, 2D chemical fingerprint sim-
ilarity calculations were introduced into the derived network
for assistance, which involved withdrawn drugs associated
with approved drugs by the same targets. Since the sum
of both drugs against the same target somewhat reflected
the research interests, withdrawn drugs would be selected
for similarity measurements only when they contacted with
more than 8 approved drugs. With the Tanimoto coefficient
of 0.7 as the cutoff, 47 approved drugs were found greatly
similar to withdrawn ones by the same targets in chemical
property topologies. Among them, 34 ones (72.3%) have been
reported to be in the discontinued phase or even banned
in some countries and regions such as Europe, USA, and
Canada, while 13 ones (27.7%) are still available in the market
butwith explicit warnings and strict indications in uses issued
by FDA (Figure 5). The detailed remarks on them would be
exhibited in Table S3 in the supplementary material.

Besides, side effects occurring frequently for each
approved drug of the 47 ones with potential risks were
collected from a side effect database SIDER, which contains
information on marketed medicines and their recorded
adverse drug reactions extracted from dispersed public doc-
uments [42]. Consistent to our investigations above, most of
the drugs were found to have more than one adverse event
records with frequencies in a descending order, especially the

ones which had been discontinued. These results together
reaffirmed the severe drug safety problem in the postmarket-
ing phase, and it should be an important subject in the process
of drug development.The side-effect collections with highest
frequencies for the 47 approved drugs are given in Table S3 in
the Supplementary Material as well.

3.4. Drug Safety Indications on Natural Products. The in-
house traditional Chinesemedicine (TCM)database contains
a collection of 2156 natural products isolated from 85 medic-
inal plants which contributed to several DPP-IV inhibitors
by target fishing and RSK2 inhibitors by a virtual screening
(unpublished) [32]. Most natural products in the database
have physiological activity records but with unknown targets
to elucidate mechanisms of action. Thus, we mapped these
natural products onto the approved drug-target network
and the withdrawn drug-target network by 2D chemical
fingerprint similarity calculations to all drugs, respectively.
With the same definition and cutoff aforementioned, despite
of 988 natural products which did not show high-similarity
measurements to approved drugs or to withdrawn drugs,
1092 natural products (50.65%) were found only similar to
the approved drugs greatly, which suggested that they might
exhibit lower toxicities. Contrarily, 1 natural product was
found only alike to the withdrawn drugs. Particularly, 75
ones (3.48%) possessed highly similar features both to the
approved drugs and the withdrawn drugs, which highlighted
pharmacological activities and potential toxicities simultane-
ously. Consequently, the 75 natural products were extracted
from the database for further investigations, which would be
given in Table S4 with records for similar withdrawn drugs in
the Supplementary Material.

We searched PubMed and ScienceDirect for published
reports about the 75 natural products, but only 25 ones
had corresponding literature. Among them, Silibinin which
is currently under phase III clinical trials for hepatitis C
virus infection therapy had drawn more attentions. In the
2D fingerprint similarity measurements above, Silibinin was
found to possess similar chemical features not only to
the following approved drugs: Nabilone which is used for
control of nausea and vomiting caused by chemotherapeutic
agents in the treatment of cancer [43–45], Hesperetin, that
is, a cholesterol-lowering flavanoid with antioxidant, anti-
inflammatory and anticarcinogenic activities [46–48], and
Propafenone which is used in the treatment of atrial and
ventricular arrhythmias [49, 50], but also to the withdrawn
drug Plicamycin, that is, an antineoplastic antibiotic but has
been withdrawn for a dose-related bleeding syndrome [51–
53].

In accordance with the similarity calculation results,
Silibinin is a flavonolignan extracted from milk thistle seeds,
which showed antiviral efficacy, anti-inflammatory activity,
anticancer effects, protection against experimental ischemic
stroke, and inhibition of A𝛽 peptide aggregation with unclear
mechanisms [54–60]. Presently, there are no reports on
signs of severe toxicity induced by Silibinin, but transient
hyperbilirubinemia and mild sensation of heat with infusion
were found as the most relevant drug-associated side effects
[61, 62]. Combined with our study, although Silibinin was
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Figure 5: Proportion statistics of 47 approved drugs discontinued
versus still launched which are greatly similar to withdrawn ones
with similarity values more than 0.7, in which discontinued ones are
shown in black with launched ones in red.

regarded as a promising drug candidate with a lower toxicity
in existing researches, it should be highlighted with the
adverse event on hemopathy in progressive clinical surveil-
lances, especially for the old and infants or people with weak
metabolism abilities.

4. Discussion

Modern drugs were originally designed for specific targets
according to the traditional “one drug, one target, one
disease” paradigm. However, drugs may exhibit “off-target”
pharmacology, which would result in new therapeutic inten-
tions or unexpected side effects.Thus, network pharmacology
model was advocated to elucidate the complexity of biological
interaction processes by way of drug-target networks, drug-
disease networks, and so on [15]. In this study, based on
discrepancies between the approved drug-target network and
the withdrawn drug-target network reflected by multiple
network topology properties, it is obviously observed that
approved drugs tend to contact with more targets, each of
which can interact with 3.891 targets on average. In the
meantime, “hot” targets only connected by approved drugs
mainly distribute in areas of antibacterial, anti-inflammatory,
and antineoplastic therapies, while the ones both associated
with approved drugs and withdrawn drugs locate in central
and peripheral nervous systems for the treatment of diseases
such as depression, Parkinson’s syndrome, hypertension, and
arrhythmia. This observation would give useful guidance for
the research intentions on concrete targets considering risks
of failure for involved drugs. Accordingly, combining the
results together, it is clear that the network based approach
could provide useful information to retain a balance between
multiple targeted drug design and adverse side effects, espe-
cially in certain therapeutic areas.

Besides, integrated with 2D chemical fingerprint similar-
ity calculations, the two drug-target network models could
be used to predict potential targets or pharmacovigilance
for marketed drugs or unknown compounds based on
their chemical structures. In particular, we investigated drug
safety problems induced by natural products extracted from
known medicinal plants. As we know, natural products have
played a pivotal role in the development of chemotherapies,
but for most ones, both bioactive mechanisms and safety
boundaries are not known very clearly. Thus with structural

chemical features as mediums, mapping of natural products
onto the two drug-target networks would provide more
information for elucidations. In cases of natural products
from the in-house TCM database, it is observed that they
exhibit certain diversity in structures (45.83% of them with
Tanimoto coefficient <0.7 against all drugs) which would
largely expand the chemical space, whilst 54.17% of them
could be selected by chemical similarity measurements for
potential pharmacovigilance explorations.

From a technical viewpoint, for the similarity calculation,
if 3D geometric shape measurements or other sophisticated
functions such as the ones using information mining of
medical literature could be considered [63–66], the perfor-
mance of the method would be better or it would provide all-
around information. However, in fact, active conformations
of most drugs interacting with targets are not ascertained
well. Thus, it could be another major problem to calculate
similarity values between conformation sets which would
not only exhaust computational sources but also introduce
more uncertainties. Moreover, there are few available phar-
macology reports on natural products which make it difficult
to adopt text mining approaches. Therefore in our studies
herein, we tried to simplify these problems and just indicated
potential therapeutic risks by drugs qualitatively.

Lastly, compared to adverse drug reaction prediction
methods based on sole similarity measurements such as the
famous similarity ensemble approach (SEA) [67–71], our
methods combined both the advantages of network analysis
and cheminformatics, which can not only discover potential
side-effect events but also reveal topology properties of
targets corresponding to diseasemodules or pathways.There-
fore, it would provide all-around information for drug safety
surveillance from the viewpoint of network pharmacology
instead of a sole target.

5. Conclusion

To detect the discrepancies between approved drugs and
withdrawn drugs, drug-target information from the Drug-
Bank database was regularized to construct drug-target
networks, and network topology measurements were taken
to analyze them. In particular, connectivity-corresponding
properties like degrees, connected component numbers,
and average neighbor numbers were highlighted because
they differentiated each other greatly, which suggested that
approved drugs were prone to interact with more targets on
average. Then, the withdrawal reasons of these withdrawn
drugs were investigated, and it was found that all of them
failed due to unexpected adverse effects. Besides, with the
chemical structures of withdrawn drugs as probes, 2D fin-
gerprint similarity calculations were adopted for approved
drugs and natural products from an in-house TCM database
for pharmacovigilance studies, respectively. Consistent with
sequent text mining from existing reports, this method was
found efficient to provide drug safety indications, especially
for compounds with unknown targets or mechanisms like
natural products. It is the first time that pharmacovigilance
on natural products in large scale is focused and evaluated
by network-based approaches. We believe that the network
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approach integrated with cheminformatics measurement
would be quite useful for drug safety surveillance in all phases
of drug development.
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Xiao-Xu-Ming decoction (XXMD) is an effective prescription in the treatment of ischemic stroke, but the mechanisms involved are
not well known. In the present study, 120 male Sprague-Dawley rats were randomly divided into 5 groups: sham control (sham),
ischemia and reperfusion (IR), and IR plus 15, 30, and 60 g/kg/day XXMD. The stroke model was induced by 90min of middle
cerebral artery occlusion followed by reperfusion. The brain lesion areas were evaluated by 2,3,5-triphenyltetrazolium chloride
staining, and neurological deficits were observed at different time points after reperfusion. Blood-brain barrier (BBB) disruption
was evaluated by assessing brain water content and Evans blue content. Pathological changes in BBB ultrastructure were observed
with transmission electronmicroscopy.MMP-9, -2, andVEGF expression levels were quantitatively determined bywestern blotting
and immunohistochemistry. We found that XXMD (60 g/kg/day) treatment reduced cerebral infarct area, improved behavioral
function, and attenuated ultrastructure damage and permeability of BBB following ischemia and reperfusion. Moreover, XXMD
downregulated the expression levels of MMP-9, -2, and VEGF. These findings indicate that XXMD alleviates BBB disruption and
cerebral ischemic injury, which may be achieved by inhibiting the expression of MMP-9, -2, and VEGF.

1. Introduction

Stroke is a major cause of death and disability worldwide.
Numerous researchers have suggested, based on new theories
and results, that the stroke therapeutic strategy should shift
its focus from neuroprotection of neurons to protection of
the neurovascular unit [1–3]. The blood-brain barrier (BBB),
a vital element of the neurovascular unit, consists of brain
microvessel endothelial cells (BMECs), capillary basement
membranes, astrocyte endfeet, endothelia tight junctions,
and pericytes [4]. Recent experimental studies indicated that
BBB dysfunction was associated with many neurological
diseases, such as stroke and Alzheimer’s disease [4]. Cerebral
ischemia and reperfusion can cause disruption to the BBB
[5, 6], with damage to the components of the BBB resulting
in an increase in its permeability.

Matrix metalloproteinases (MMPs), a metalloproteinase
subfamily, play a crucial role in regulating the activation
of growth factors, signaling molecules, and death receptors.
They also attack the extracellular matrix, basal lamina, and
tight junctions of endothelial cells [7]. Mounting evidence
indicates thatMMPs, in particularMMP-9 and -2, contribute
to BBB disruption and vasogenic edema, hemorrhagic trans-
formation, and cell death induced by cerebral ischemia and
reperfusion [7–10].

Vascular endothelial growth factor (VEGF) plays an
essential role in angiogenesis. However, VEGF, as a crucial
vascular permeability factor, has other effects. For example,
VEGF drives BBB disruption and leads to brain edema at the
acute phase of stroke [11, 12], and inhibition of endogenous
VEGF reduces secondary ischemic brain damage [13–15].
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Xiao-Xu-Ming decoction (XXMD) has been widely used
in China in the treatment of cerebral diseases for more than
1,000 years. Recently, XXMD has been shown to protect
against cerebral ischemic injury and dementia [16–20]. How-
ever, the effects of XXMD on BBB disruption are unknown.
Thus, in the present study, we sought to investigate the effects
of XXMD on cerebral ischemia and reperfusion injury and
to determine whether XXMD could attenuate BBB disrup-
tion by inhibiting the expression of MMP-9, MMP-2, and
VEGF.

2. Materials and Methods

2.1. Preparation of XXMD. The XXMD consists of 12 crude
drugs, includingHerba Ephedrae, cassia twig, Radix Paeoniae
Alba, Rhizoma Chuanxiong, Radix Ginseng, Radix Stephaniae
Tetrandrae, Radix Scutellariae, Semen Armeniacae Amarum,
Radix Aconiti Praeparata, Radix Glycyrrhiza, Radix Lede-
bouriellae, and fresh Rhizoma Zingiberis Recens at a ratio of
1 : 1 : 1 : 1 : 1 : 1 : 1 : 1 : 1 : 1 : 1.5 : 5.The crude drugswere purchased
from TCM Pharmacy of Zhongshan Hospital, Fudan Uni-
versity. After the first decoction, conducted for 1 h in a 1 : 10
(w/v) drug : water ratio, the suspension was gauze filtered.
Water was added for the second decoction, which lasted
1 h and which was followed by a third decoction for 1 h.
The gruffs were soaked in 75% ethyl alcohol for 24 h, and
the liquid was preserved. The filtered and mixed suspension
from the three decoctions was collected and centrifuged at
2000×g for 20min to obtain a suspension for the subsequent
preparation. Dehydrated alcohol was added slowly with fast
agitation until the concentration reached 75% alcohol (v/v).
The solution was stirred overnight and the precipitate was
discarded. The suspension and the liquid acquired from the
gruffs were merged and centrifuged at 2000×g for 20min,
then concentrated to a final concentration of 2 g/mL (w/v).
The alcohol was recovered simultaneously with a rotary
evaporator. Finally, the liquid was autoclaved and stored at
−20∘C until use.

2.2. Animals. All experiments were performed on adult male
Sprague-Dawley rats (Experimental Animal Center, Zhong-
shanHospital, FudanUniversity, China) weighing 230–280 g.
One hundred twenty rats were kept in groups of four and
maintained on a 12:12 h light:dark cycle at a constant room
temperature of 21∘C with free access to food and water. The
experimental protocols and animal handling procedureswere
approved by the Animal Care and Use Committee (ACUC)
of Fudan University and were consistent with the National
Institutes of Health Guide for the Care and Use of Laboratory
Animals.

2.3. Drug Administration and Experimental Design. For
XXMD treatment, the common human daily dose of XXMD
is 165 g/75 kg bodyweight [21]. According to the formula:
𝑑rat = 𝑑human × 0.7/0.11, the common dose of XXMD in rat
should be 14.2 g/kg/day. In general, the drug tolerance of a
rat is higher than that of human [21], we therefore selected
15, 30, and 60 g/kg/day as the low, medium, and high dosages

in the present study, respectively. Rats were randomly divided
into 5 groups: sham control (sham), ischemia and reperfusion
(IR), and IR plus XXMD15, XXMD30, and XXMD60. The
rats in the XXMD-treated groups were orally administered
the corresponding doses of XXMD, and other rats were
given the same volume of normal saline. All treatments
were performed twice a day at 8:00 and 18:00 for 3 days
before the operation and drug administration was continued
until animal sacrifice at the conclusion of the experiment.
The experimental design of the current study is shown in
Figure 1.

2.4. Focal Cerebral Ischemia andReperfusion. The focal ische-
mia was induced by left middle cerebral artery occlusion
(MCAO) according to previously described methods with
minor modifications [22, 23]. The ischemia and reperfusion
induction was performed by an operator blind to the animal
grouping. Briefly, the rats were anesthetized with 10% chloral
hydrate (350mg/kg, intraperitoneal (i.p.) injection). After the
skin incision, the left common carotid artery (CCA) was
exposed and carefully separated from nerves and tissue. The
external carotid artery (ECA) and internal carotid artery
(ICA) were dissected gently. The ECA was clipped, the ECA
stump was stretched and aligned with the ICA, and a nylon
monofilament was inserted. At this time, the microvascular
clip was removed and the thread was advanced until it
was about 20mm from the CCA bifurcation. During the
course of the surgery, the rectal temperature, blood gases,
and cardiovascular rate of each rat were monitored and
maintained. Reperfusion was initiated by withdrawal of the
monofilament after 90min of ischemia. In this study, the rats
in the sham group were subjected to the same operation,
but the monofilament was not inserted. The other rats in
the IR group and the XXMD-treated groups underwent
reperfusion following 90min of cerebral ischemia. Dur-
ing the experiments, 19 rats subjected to focal cerebral
ischemia and reperfusion died, and the main causes of death
were cerebral infarction with hemorrhage or subarachnoid
hemorrhage.

2.5. Quantification of Ischemic Infarct Area and Hemispheric
Swelling. Twenty-four hours after reperfusion, the cerebral
ischemic infarct areas were evaluated by 2,3,5-triphen-
yltetrazolium chloride (TTC; Sigma-Aldrich, St. Louis, MO,
USA) staining. Briefly, the rats were sacrificed under deeply
anesthesia, their brains were quickly removed on ice, and
placed at −20∘C for 15–20min. Brains were sectioned into 6
coronal slices of 2mm thickness and stained with 1% TTC
solution in the dark for 20min at 37∘C. Finally, the tissues
were fixed in 4% paraformaldehyde (in 0.1M phosphate
buffer, pH 7.4), and the percentage of cerebral infarct area was
calculated 24 h later with microscope image analysis software
(Image-Pro Plus, USA) according to the formula: [contralat-
eral hemisphere area − (ipsilateral hemisphere area − infarct
area)/contralateral hemisphere area] × 100%. Hemispheric
swelling was assessed in slices stained by TTC according
to the formula: 100% × (ipsilateral volume − contralateral
volume)/contralateral volume [24, 25].
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Figure 1: Diagram showing the experimental design of the present study. The rats (𝑛 = 120) were randomly divided into 5 groups. Different
doses of XXMDwere orally administered to rats in theXXMD-treated groups for 3 days prior to the operation until the end of the experiments.
And the others were given the distilled water.The rats in the IR and XXMD-treated groups were subjected to reperfusion following 90min of
middle cerebral artery occlusion, while the rats in the sham group underwent the same surgical procedure without monofilament occlusion.
Brain tissues were collected for subsequent investigations, such as TTC staining, evaluation of brain water content, BBB leakage and BBB
ultrastructure changes, western blot analysis, and immunohistochemistry. In addition, behavioral tests were performed at the indicated time
points.

2.6. Behavioral Observations. Cerebral ischemia and reperfu-
sion can causemotor asymmetry. In the present study, behav-
ioral observations involving three tests were performed by
two investigators who were unaware of the animal grouping
at different time points after reperfusion. Rats were gently
handled and trained daily for 3 days before the operation to
accustom the animals to being handled.

2.6.1. Neurological Deficit Scores. Neurological examinations
were performed at 0, 1, 3, 5, and 7 days after reperfusion.
The neurological deficits were assessed on a 5-point scale
described by Longa et al. [22] as follows: 0 = no deficit; 1 =
failure to extend left forepaw; 2 = circling to the left; 3 = falling
to the left; 4 = no spontaneous walking with a depressed level
of consciousness. In the study, 5 rats that underwent MCAO
without any detectable neurological deficits were excluded
from the following investigations and analysis to exclude
operative failures.

2.6.2. Vibrissae-Elicited Forelimb Placing Test. This test was
performed as previously described with slight modifications
[26–28]. Briefly, when the vibrissae on each side of each rat
were gently brushed against the edge of a table, they reflex-
ively placed their forelimbs on that side onto the countertop.
However, the reflex could not be induced contralateral to the
ischemic injury. The reflex was tested 20 times on each side
per trial, and two trials were performed per test session. If
muscle tension or struggling occurred, the rats were held and
stroked until they relaxed and the trial was resumed. The
number of vibrissae stimulations in which a paw placement
occurred was counted, and the percentage was calculated.

2.6.3. Tail Hang Test. Tail hang tests were assessed at different
time points according to the method described by Zhao et al.
and Borlongan et al. [27, 29] with minor modifications. Each

rat was lifted 5–10 cm above the table. An ischemia-damaged
rat will immediately turn to the right side. The large right
turn is accompanied by a twisting of the body and a raise
of the head toward the holding hand. “Turns” were counted
when the angle reached 90∘C ormore. Smaller turns were not
counted.The rat was lifted no more than 5 s on each trial and
was released for a few seconds before the next trial. The test
was repeated 20 times per testing day.The percentage of trials
during which a right turn occurred was calculated.

2.7. Brain Water Content Measurement. Brain water content
was measured with the dry-wet weight method 24 h after
reperfusion. After being anesthetized, the animals were sac-
rificed, and the brain tissues were removed and separated
into ischemic and nonischemic hemispheres, which were
immediately weighed to obtain the wet weight (WW). Then
the tissues were placed in an oven at 100∘C for 24 h and re-
weighed to obtain the dry weight (DW). The brain water
content was assessed with the following formula: 100% ×
(WW−DW)/WW.

2.8. BBB Integrity. To measure BBB permeability, the Evans
blue content was assessed. Briefly, 2% Evans blue solution
(4mL/kg), dissolved in normal saline, was administered
intravenously at 23 h after reperfusion. The rats were deeply
anesthetized 1 h later and transcardially perfusedwith normal
saline to wash away the remaining dye in the blood vessels.
Ischemic and nonischemic hemispheres were dissected and
weighed. The ischemic brain tissues were placed in for-
mamide (1mL/100mg) at 55∘C for 24 h. Finally, the absorp-
tion of the tissue was calculated at the 620 nm wavelength
with a luminescence spectrometer (Flex Station 3, Molecular
Devices, Sunnyvale, CA, USA) according to the standard
curve of Evans blue content, with formamide as negative
control.
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2.9. Ultrastructural Alterations of BBB. Transmission elec-
tron microscopy was used to determine BBB ultrastruc-
tural alterations. Rats were deeply anesthetized and tran-
scardially perfused by normal saline followed by cold
1% glutaraldehyde/3% paraformaldehyde solution 24 h after
reperfusion.The brain tissues were removed and postfixed in
the above solution. Coronal sections of 1.0m3 in volume and
located 1.2mm to 0.2mm rostral to bregma were prepared
to obtain the peri-infarct tissue of the ipsilateral cortex. The
tissue was postfixed in 2% osmium for 1.5 h, dehydrated, and
embedded in Epon 812 Resin (TAAB, Berks, UK). Ultrathin
(0.06𝜇m) sections were cut with a diamond knife, stained
with uranyl acetate and lead citrate, and observed with an
electron microscope (H-7100S; Hitachi, Tokyo, Japan).

2.10. Western Blotting Analysis. Western blotting was used
to assess the expression levels of MMP-9, MMP-2, and
VEGF 24 h after cerebral ischemia and reperfusion. The
ischemic hemisphere tissues were prepared in lysis buffer
with protease inhibitors (Beyotime, Haimen, Jiangsu, China)
and centrifuged at 13,000×g for 5min. The supernatant was
collected. Protein concentrations were determined with a
BCA kit (Beyotime). Fifty micrograms of protein solution
were separated by electrophoresis in different concentrations
of polyacrylamide gel and transferred to polyvinylidene
fluoride membranes (Millipore, Bedford, MA, USA). After
blocking for 2 h with a 5% solution of skim milk, prepared
with Tris-buffered saline with 0.1% Tween-20 (TBST), the
primary antibodies polyclonal rabbit anti-MMP-9, -MMP-
2, and -VEGF (all diluted 1 : 1000; Abcam, HK, China) were
incubated with the membranes at 4∘C overnight. The mem-
branes were incubated with the secondary antibody conju-
gated with horseradish-peroxidase (Beyotime) after washing
with TBST three times for 10min each.The targeted antigens
were detected by standard chemical luminescence methods
(Beyotime) with Fluor Chem FC2 gel imaging system (Alpha
Innotech, Santa Clara, CA, USA). The expression of the
targeted proteins was determined by using the GADPH
protein as a loading control. Western blots were duplicated
with three independent sets. Band intensities were measured
withQuantityOne software (Bio-Rad Laboratories, Hercules,
CA, USA).

2.11. Immunohistochemistry. Immunohistochemical staining
was used to evaluate whether treatment with XXMD changes
the expression of MMP-9, MMP-2, and VEGF after cerebral
ischemia and reperfusion. Rat brain tissues were postfixed in
4% paraformaldehyde for 24 h and then immersed in 30%
sucrose solution with phosphate buffer saline (PBS, pH 7.4)
for 24 h. Coronal sections (10𝜇m thick) at the level of the
anterior commissure in the infarct region were obtained.
For immunohistochemistry, sectionswere deparaffinized and
incubated with 0.3% H

2
O
2
in PBS. After blocking with 5%

normal goat serum, the sections were incubated with rabbit
polyclonal anti-MMP-9 antibody (diluted 1 : 100; Abcam),
anti-MMP-2 antibody (diluted 1 : 300; Abcam), or anti-VEGF
antibody (diluted 1 : 100; Abcam) at 4∘C overnight. After
washing in PBS, the sections were incubated with the

secondary antibody conjugated with horseradish-peroxidase
(Beyotime) for 1 h at 37∘C, and then visualized using 3,3-
diaminobenzidine tetrahydrochloride (DAB kit; Beyotime)
The sections were photographed and observed with a light
microscope (Olympus/BX51, Tokyo, Japan).

2.12. Statistical Analysis. Values are shown as the means ±
standard error of the mean (SEM). Differences in quanti-
tative data obtained from cerebral infarct area, hemispheric
swelling, behavioral tests, brain water content, BBB integrity,
and integrated densities of protein bands from western blots
were evaluated by one-way analysis of variance (ANOVA)
followed by Student’s 𝑡-test and post hoc Fisher’s tests.
𝑃 < 0.05 was considered statistically significant. Statistical
analysis was performed with SPSS version 11.5 for Windows
(SPSS, Chicago, IL, USA).

3. Results

3.1. XXMD Reduced Cerebral Infarct Area and Hemispheric
Swelling. Cerebral infarct area and hemispheric swelling,
induced by MCAO, were evaluated through the use of TTC
staining. XXMD (30 g/kg/day and 60 g/kg/day) significantly
reduced both the infarct area in the territory of the middle
cerebral artery and hemispheric swelling compared to the IR
group (Figure 2).

3.2. XXMD Improved Neurological Function. The effects of
XXMD on behavioral tests after reperfusion were studied.
Compared to the IR group, theXXMD30 andXXMD60 treat-
ment had significantly reduced neurological deficit scores
at 0, 1, 3, 5, and 7 days after reperfusion (Figure 3(a)). The
forelimb placing of the nonischemic hemisphere induced by
vibrissae brushing was disrupted and gradually improved
from 3 days to 7 days after stroke induction. However,
XXMD30 and XXMD60 treatment notably decreased the
number of contralateral forelimb placements from 1 to 7
days after reperfusion (Figure 3(b)). In the tail test, the
percentage of large right turns was significantly attenuated
in the XXMD30 and XXMD60 groups compared to the
IR group (Figure 3(c)). Thus, these results indicated that
XXMD improved neurological function and motor asymme-
try induced by ischemia and reperfusion.

3.3. XXMD Reduced Brain Water Content and BBB Dis-
ruption. Brain water content and Evans blue content were
evaluated 24 h after reperfusion. The brains of rats adminis-
tered XXMD (60 g/kg/day) had a lower water content than
those of the IR group. The nonischemic hemispheres were
not significantly different between groups. The Evans blue
content results were similar to those of the brain water con-
tent. BBB disruption occurred and was remarkably increased
24 h after reperfusion. XXMD treatment (60 g/kg/day) sig-
nificantly decreased Evans blue content compared with the
IR group (3.99 ± 0.67 𝜇g/g tissue versus 7.89 ± 0.68 𝜇g/g
tissue) in the ischemic hemisphere. However, there were no
significant differences between the nonischemic hemispheres
of different groups (Figure 4).
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Figure 2: Effects of XXMD on cerebral infarct area and hemispheric swelling 24 h after reperfusion. (a) Representative images of TTC-
stained brain slices. (b) The quantitative analysis of cerebral infarct area. (c) The quantitative analysis of hemispheric swelling. The images
indicated that XXMD remarkably reduced cerebral infarct area and hemispheric swelling. Data are reported as the mean ± SEM, 𝑛 = 4 for
each group.∗𝑃 < 0.05 versus the IR group.
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Figure 3:The behavioral tests of the 5 groups at different time points. (a)The neurological deficits test. (b)The vibrissae test. (c)The tail hang
test. The results indicated that XXMD significantly improved neurological function in injured rats. Data represent the mean ± SEM, 𝑛 = 4-5
for each group. ∗𝑃 < 0.05 versus the XXMD30 and XXMD60 groups.

3.4. XXMDAttenuated the Changes in the BBBUltrastructure.
Transmission electron microscopy was used to detect BBB
ultrastructural alterations. The cortical microvessels in the
sham group were normal, with a continuous basal lamina,
regular endothelial cells, and astrocyte endfeet. However, a
series of changes indicative of BBB disruption were observed
in the IR group. For example, the capillary lumenwas deflated
and edema was easily detected around the capillary. In addi-
tion, astrocyte endfeet surrounding the capillaries appeared
markedly swollen, and some showed vacuolar changes. The
tight junctions between endothelial cells were unclear, and
swollen Golgi complexes were observed.These damages were
alleviated in the XXMD60 group; the integrity of the capillary
endothelium was almost normal with a regular capillary
lumen and continuous base membrane. Furthermore, the
edema around the capillary and the swelling of astrocyte foot
processes were decreased (Figure 5).

3.5. XXMD Downregulated the Expression of MMP-9, MMP-
2, and VEGF. Western blotting was used to investigate
the expression levels of MMP-9, MMP-2, and VEGF 24 h
after reperfusion. The results and subsequent analysis of the
western blots showed that MMP-9, MMP-2, and VEGF were
increased after ischemia and reperfusion. However, XXMD
treatment (30 and 60 g/kg/day) blocked the increases in
MMP-9, MMP-2, and VEGF expressions (Figure 6), suggest-
ing that reducing the increased levels of these proteins may
be one of the mechanisms underlying the neuroprotection of
XXMD against BBB disruption and ischemic injury.

3.6. XXMD Reduced the Distribution of MMP-9, MMP-2,
and VEGF. The next experiments were used to study the
distribution of MMP-9, MMP-2, and VEGF in the ischemic
cortex by immunohistochemistry. Extensive ischemic dam-
age was evident in these regions. In the sham group, there was
almost no MMP-9 immunostaining in the cortex. However,
in the IR group, it was intense and mainly localized to
the cytoplasm of neurons and glial cells, though cerebral

vessels were also notably stained. Most cells showed ischemic
changes. However, MMP-9 staining was less intense in the
XXMD60 group compared with the IR group (Figure 7(a)).

TheMMP-2 immunostaining results were similar to those
ofMMP-9. In the sham groups,MMP-2 immunostaining was
mainly localized to the cytoplasm of a few glial cells and
to neurons with normal morphological appearance. Twenty-
four hours after reperfusion, MMP-2 immunostaining was
increased and many neurons in the ischemic cortex showed
ischemic changes, such as shrinkage of the nucleus and
cytoplasm, in an area in which many ischemic neurons,
glial cells, and cerebral vessels were clearly stained. Although
MMP-2 staining was intense in the XXMD60 group, the
extent was reduced compared to that of the IR group, and
the majority of positive cells were glial cells and neurons, the
number of which was less than the IR group (Figure 7(b)).

VEGF immunostaining was absent in the sham rat
cortex. However, in the IR group, VEGF immunostainingwas
increased and intensely located in ischemic cerebral vessels,
neurons, and reactive astrocytes. VEGF immunostaining
was weaker in the XXMD60 group than in the IR group
(Figure 7(c)).

4. Discussion

In the present study, we demonstrated that XXMD treat-
ment significantly attenuated neurological injury induced
by cerebral ischemia and reperfusion. XXMD reduced the
cerebral infarct area and hemispheric swelling and improved
behavioral function. Furthermore, the data showed that
XXMD treatment attenuated BBB disruption, which may
be associated with the downregulation of the expression of
MMP-9, MMP-2, and VEGF. XXMD may protect against
cerebral ischemia and reperfusion injury by reducing the
levels of these proteins.

BBB, which is essential for the function of the central
nervous system, plays an important role in the maintenance
of homeostasis [30]. BBB disruption is induced at the onset
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Figure 4: Brain water content and Evans blue content 24 h after reperfuison. (a) The quantitative analysis of brain water content. (b)
The quantitative analysis of Evans blue content. (c) Representative images of Evans blue extravasation. The results indicated that XXMD
(60 g/kg/day) treatment attenuated the increase in brain water content and Evans blue content induced by cerebral ischemia and reperfusion.
Data are reported as the mean ± SEM, 𝑛 = 4 for each group. ∗𝑃 < 0.05 versus the IR group.

of cerebral ischemia and reperfusion. When BBB breakdown
occurs, many serum proteins that are detrimental to neurons
pass through the barrier, further worsening brain injury.
The data of the present study consistently indicated that
Evans blue content, as an indicator of BBB permeability,

distinctly increased and that brain edema rapidly formed
at the early stage of ischemia and reperfusion injury. These
events were significantly blocked by XXMD treatment. The
crucial components of the BBB, such as astrocytes and
basement membranes, and the primary barrier, which is
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Figure 5:The ultrastructural variations of the BBB 24 h after reperfusion. (a)The ultrastructure of the BBB in the sham group. Strong integrity
of the basement membrane (A), a clear tight junction (B), and normal astrocyte endfeet (C) were observed. (b)The ultrastructure of the BBB
in the IR group. The edema around the capillary was marked in the IR group, the astrocyte endfeet surrounding the capillaries were swollen
(D), and some endfeet showed vacuolar changes. Moreover, the Golgi complex was swollen (E), the capillary lumen was shrunk (F), and the
tight junction could not be observed in the images. (c) The ultrastructure of the BBB in the XXMD60 group. The edema was mitigated (H)
and a regular capillary lumen, continuous base membrane, and clear tight junction (I) could be found. 𝑛 = 4 for each group. Scale bar = 1𝜇m.
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Figure 6: Effects of XXMDonMMP-9,MMP-2, and VEGF expressions 24 h after reperfusion. (a) Representative protein bands fromwestern
blotting for MMP-9, -2, and VEGF in the penumbra of the ischemic cortex. (b) Integrated density for MMP-9,-2, and VEGF. The expression
levels of MMP-9, MMP-2, and VEGF under XXMD treatment were significantly reduced compared to the IR group. Data are reported as the
mean ± SEM, 𝑛 = 3 for each group. ∗𝑃 < 0.05 versus the IR group.

formed by endothelia cells in capillaries, contribute to the
integrity and physical function of the BBB [31]. However, a
series of changes rapidly occur after reperfusion. The trans-
mission electron microscope images showed marked edema
of astrocyte endfeet and crushed microvessels, changes that

eventually lead to microcirculation dysfunction. XXMD
treatment substantially alleviated the morphological changes
and blocked the decrease in brain blood flow. Therefore, we
conclude that XXMDprotected against disruption to both the
structure and function of the BBB.
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Figure 7: MMP-9, MMP-2, and VEGF immunohistochemistry in the ischemic cortex 24 h after reperfusion. (a) Representative images of
MMP-9 immunohistochemistry in different groups. The images showed intense staining of neurons, glial cells, and cerebral vessels after
ischemia and reperfusion. However, there were fewer stained neurons and glial cells in the XXMD60 group than in the IR group. (b)
Representative images of MMP-2 immunohistochemistry. In the sham group, there was less staining in the cortex. MMP-2 immunostaining
was enhanced 24 h after reperfusion in the IR group. The intensity of the MMP-2 staining was reduced in the XXMD60 group, with only a
small number of strongly stained neurons and astrocytes. (c) Representative images of VEGF immunohistochemistry. There was almost no
staining in the cortex in the sham group. VEGF immunostaining was intensely increased in ischemic cerebral vessels, neurons and reactive
astrocytes in the IR group. In the XXMD treatment groups, VEGF immunostaining was reduced in intensity with a similar pattern for cell
bodies and processes as in the IR group. 𝑛 = 6, scale bar = 20𝜇m.

Following reperfusion, MMPs and free radicals that may
mediate the attack on the capillaries are released [10, 31].
The increase in MMP-9 and -2 degrades tight junction
proteins that strengthen the endothelial cell wall and form
the endothelial barrier. Degradation of these proteins results

in BBB disruption, further vasogenic edema formation, and
neuronal damage in stroke with reperfusion [10, 32, 33].

Angiogenesis is a potent process in stroke. VEGF, a
substantial mediator of angiogenesis, plays bidirectional roles
in different stages of cerebral ischemia and reperfusion.
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Figure 8: The mechanisms underlying the neuroprotection of XXMD against BBB disruption and ischemic injury induced by focal cerebral
ischemia and reperfusion. Briefly, focal cerebral ischemia and reperfusion resulted in increase in MMP-9, MMP-2, and VEGF at the early
stage of cerebral ischemia and reperfusion, which degraded the tight junction proteins or led to tight junction disassembly, further caused
changes to the BBB ultrastructure and increased BBB permeability. Eventually, these alterations led to BBB disruption and ischemic injury,
which includes cerebral infarction, neurological deficits, and brain edema. Interestingly, XXMD administration notably downregulated the
expression levels of MMP-9, -2, and VEGF, further enhanced the tight junction andminimized BBB ultrastructure and permeability changes.
As a result, XXMD administration inhibited BBB disruption and alleviated ischemic injury. The open scissors indicate the effects of XXMD
treatment on cerebral injury following stroke and reperfusion.

It markedly enhances angiogenesis and reduces neurological
deficits during the recovery stage [34, 35]. However, it
not only increases BBB permeability and the incidence of
hemorrhagic transformation but also aggravates secondary
ischemic insults at the acute stage of stroke [36, 37]. Like
MMP-9 and -2, VEGF increases the permeability of the BBB
due to tight junction disassembly [38].

Mounting evidence indicates that VEGF upregulates the
releases and expressions of MMP-9 and -2 [39–42]. In the
current study, we studied the expression levels and dis-
tribution of MMP-9, MMP-2, and VEGF at the same time
point as for Evans blue leakage. The data showed that
MMP-9, MMP-2, and VEGF proteins were upregulated and
markedly expressed by neurons, astrocytes, and cerebral
vessels 24 h after reperfusion. XXMD treatment significantly
inhibited the expressions of MMP-9, MMP-2, and VEGF.
These results support the view that MMP-9, MMP-2, and
VEGF are involved in the BBB breakdown after cerebral
ischemia and reperfusion. Thus, the data further suggested
that XXMD preserved BBB integrity after reperfusion which
may be partly through blocking MMP-9, MMP-2 and VEGF
expressions (Figure 8).

In conclusion, the current study demonstrated that
XXMD, as a drug of multiple targets, improved neurological
function and exerted a protective effect on the BBB by
downregulation of MMP-9, -2, and VEGF after cerebral
ischemia and reperfusion injury.
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Hydroxysafflor yellow A (HSYA) is the main active component of the Chinese herb Carthamus tinctorius L.. Purified HSYA
is used as a neuroprotective agent to prevent cerebral ischemia. Injectable safflor yellow (50mg, containing 35mg HSYA) is
widely used to treat patients with ischemic cardiocerebrovascular disease. However, it is unknown how HSYA exerts a protective
effect on cerebral ischemia at the molecular level. A systematical integrated study, including histopathological examination,
neurological evaluation, blood-brain barrier (BBB), metabonomics, and the nuclear factor-𝜅B (NF-𝜅B) pathway, was applied to
elucidate the pathophysiological mechanisms of HSYA neuroprotection at the molecular level. HSYA could travel across the BBB,
significantly reducing the infarct volume and improving the neurological functions of rats with ischemia. Treatment with HSYA
could lead to relative corrections of the impaired metabolic pathways through energy metabolism disruption, excitatory amino
acid toxicity, oxidative stress, and membrane disruption revealed by 1H NMR-based metabonomics. Meanwhile, HSYA treatment
inhibits the NF-𝜅B pathway via suppressing proinflammatory cytokine expression and p65 translocation and binding activity while
upregulating an anti-inflammatory cytokine.

1. Introduction

Stroke is one of the leading causes of adult disability and death
in developing countries. Vascular cognitive impairment is
recognized as a widespread and preventable syndrome [1].
With the increasingly rapid aging process, cerebrovascular
disease, such as stroke, is a very important public health
and societal problem. The flower of the safflower plant,
Carthamus tinctoriusL., and its extracts have been extensively
used in traditional Chinese medicine for the treatment of
cerebrovascular and cardiovascular diseases [2]. Previous
work has indicated thatHSYA, themain chemical component
of the safflower yellow pigment, can antagonize binding of
the platelet activating factor to its receptor [3], produce
antihypotensive and antithrombotic effects, inhibit platelet
aggregation [4], and exhibit neuroprotective effects after

permanent middle cerebral artery occlusion (pMCAO) in
rats [5, 6]. Injectable safflor yellow (50mg, containing 35mg
HSYA) has been widely used in Chinese medicine, and it
was approved as a new drug by the State Food and Drug
Administration (SFDA) for treating patients with ischemic
cardiocerebrovascular disease in 2005. Moreover, a second
clinical study of HSYA has been approved by the China SFDA
for the treatment of diseases of blood vessels in the brain.
The subchronic toxicity study of HSYA indicated that it is
generally well tolerated [7].

In cerebral ischemia, there is ample evidence for the
activation of the NF-𝜅B [8, 9]. NF-𝜅B induces the expression
of both proinflammatory genes and genes related to apoptosis
[10]. In peripheral cells, NF-𝜅B is crucial for inflamma-
tion reactions [11] but increases excitotoxic damage in the
hippocampus [12]. Although it has been established that
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inflammation contributes to cerebral ischemic injury and that
HSYA is an effective neuroprotectant, it is not known how
HSYA exerts a protective effect at the molecular level and if
it can travel across the BBB. It is also not known if NF-𝜅B is
altered or if the inflammatory factors are affected in order to
achieve neuroprotection.

Metabonomics is a well-established field in systems biol-
ogy [13] and has been applied to observe meaningful and
relevant biochemical changes due to disease, toxicity, nutri-
tion, and other variables [14]. It is an important methodology
for measuring the relative concentrations of endogenous
small molecules in biofluids and characterizing changes in
the metabolites in organisms [15]. Nuclear magnetic res-
onance spectroscopy (NMR) and high-performance liquid
chromatography coupled with multistage tandemmass spec-
trometry (HPLC-MSn) have been used to study such changes,
allowing for metabolite screening to be performed over a
wide range of concentration [9, 13]. Metabonomics studies
can provide invaluable information towards understanding
molecular mechanisms and novel insights into the status of
dysfunction in biological systems.

In this study, the effect of HSYA on the infarct volume
and neurological score of rats with focal cerebral ischemic
injury was investigated. Specifically, an HPLC-MSn method
was developed for detecting HSYA transport across the BBB
in different rat brain tissues after intravenous injection.
Furthermore, a metabonomics method was employed to
characterize the metabolic profile associated with MCAO-
induced cerebral ischemia and observe the protective effects
of HSYA in brain tissue. The metabolic disturbance was
studied using high-resolution magic-angle spinning (HR
MAS)NMR spectroscopy combinedwith pattern recognition
methods. Based on the previous studies, the role of HSYA in
the NF-𝜅B pathway after pMCAO was investigated.

2. Materials and Methods

2.1. Animals. Male Sprague-Dawley (SD) rats, 12 weeks old,
weighing 280–290 g were housed in an environmentally
controlled room and food and water ad libitum. The rats
underwent permanent MCAO as described in Supplemen-
tary Materials (MCAO model construction) available online
at http://dx.doi.org/10.1155/2013/147362 [16]. All protocols in
this study were approved by the Medical Ethic Committee of
Peking Union Medical College and were in accordance with
National Institutes of Health regulations for the care and use
of animals in research.

2.2. Drug Administration. The Carthamus tinctorius samples
were purchased from the Beijing Tongrentang Medicine
Corporation Ltd. (Beijing, China). HSYA was isolated and
purified in our laboratory and confirmed by HRMSn and 1H,
13C NMR (purity > 98%, HPLC). HSYA was dissolved in
normal saline and administrated intravenously (i.v.) at doses
of 10mg/kg (pretreated), 10mg/kg (posttreated), 50mg/kg
(posttreated), and 10mg/kg (5 times posttreated). Pyrrolidine
dithiocarbamate ammonium salt (PDTC, Sigma), a potent

NF-𝜅B suppressor [17], followed the same dosage regimen as
HSYA to be compared to each other at equal pace. Normal
control and the sham-operation animals received vehicle in
the same manner as the drug-treated group.

2.3. Samples. After animal sacrificed, brains were rapidly
removed and immersed in chilled artificial cerebrospinal
fluid (118mM NaCl, 4.8mM KCl, 2.0mM CaCl

2
, 1.2mM

MgSO
4
, 25.0mM NaHCO

3
, and 12.0mM KH

2
PO
4
). The

brain was sectioned into 3mm coronal slices and targeted
brain regions were dissected. All samples were snap-frozen
in liquid nitrogen and stored at −80∘C.The remaining tissues
from the coronal slices were stored in formalin solution
(0.026mMNaH

2
PO
4
, 0.042mMNa

2
HPO
4
, 1.322mMNaCl,

and 9% formaldehyde) for histologic stained.
20–50mg frozen tissue samples was homogenized at

1000 rpm in 6min in mixed solvent (CH
3
CN :H

2
O = 1 : 1).

The supernatants were removed and dried under a stream of
nitrogen before lyophilizing.

2.4. HPLE-MSn Analyses. An Agilent 1100 Series liquid
chromatography system was utilized. HPLC separation was
carried on an Agilent Zorbax SB-C

18
column (2.1 × 150mm,

5 𝜇m) with a Phenomenex C
18

guard column (4 × 20mm,
5 𝜇m); the column was set at 35∘C. The mobile phase was
acetonitrile, 0.1% formic acid water (8 : 92, v/v). The flow rate
was 0.4mL/min, and the effluent was monitored at 275, 320,
and 400 nm.

The ESI-MSn experiment was performed on an Agilent
1100 Series LC/MSD Trap mass spectrometer (Santa Clara,
CA, USA). The ESI conditions were as follows: HV capillary
voltage 3.5 kV, drying temperature 350∘C, drying gas (N

2
)

9.0 L/min, nebulizer gas (N
2
) 50 psi, and capillary exit voltage

−124.8 V (negative).The function of smart fragmentationwas
set on (Smart Frag Ampl was 30%–200%).

2.5. 1H NMR Spectroscopy. Lyophilized brain tissue extracts
weighing 40–80 𝜇g were reconstituted in 50 𝜇L of D

2
O con-

taining 0.1% sodium 3-trimethylsilyl-2,2,3,3-d
4
-propionate

(TSP, an internal standard, 𝛿 0.0 ppm), and 40 𝜇L of each
supernatant was transferred to narrow-mouth 4mm rotors
(Varian Inc., America). 1H-NMR spectra of liver tissues were
recorded using the Carr-Purcell-Meiboom-Gill (CPMG)
pulse sequence, with 256 transients, a spin-echo delay (𝜏) of
400 𝜇s, and a total spin-spin relaxation delay (2n𝜏) of 100ms.
The data were acquired with 128 scans and a spectral width of
8000Hz and digitized into 64K data points by a nano probe
on a Varian INOVA-500 spectrometer (Varian Inc., America)
operating at a proton frequency of 500.13MHz. The samples
were spun at 2-3 KHz and maintained at 300K throughout
the experiment. The FIDs were weighted by an exponential
functionwith a 0.3Hz line-broadening factor prior to Fourier
transformation. Spectra were manually rephrased, and the
baseline was corrected before reducing the data.

The biochemical data were expressed as the mean ± SD of
five rats per group. Statistical analysis was performed using a
one-way ANOVA. A calculated 𝑃 value of less than 0.05 was
considered statistically significant.



Evidence-Based Complementary and Alternative Medicine 3

2.6. Data Analysis. The acquired NMR spectra were refer-
enced to the chemical shift of TSP. Following phase and
baseline correction, the 1H-NMR spectra were automati-
cally reduced to ASCII files using VNMR software (Varian,
Inc.). The spectra were divided into 800 segments, each
of 0.005 ppm wide, over a spectral window ranging from
0.5 to 4.5 ppm. The generated ASCII files were imported
into Microsoft EXCEL for the addition of labels and then
imported into SIMCA-P12.0 (Umetrics, Umeå, Sweden) for
the pattern recognition analysis. Prior to the analysis, the
values of all variables were centered and scaled.

Partial least square discriminant analysis (PLS-DA) was
used to find differential metabolites between groups. PLS-
DA is a frequently used PLS-based classification method
where the response variable is a categorical one (dummy
variables describing the categories) expressing the classmem-
bership of the statistical units. PLS-DA aims to find the
best possible discriminant function (model) that separates
classes of observations based on their 𝑋 variables. When
group separation was not satisfied based on PLS-DA, the
data were further preprocessed using orthogonal partial
least-squares discriminant analysis (OPLS-DA) to remove
linear combinations of variables 𝑋 that were orthogonal to
the 𝑌 vector of the dependent variables, to eliminate the
intersubject variability and describe maximum separation
based on class [18]. Two-dimensional score plots are proved
to be an efficient means of visualizing classification of the
samples and investigating regions of the spectra that were
altered as a result of compound dosing. The corresponding
loading plots were used to identify which spectral variables
contribute to the positioning of samples on the score plot and
hence the variables that influence any observed separation in
the data set.

2.7. Measurement of Infarct Size and Neurological Function.
After 24 h of pMCAO, the neurological deficit score of each
rat was obtained according to Longa’s et al. method [16].
The neurologic findings were scored on a five-point scale:
a score of 0 indicated no neurologic deficit, a score of 1
(failure to extend left forepaw fully) a mild focal neurologic
deficit, a score of 2 (circling to the left) a moderate focal
neurologic deficit, and a score of 3 (falling to the left) a
severe focal deficit; rats with a score of 4 did not walk
spontaneously and had a depressed level of consciousness.
The brain slices were stained with a 2% solution of 2,3,5-
triphenyl tetrazolium chloride (TTC) (Sigma) in saline at
37∘C for 30min and photographed. The volume of infarction
was calculated according to the following formula 𝑉 =
∑
𝑛−1

𝑖=1
((𝐴
𝑖
+ 𝐴
𝑖+1
)/2ℎ), where 𝑉 is the volume of fraction; 𝐴

𝑖

is the infarct area of each slice; and ℎ is slice thickness.

2.8. Western Blot Analysis. Tissues were prepared as
described in a previous report [19]. The blocked membranes
were incubated overnight at 4∘C with primary antibodies
(1 : 400 dilution) against NF-𝜅B p65 or phospho-I𝜅B-𝛼
(Santa). Following 1 h secondary antibody (1 : 5000 dilution)
incubation, the immunodetection was carried out by using

enhanced chemiluminescence detection reagents. 𝛽-action
was used as a loading control.

2.9. RNA Isolation and Semiquantitative NF-𝜅B p65, IL-1𝛽,
and IL-10 RT-PCR. Cerebral cortex RNA extraction was
prepared by using Trizol reagent (Invitrogen). Equal aliquots
of the cDNA were amplified by PCR using specific primers
(provided in supplemental Table 1S) at different cycles (30
cycles for p65, 35 cycles for IL-1𝛽 and IL-10, and 23 cycles
for glyceraldehyde-3-phosphate dehydrogenase (GAPDH)).
PCR products were then separated using a 1.5% agarose gel
by gel electrophoresis, and band intensity was semiquantified
by densitometry using GeneTools (Syngene) gel analysis
software which was normalized by using GAPDH as an
endogenous reference.

2.10. Nuclear Factor Binding Assay. NF-𝜅B DNA binding
activity was assessed using Trans-AM transcription factor
assay kits (Active Motif) according to the manufacturer’s
instructions. Five or ten micrograms of brain tissue nuclear
extracts were added to 96-well plates. Antibody binding was
measured using a luminometer.The specificity of nuclear fac-
tors activation was determined by competition experiments
using wild-type and mutant consensus oligonucleotides pro-
vided with the kit.

2.11. Statistical Analysis. All the results were obtained by a
single experimenter, who was blinded to the experimental
treatment groups and indicated at least three independent
experiments expressing as mean ± SD. The unpaired 𝑡-test
was performed to evaluate statistically significant differences;
statistical significance was set at 𝑃 < 0.05.

3. Results and Discussion

3.1. Effect of HSYA on the Infarct Volume and Neurological
Score. TTC staining was used to evaluate the volume of
infarction to compare the effect of different administrations
of HSYA on pMCAO. As shown in Figures 1(a) and 1(b),
the normal and sham-operated rats did not show any lesions
in either hemisphere. However, 24 h after pMCAO, there
was significant infarction (230 ± 20mm3), as shown in
the TTC-stained coronal brain section. Different treatments
of HSYA, 10mg/kg (pretreated), 10mg/kg (posttreated),
50mg/kg (posttreated), and 10mg/kg (5 times posttreated),
decreased the infarct volume by 21.3% (𝑃 < 0.05), 20.4% (𝑃 <
0.05), 21.5% (𝑃 < 0.05), and 30.9% (𝑃 < 0.01), respectively,
compared to vehicle-treated MCAO rats. Successive admin-
istration of HSYA decreased the infarct volume more signifi-
cantly than a single injection.Therefore, primarily successive
administration ofHSYAwas used in subsequent experiments.

Meanwhile, the time point (24 h) and dosage regimen (i.v.
successive administration, 10mg/kg/30min, 5 times) were
determined; the effect of HSYA and PDTC on the infarct
volume and neurological score after pMCAO was observed.
As shown in Figures 1(c) and 1(d), normal and sham-
operated rats did not show any lesions in either hemisphere,
while 24 h after pMCAO, there was significant infarction
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Figure 1: Effect of different administrations of HSYA and PDTC on infarct volume. (a, b) different administrations of HSYA; (c, d) HSYA and
PDTC. A well-defined pale area was considered to be the infarct in the right hemisphere representative of TTC-stained sections after 24 h of
pMCAO. ##𝑃 < 0.01 compared with sham group; ∗𝑃 < 0.05, ∗∗𝑃 < 0.01 compared with vehicle-treated pMACO group.

(230 ± 20mm3) in TTC-stained coronal brain sections. A
neurological deficit score of 8.16 ± 0.75 was observed in
vehicle-treated MCAO rats (provided in supplemental Table
2S). Clearly, HSYA andPDTC treatment decreased the infarct
volume by 30.9% and 28.4%, respectively, and produced
significant improvements in neurological functions (𝑃 <
0.01) compared to vehicle-treated MCAO rats. The effect of
HSYA and PDTC on the infarct volume and neurological
score did not show a significant difference when compared
to each other.

3.2. Detection of HSYA in Different Rat Brain Tissues. HSYA
was detected in different rat brain tissues using HPLC/ESI-
MSn and HPLC/HRMSn methods. The relationship between
the structural characteristics and fragmentation behavior
was investigated for HSYA. The HPLC/ESI-MSn method is
a reliable means of characterizing HSYA even in minute
quantities. In addition, HPLC/HRMSn was applied to verify
the proposed fragmentation pathways. As shown in Fig-
ures 2(a)–2(c), HSYA with a retention time of 7.2min was

detected at m/z 611 [M–H]− in HPLC/(–)ESI-MSn and m/z
611.1593 in HPLC/HRMSn, suggesting a molecular weight
of 612Da and a molecular formula of C

27
H
31
O
16
. In the

product ion mass spectra of [M–H]−, a prominent ion at
m/z 491 (i.e., 611–120) was observed in the MS2 spectrum.
Furthermore, a peak at m/z 491.1182 in HPLC/HRMS2
suggested a molecular formula of C

23
H
23
O
12

and indicated
that this was a diagnostic ion of HSYA. Accordingly, the
proposed fragmentation pathways of HSYA are shown in
Figure 2(d).HSYAwas able to be unambiguously identified in
extracts or biopsies based on its retention time, characteristic
[M–H]− ion at m/z 611, fragment ion at m/z 491, and
the constant neutral loss of 120Da. The limit of detection
was 0.87 ng (signal/noise = 3.6). This validated method was
applied to detect HSYA in different brain tissues (brain stem,
cortex, hippocampus, and cerebellum) after i.v. administra-
tion of HSYA to vehicle-treated MCAO rats and normal
rats. It was found that HSYA could be detected in each
of the four brain tissues both for ischemic and normal
groups.
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Figure 3: Typical 500MHz 1HNMR CPMG spectra of brain tissue
samples.

3.3. 1HMAS NMRMetabonomics and Multivariate Statistical
Analysis. In the previous studies, HSYAwas verified to travel
across the BBB and exhibit a protective effect on cerebral
ischemia according to histopathological examination and
neurological evaluation. Next, we examined the influence of
HSYA on the endogenous small molecules in brain tissue.
Here, we evaluated the beneficial effects of HSYA using 1H
NMR-based metabonomics at a molecular level in brain
samples.

Figure 3 shows low-frequency regions of typical CPMG
spectra of the polar metabolites extracted from rat brain
tissues of control, ischemia and HSYA-treated rats. Based on
literature reports [20, 21] and using the Chenomx NMR Suite
software (Chenomx, Calgary, Canada), themajormetabolites

in brain tissues were identified, as shown in Figure 3 and
Table 3S. Furthermore, a multivariate statistical method was
applied to analyze the spectra more comprehensively and to
identify metabolite signals that could efficiently differentiate
between the treatment groups.

We analyzed the metabolic variations in extracts of
different brain tissues, including the cerebellum, cortex, hip-
pocampus, and stem, after permanent focal cerebral ischemia
using 1H-NMR spectroscopy and a multivariate statistical
analysis. The OPLS-DA statistical analysis demonstrated that
there were significant differences between the metabolic
profiles of ischemia and control rats in the cerebellum, cortex,
and hippocampus samples (Figures 4(a), 4(d), and 4(g)).
The group that was administered HSYA deviated from the
model group (Figures 4(b), 4(e), and 4(h)) and approached
the control group, showing a trend of metabolic recovery
(Figures 4(c), 4(f), and 4(i)). The metabolic profiles of the
stem samples of ischemic and control animals were mostly
the same, as the stem is a region of the brain that is
resistant to hypoxia/ischemia [22]. Multivariate statistical
algorithms were used to classify 1HNMR spectra of the brain
cerebellum, cortex, and hippocampus in rats and identify
distinct metabolic profiles for the three different regions.
Loading plots from the OPLS-DA of the NMR spectra are
provided in the supplementary materials Figure 1S.

The OPLS-DA scores and loading plot of the 1H-NMR
data of cerebellum samples of ischemic rats showed an
apparent higher level of lactate (Lac), alanine (Ala), choline
(Cho), and phosphocholine (Pcho) along with a lower level
of N-acetyl aspartate (NAA), Myo-inositol (Myo), creatine
(Cre), and taurine (Tau) than in control rats. The model
had an overall goodness of fit, 𝑅2𝑌, of 89% and an overall
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cross-validation coefficient, 𝑄2, of 68%. Treating ischemic
animals with HSYA reverted some of the ischemic effects
on the metabolite concentrations in the OPLS-DA loading
plot. Compared with the ischemia group, the levels of Lac,
Ala, Cho, and Pcho in the treatment group were significantly
reduced and the levels ofNAA,Cre,Myo, andTau remarkably
increased.

The predominant changes identified in the OPLS-DA
analysis of cortex samples from ischemic rats included an
increase in the signal intensities of Lac, acetate (Ace), Ala,
glutamate (Glu), and aspartate (Asp), accompanied by a
reduction in the intensities of NAA, Myo, Cre, Tau, and
Gamma-aminobutyric acid (GABA). A general comparison
between HSYA-treated and ischemic rats using an OPLS-
DA model resulted in a clear differentiation between the two
groups. The loading plot showed a decrease in Lac, Ace, Glu,
and Asp and an increase in NAA, Cre, Myo, Tau, and GABA
with treatment.

The metabolic changes in the hippocampus included a
significant increase in the signal intensities of Lac, Ace, Cre,
Glu, Glu/Gln, and Ala, accompanied by signal reductions
of NAA, Tau, and GABA in ischemic animals. Moreover,
significant differences were observed with HSYA treatment.
Compared to ischemic rats without HSYA treatment, Lac,
Ace, Glu, and Ala were remarkably reduced and NAA, Tau,
and GABA were significantly increased in the treatment
group as seen in the OPLS-DA loading plot.

Ischemic stroke causes a significant amount of cell dam-
age resulting from an insufficient supply of glucose and
oxygen to central nervous system (CNS) tissue. Lac is often
used as an indicator of cerebral anoxia or hypoxia [23].
Overflow metabolism results in an incomplete oxidation of
glucose, leading to the accumulation of Lac, Ace, Ala, and
Glu and other incompletely oxidized metabolites associated
with the glycolytic pathway [24]. They are the products of
glycolysis and increase rapidly during hypoxia and ischemia
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to accommodate the extra energy demand required during
ischemia [25]. The cells of the ischemic core undergo anoxic
depolarization and are destined to die due to lack of energy
[26]. As the number of depolarization increases, the infarcts
grow larger [27]. As shown in Figure 5, a network map
identified the tricarboxylic acid (TCA) cycle as playing a
central role in the proposed signaling pathway that also
interacts with numerous other pathways. Interestingly, the
level of Lac in ischemic rats after treatment with HSYA
significantly decreased, returning toward the normal level.
This indicates that HSYA canmodulate the changes in energy
metabolism induced by ischemia and even reduce the infarct
volume.

Following cerebral ischemia, there is an excessive release
of Glu [28] and breakdown of astrocytic functions [29]
that results in impaired Glu uptake by astrocytes [30].
Glu uptake reduces the glucose supply and exacerbates the
energy impairment but can also lead to excitotoxicity [31].
Glu excitotoxicity is a significant determinant of ischemia
pathophysiology. The increased levels of extracellular Glu
most likely contribute directly to cell damage by calcium
overload through excessive NMDA receptor activation or
indirectly through initiating cascades such as free radical
formation (Figure 5) [32]. An increase in the amount of
oxygen free radicals leads to prompt dysfunction of the
cellular membrane, resulting in necrosis [33]. Many studies

have showed that the decreased Glu release might contribute
to the neuroprotective effect of HYSA [34]. Spontaneous
Glu release during ischemia could lead to excitotoxicity and
perturbation of neural network functions [35].

On the contrary, Tau has been suggested to be a neuropro-
tective chemical [36], and its effects include calcium modu-
lation, apoptosis inhibition, and protection against oxidative
stress via its antioxidant properties [37]. Tau has also been
implicated in themechanismof cell shrinkage during apopto-
sis in several cell types, including cerebellar granule neurons
[38]. Cell shrinkage is a distinctive characteristic of apoptotic
cells. It is thought that changes in ion channel fluxes play a
major role in this shrinkage [39]. Therefore, decreased Tau
in the cerebellum and cortex of ischemic rats may not only
indicate some deleterious information but also reflect part of
the adaptive measures taken by the CNS.

GABA, a key mediator of inhibitory neurotransmission
in the mammalian central nervous system, is generated from
Glu in GABAergic neurons by glutamic acid decarboxylase
[40]. It is worth noting that this involves converting the
principal excitatory neurotransmitter (Glu) into the princi-
pal inhibitory neurotransmitter (GABA). GABAergic agents
protect against the delayed death of the CA1 hippocampal
neurons elicited by ischemia. The changes in GABA during
and after ischemia are sufficient to cause CNS depression or
excitation [41]. In addition, Tau and lysine can increase both
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GABA synthesis and effects, while Asp and Glu most likely
inhibit GABA effects [42]. In the present study, increased
inhibitory neurotransmitter levels such as GABA and Tau
accompanied with decreased excitatory neurotransmitter
levels of Glu and Asp are associated with a better outcome
of stroke when treated with HSYA.

Cerebral ischemia in particular is responsible for oxida-
tive stress due to the generation of free radicals [43], which
result in deleterious effects during pathogenesis [44]. Cre
and Tau possess antioxidant properties in the brain [45]. Cre
is thought to have a multifaceted role in the brain. Apart
from being involved in brain osmoregulation, it has recently
been implicated in energy homeostasis and protection from
oxidative stress through acting directly as an antioxidant
[46]. In the present study, Cre increased markedly in the
hippocampus but decreased in the cerebellum and cortex
of ischemic rats. An increase in Cre may reflect a protec-
tive mechanism against the enhanced oxidation, whereas
a decline may indicate the exhaustion of Cre and lack of
antioxidation in certain brain regions of ischemic rats. HSYA
intervention could relatively elevate the levels of these two
antioxidative markers.

NAA, a metabolite synthesized in the mitochondria, is
commonly used as a marker of neuronal viability [47]. Extra-
cellular NAA is transported into astrocytes [48] where it is
rapidly hydrolyzed into Ace and Asp [49]. Considerable evi-
dence shows that NAA has multiple roles in neurons, includ-
ing neural metabolic function in mitochondria, osmoregu-
lation, and axon-glial signaling [50, 51]. The reduction in
NAA in a visible infarct was related to the reduction in blood
flow to the infarct, which in turn was related to the infarct
extent and clinical outcome [52]. Notably, NAA levels have
clearly recovered after HSYA treatment, indicating that the
disturbance of neuronal activity can be modified by HSYA.

Myo is a significant intracellular osmolyte, whose change
may indicate fluctuations in tissue osmolarity [47]. It has
been reported that Pcho, Myo, and glycerol are precursors
used for the synthesis of membrane phospholipids in the cell
and their levels play a role in lipid metabolism [47, 53]. For
example, Pcho contributes to the Cho resonance, which may
act as a biomarker for membrane phospholipid metabolism
[54]. Therefore, changes in Pcho, Cho, and Myo in this
study may arise from the cell membrane disruption caused
by ischemia. Moreover, the disruption of the membrane
would subsequently cause cellular contents to leak into the
surrounding tissue resulting in an inflammatory response.

Collectively, the progression of ischemic injury has been
thought to involve many molecular pathways that play
roles in the death of neurons [55]. As shown in Figure 5
cerebral ischemia triggers a complex series of biochem-
ical and molecular disorders that impairs the neurolog-
ical functions through a breakdown of cellular integrity
mediated by energy metabolism, excitotoxic glutamatergic
signalling, ionic imbalance, oxidative stress, membrane dis-
ruption, osmotic regulation, and so forth [33]. Treatmentwith
HSYA could lead to relative corrections to the changes in
these metabolic pathways induced by ischemia. Reversals of
metabolic disturbances in the brain after therapymay provide
new insights into therapeutic targets for ischemia.

3.4. Inhibition of HSYA on the NF-𝜅B Pathway. NF-𝜅B activa-
tion requires nuclear translocation of the p65 subunit. In this
study, the translocation ability of NF-𝜅B p65 subunit from the
cytoplasm to the nucleus was investigated by western blotting
at different times after pMCAO. As shown in Figure 6(a),
expression of the p65 subunit in the cerebral cortex of the
ischemic side exhibited an increasing trend in the nucleus.
NF-𝜅B was activated as early as 3 h, reached its peak point
at 24 h after pMCAO, and then declined. In contrast, p65
expression in the cytoplasm showed the opposite trend;
expression reached its lowest point at 24 h. Both in the
nucleus and the cytoplasm, NF-𝜅B remained activated at
48 h. These results indicated that NF-𝜅B was activated and
translocated from the cytoplasm to the nucleus. Consistent
with the infarct volume, the 24 h time point was the most
significant (𝑃 < 0.01) compared to the others (𝑃 < 0.05).
Therefore, the effect of HSYA was evaluated at 24 h after
cerebral occlusion in the following experiments.

To determine whether HSYA treatment can interfere with
the ischemia-induced activation of the NF-𝜅B p65 subunit,
the effect of HSYA on the cytosolic and nuclear pools of
p65 protein was evaluated by western blot analysis in the
injured ipsilateral cerebral cortex of animals 24 h after artery
occlusion. As shown in Figure 6(b), pMCAO considerably
increased the nuclear and decreased the cytosolic p65 protein
levels. Treatment with HSYA (10mg/kg/30min, 5 times)
inhibited the increase and decrease of the nuclear and cytoso-
lic p65 levels 24 h after MCAO, respectively. These results
suggested that HSYA blocked the nuclear translocation of the
p65 from cytoplasm.

Subsequently, we assessed the effect of HSYA on the
total p65 mRNA and protein expression by RT-PCR and
western blot analysis, respectively. The total p65 mRNA
and protein expression levels were increased (Figures 6(c)
and 6(d)) during cerebral ischemia, indicating that, 24 h
after pMCAO, p65 transcriptional and protein synthesis was
induced. However, no effect of HSYA on total p65 mRNA
and protein expression was observed. The effect of HSYA on
cytokine mRNA expression is displayed in Figure 7.

Activation of NF-𝜅B is due to increased DNA binding
of NF-𝜅B after its release from I𝜅B. Because the p65 sub-
unit, which has potent transcriptional activation domains,
is known to be important in ischemia [56, 57], we used a
p65-specific antibody to assess DNA binding in a microwell
colorimetric assay. The NF-𝜅B wild-type and mutated con-
sensus oligonucleotides were used to monitor the specificity
of the assay. Wild-type oligonucleotide competed for NF-
𝜅B binding to the probe immobilized on the plate, but the
mutated consensus oligonucleotide had no effect on NF-𝜅B
binding. After 24 h ofMCAO, specificNF-𝜅B binding activity
was increased in ischemic brains (Figure 2S). When HSYA
was continuously administered after ischemia, p65 binding
activity decreased by 33.5% (𝑃 < 0.05). PDTC, the potent
NF-𝜅B suppressor was used as a positive control and showed
a more significant inhibition of 50.4% (𝑃 < 0.01).

NF-𝜅B/Rel proteins are transcription factors involved in
the activation of an exceptionally large number of genes
in response to inflammation, viral and bacterial infections,
and other stressful situations requiring rapid reprogramming
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Figure 6: (a) Time course of NF-𝜅B activation, (b) NF-𝜅B p65 activation, (c) total NF-𝜅B p65 mRNA, and (d) protein expression. Data
represent 𝑥 ± 𝑠.n = 6 each group; results represent at least three independent experiments. ##𝑃 < 0.01 compared with sham group in the
cytoplasm or in the nucleus. ∗𝑃 < 0.05, ∗∗𝑃 < 0.01 compared with model group in the cytoplasm or in the nucleus.
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Figure 7: Effect of HSYA on cytokine mRNA expression at 3 h, 6 h, 12 h, and 24 h. (a) TNF-𝛼mRNA expression, (b) IL-1𝛽mRNA expression,
(c) IL-6mRNAexpression, and (d) IL-10mRNAexpression.Data represent𝑥 ± 𝑠. n = 6 each group; results represent at least three independent
experiments. ##𝑃 < 0.01 compared with sham group. ∗𝑃 < 0.05, ∗∗𝑃 < 0.01 compared with model group.

of gene expression. Stimulation leads to the rapid phos-
phorylation and, ultimately, proteolytic degradation of I𝜅B,
which frees NF-𝜅B to translocate to the nucleus and activate
the transcription of its target genes. In the brain, NF-
𝜅B regulates the expression of antiapoptotic, proapoptotic,
and proinflammatory genes, thereby playing a dual role in
neuronal survival [10, 58].

In a few hours after the onset of cerebral ischemia, a
multifaceted inflammatory reaction emerges. The transcrip-
tion of numerous inflammatory mediators is induced [59].
The inflammation contributes to the breakdown of the BBB
in cerebral ischemia [60] and is closely interrelated with
neuronal cell death, thereby promoting a neurological deficit.
The transcription factor NF-𝜅B, as a key regulator of hun-
dreds of genes involved in inflammation, is activated in the
hippocampal CA1 neurons after cerebral ischemia [59, 61].

Studies have demonstrated that IL-1𝛽 and IL-6 genes
expressions were induced early following MCAO [62]. TNF-
𝛼 is a deleterious cytokine in stroke [63]. It might activate a
cytokine network in the postischemic brain and contribute to
an increased sensitivity to and risk of ischemic brain injury
[64]. Inhibition of TNF-𝛼 may represent a novel pharma-
cological strategy to treat ischemic stroke [65]. Moreover, it
is well accepted that IL-10, an anti-inflammatory cytokine,
can attenuate brain infarction [66] and provide neuroprotec-
tion in ischemic stroke [67]. It is commonly accepted that
inhibition of NF-𝜅B will prevent proinflammatory cytokine
production, thereby contributing to neuroprotection [68].

In the present study, we noted that HYSA suppressed the
translocation of the NF-𝜅B p65 protein from the cytoplasm
to the nucleus by western blotting. Additionally, HSYA
suppressed p65 DNA-binding activity and the transcription
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and protein levels of the proinflammatory cytokines TNF-𝛼,
IL-1𝛽, and IL-6. HSYA also promoted both the transcription
and protein expression of the anti-inflammatory cytokine IL-
10. In the brain, activated NF-𝜅B acted on genes encoding
cytokines, cyclooxygenase-2, nitric oxide synthase, and apop-
totic proteins [10, 69]. Cerebrovascular inflammation plays a
central role in the pathogenesis of cerebral ischemia [70]. Our
results suggest that HYSA is also neuroprotective through
suppression of the inflammatory NF-𝜅B signaling pathway.
This might be one of the mechanisms for the inhibition of
apoptosis and protection of cells from ischemic damage.

Here, we propose neuroprotective mechanisms of HSYA
through metabonomics studies combined with an examina-
tion of its anti-inflammatory effect through the inhibition
of the NF-𝜅B pathway. First, the energy failure or drastic
decrease in cellular ATP and glucose levels due to a rapid
decrease in glucose uptake following ischemia is responsible
for the underlying mechanism of necrosis in the core region
[71]. Second, Glu-mediated excitotoxicity could force the
effected cell to self-destruct and lead to neuronal damage
and eventual cell death. Third, oxidative stress has been
shown to activate several intracellular signaling cascades that
may have deleterious effects on the cellular homeostasis.
One such event leads to activation of MAPKs [71], which
are responsible for transmitting extracellular signals into the
nucleus. Finally, the changes in the metabolites associated
withmembrane disruptionmay cause leakage of cellular con-
tents into the surrounding tissue and invariably a consequent
inflammatory response.

4. Conclusion

Collectively, cerebral ischemia triggers a complex series of
biochemical andmolecular mechanism that impairs the neu-
rological functions through breakdown of cellular integrity
mediated by energy metabolism, excitotoxic glutamatergic
signalling, free-radical reactions, and so forth and then
might initiate a series of inflammatory cascades associated
with apoptosis or necrosis (Figure 5). On the other hand,
NF-𝜅B is a ubiquitously expressed transcription factor that
regulates expression of genes involved in inflammation,
cell survival, and apoptosis [72, 73]. Our data suggest that
HSYA treatment inhibits the NF-𝜅B pathway via suppressing
proinflammatory cytokine expression and p65 translocation
and binding activitywhile upregulating an anti-inflammatory
cytokine, thereby exhibiting an anti-inflammatory effect,
ultimately leading to reduced apoptosis-like cell death. The
previous complementary studies suggest that the neuropro-
tective effect of HSYA is related to the inhibition of neuronal
apoptosis or necrosis by modulating inflammatory cascades.

The progression of ischemic injury has been proven to
involve many molecular pathways that play roles in the
death of neurons. We present new insights into the patho-
physiological mechanisms through a systematic integration
of histopathological examination, neurological evaluation,
BBB permeability studies, metabonomics, and studies of the
NF-𝜅B pathway involved in the neuroprotective effect of
HSYA after ischemia. The therapeutic effect of HSYA is not

a series of independent and isolated metabolic pathways
but instead is a complex interconnected network. However,
certain limitations exist in the present studies. How does
HSYA travel across the BBB? We have detailed an effective
method for detecting HSYA in brain samples and verified
that HSYA could cross the BBB of ischemic and normal
rats. As such, the mechanism of how HSYA, a small, water-
soluble compound, can cross the BBB and whether its
neuroprotective effect can be enhanced by an improvement in
BBB permeability and integrity still needs to be investigated
in future.The duration of ischemia is an important prognosis
determinant. Reperfusion also plays a prominent role in
damage distribution and is responsible for oxidative stress
due to the generation of free radicals [57]. The reperfusion-
induced inflammatory infarction is much more harmful and
complicated than ischemia. In the present study, a series
of metabolic pathways associated with inflammation were
found during brain ischemia. In the future, changes in the
stage of reperfusion and the precise mechanisms of how
HSYA protects against focal cerebral ischemia need to be
further investigated.
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The scientific understanding of traditional Chinese medicine (TCM) has been hindered by the lack of methods that can explore
the complex nature and combinatorial rules of herbal formulae. On the assumption that herbal ingredients mainly target a
molecular network to adjust the imbalance of human body, here we present a-self-developed TCM network pharmacology
platform for discovering herbal formulae in a systematic manner. This platform integrates a set of network-based methods that
we established previously to catch the network regulation mechanism and to identify active ingredients as well as synergistic
combinations for a given herbal formula. We then provided a case study on an antirheumatoid arthritis (RA) formula, Qing-Luo-
Yin (QLY), to demonstrate the usability of the platform. We revealed the target network of QLY against RA-related key processes
including angiogenesis, inflammatory response, and immune response, based onwhichwe not only predicted active and synergistic
ingredients fromQLY but also interpreted the combinatorial rule of this formula.These findings are either verified by the literature
evidence or have the potential to guide further experiments. Therefore, such a network pharmacology strategy and platform is
expected to make the systematical study of herbal formulae achievable and to make the TCM drug discovery predictable.

1. Introduction

Traditional Chinese medicine (TCM) is a whole medical sys-
tem deriving from thousands of years of clinical application
that has evolved independently from or parallel to allopathic
conventional medicine and has been considered as one of the
main items of the complementary or alternative medical sys-
tem [1, 2]. The treatments of TCM formulate the therapeutic
use of herbs using the combinatorial principle of Sovereign-
Minister-Assistant-Envoy (Jun-Chen-Zuo-Shi in Chinese) on
the basis of a patient’s syndrome (ZHENG in Chinese) and
attempt to regain the balance state of life and body functions
[3]. However, unlike modern drugs developed by targeting
a specific protein, understandings of the molecular basis of
traditional herbal formulae are still very limited, posing a
serious challenge for themodernization of TCM [4].With the

recent advent of high-throughput technologies, experimental
analyses of the active ingredients screening and the mech-
anisms of action of herbal formulae have become increas-
ingly various. Investigators often examine a herbal formula
from different facets by combining chemical or metabolic
fingerprint [5, 6], pharmacodynamic and pharmacokinetic
technology [7, 8], and genomic, proteomic or metabolomics
analyses [9–11]. However, herbal formulae with numerous
chemical compounds are too complex to be examined solely
by conventional experimental approaches.Moreover, a herbal
formula contains hundreds of chemical compounds and its
therapeutic effects are mainly produced by complex interac-
tions among ingredients [12]. Current experimental methods
are restricted to tap into the deeper well and comprehensively
elucidate the molecular mechanisms of TCM. The dearth
of modern methods in TCM study and deconvolution of
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complexity of TCM urgently requires new strategies and
appropriate approaches.

As the beginning of TCM network pharmacology, we
proposed the possible relationship between TCM andmolec-
ular networks in 1999 [13] and established a network-based
herbal formulae research framework illustrated by a network-
based case study on Cold/Hot herbal formulae and Hot/Cold
syndromes in 2007 [14, 15]. Shortly after, the age of “network
pharmacology” has clearly begun [16, 17], we believe net-
work pharmacology approaches, focused on examining the
network connectivity and dynamics as components of drug
targets and designing the optimal therapeutic strategies, can
reveal the underlying complex relationships between a herbal
formula and the whole body. Thus, we further explored the
new subject of TCM network pharmacology by updating the
research paradigm from current “one target, one drug” to
“network target, multicomponent therapeutics,” which refers
to the comprehensive analysis for therapeutic effects of herbal
formulae on the basis of the identification of the network
target underlying a given disease or TCM syndrome as well
as the target network of a given herbal formula [15, 18–20].
To date, accumulating evidence suggests that the network
pharmacology analysis is a powerful way to study the molec-
ular mechanisms that are responsible for combinational
effects of herbal formula [18, 20–25]. For example, Sun et al.
presented a network analysis to explore the mechanism of
anti-Alzheimer herbal ingredients by evaluating the distance
between the herbal targets and “Alzheimer-related proteins”
in the protein interaction network [21]. Wang et al. used a
systems biology model integrating oral bioavailability and
drug-likeness screening, target identification, and network
methods to analyze the synergistic mechanism of four herbs
in combined treatment of cardiovascular disease [22].

In this work, to better recognize the active ingredients
in herbal formula and uncover the combinational rules
of ingredients, we integrate our previous methods into a
TCM network pharmacology platform to illustrate network
connections betweenmultiple targets of ingredients in herbal
formula andmultiple genes of a specific disease.Themethods
we created for TCM network pharmacology in the past years
include network-based disease gene prediction, drug target
prediction, drug-gene-disease comodule association, herb
network analysis, and synergistic drug combination screen-
ing [20, 25–31]. The good performance of these methods
had been demonstrated in discovery of bioactive compounds
and elucidation of action mechanism for herbal formulae
[23, 32].

We further apply this integrative platform to unveil
the molecular mechanisms of antirheumatoid arthritis (RA)
formula namedQing-Luo-Yin (Q-L-Y), including four herbs:
Ku-Shen (Sophora flavescens), Qing-Feng-Teng (Sinomenium
acutum), Huang-Bai (Phellodendron chinensis) and Bi-Xie
(Dioscorea collettii) [33]. Here, we revealed the target net-
work of QLY against RA-related key processes including
angiogenesis, inflammatory response, and immune response
and report that the four herbs may produce interactions for
enhancing efficiency and reducing toxicity through acting in
concert on the target network closely associated with RA.The
Jun herb, Ku-Shen, treats the main causes of RA, for example,

inflammatory response, immune response, and angiogenesis.
The Chen herb, Qing-Feng-Teng, serves to augment the anti-
inflammatory and antiangiogenesis effects of Jun. The Zuo-
Shi herbs, Huang-Bai and Bi-Xie, are used to modulate the
therapeutic effects of Jun-Chen herbs and to counteract the
side effects of Ku-Shen possibly by targeting some off-target
genes (i.e., PTGS1). Moreover, we found that the synergism
among major ingredients from Ku-Shen and Qing-Feng-
Teng may derive from the feedback loop and compensatory
mechanisms (i.e., TNF-, IL1B-, and VEGFA induced NF-
𝜅B pathways). We also identified several ingredient groups
such as Saponins and Alkaloids that act as active components
in QLY using the cluster analysis of their target profiles.
The above findings are either verified by the literature
evidence or have the potential to guide further experiments.
Hopefully, our platform is eventually extensible to other
herbal formulae, which provides a reliable and practical
strategy to identify active herbal ingredients and potential
synergistic pairs, to reveal themechanisms of herbal formulae
and to facilitate TCM drug discovery and modernization as
well.

2. Materials and Methods

2.1. Inputs of the Integrative Platform of TCM Network
Pharmacology. To address the challenges in the study of
the molecular basis and combinatorial principle of herbal
formulae, we developed a network-based integrative strategy
to provide a unified framework as a platform for TCM
network pharmacology (Figure 1). This platform contains
two different types of entities as inputs: herbal ingredients
with known chemical structure, disease-specific genes, and
targets of drug treating this disease. Previously, we built a
HerbBioMap database to collect the chemical ingredients in
621 herbs [34]. For QLY, we select all available ingredients
for each of four herbs in this formula from HerbBioMap and
the available literature on the four herbs [34–37]. We also
conducted chemical analysis to identify and determine the
major ingredients in QLY, for example, Matrine, Kurarinone,
Sinomenine, Berberine, and Diosgenin [38, 39]. Finally, after
excluding the repeated ingredients, a total of 235 ingredients
with 112 in Ku-Shen, 49 in Qing-Feng-Teng, 54 in Huang-Bai,
and 20 in Bi-Xie were collected in this study. The structure,
canonical name, and CID number of these ingredients were
obtained from PubChem [40]. For RA, known RA-related
genes were retrieved from the OMIM Morbid Map [41].
Putative RA genes were predicted by our CIPHER method
[27]. The known targets of RA drugs were obtained from
DrugBank database [42]. For RA disease network construc-
tion, these genes and gene products are treated as seeds
to obtain their partner genes in the context of the human
protein-protein interaction network (HPRD, Release 7) [43].

2.2. Predicting Target Profiles for Each Ingredients in QLY.
Comprehensively determining compound-target interaction
profiles and mapping these on signaling and metabolic
pathways will become increasingly necessary for elucidating
the mechanisms of action of drugs [44]. In silico prediction
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Figure 1: A schematic map of the integrative TCMnetwork pharmacology platform that is based on our network target theory and combined
some of our self-developed methods including CIPHER, drugCIPHER, comCIPHER, DMIM, NIMS, NADA, LMMA, and CSPN.

of target profiles of small molecular compounds especially
is a critical step for the study of TCM network pharma-
cology. Recently, we developed a regression model called
drugCIPHER that can predict the links between drugs and
target proteins by combining the drug chemical similarity
and protein-protein interaction information in a heteroge-
neous network that correlates chemical, pharmacological,
and genomic spaces [26]. In accordance with the rationale
of “like attracts like,” this method is based on the hypothesis
that drugs with similar chemical structures or therapeutic
effects tend to bind to functionally related or modularized
target proteins in themolecular network.Thus, drugCIPHER
can infer the target profile for a given herbal ingredient
with known structure by integrating and making full use
of all available FDA-approved drug structures, drug-target
interactions, and human protein-protein interactions. The
prediction principle of drugCIPHER is also featured in the
TCM holism thinking.

In this study, we used the drugCIPHER-CS step in
our drugCIPHER method to predict the target profile for
each herbal ingredient from QLY. The drugCIPHER-CS
score refers to the likelihood of ingredient-target interaction
calculated from the correlation between the query ingredi-
ent’s structure similarity vector in the drug space and the
target-related gene’s closeness vector in the target space. The
resulting proteins with high likelihoods are considered as
potential targets of the herbal ingredient. We selected the top
100 proteins with high precision rate as a target profile for
each ingredient [26]. We then assembled the target profiles
of all available ingredients in every of four herbs and resulted
in an integrative target profiles of QLY.

2.3. Principal Component Analysis (PCA). To classify the
herbal ingredients from QLY using the predicted target

profiles, PCA was performed to reduce the dimensionality of
multivariate data into a multidimensional space, allowing for
clear visualization of the variation between different herbal
ingredients. In this step, we use PCA to reduce the dimension
of the target profile of each ingredient in QLY while most
of the variance is preserved by linearly transforming the
variables into a smaller number, say 𝑛, of variables that we
denote by 𝑧

1
, . . . , 𝑧

𝑛
:

𝑧
𝑖
=

𝑚
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𝜔
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, ∀𝑖 = 1, . . . , 𝑛, (1)

where 𝑥 = [𝑥(1), . . . , 𝑥(𝑚)]𝑇 denotes the target profile of each
ingredient in QLY and 𝜔

𝑖𝑗
is transforming weights with the

property of the orthogonality and unit norm:
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(2)

2.4. Network Target Analysis. To better elucidate the holistic
therapeutic effects of QLY, we attempted to figure out the
target network and mechanism of action of QLY by our
platform. First, genes or proteins involved in RA were
compiled by combining RA-causing genes from OMIM and
CIPHER prediction [27, 41] and the target proteins of anti-
RA drugs from DrugBank [42]. Second, RA-related genes or
proteins were used as seeds to fish their partner interacting
proteins in the HPRD [43]. The searching of such partner
proteins resulted in an expanded network as the RA-specific
network.Third, the candidate targets of chemical compounds
in each herb predicted by drugCIPHER were mapped into
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the RA-specific network and were used as a new query to
identify the target network of each herb, respectively. Fourth,
in order to understand the possible biological functions of
each herb, the functional distribution of these target networks
was further examined. Finally, the combinational rationale
of QLY was interpreted according to the detailed analysis of
comodule associations and enriched biological functions.

2.5. Biological Function Enrichment Analysis. For biological
functional analysis of QLY, we use the functional enrichment
tool of the DAVID database to analyze the enriched GO
(Gene Ontology) terms for the assembled target-related
proteins of QLY with a false discovery rate less than 0.05
by the Fisher exact test [45, 46]. We only selected the GO
functional terms with 𝑃 value less than 0.05 after Benjamini’s
correction.

3. Results

3.1. A Self-Developed Platform of TCM Network Pharmacol-
ogy. The concept of “network target” that we proposed [15,
18–20] is the core of the integrative platform of TCMnetwork
pharmacology, by which we hypothesize that the relationship
between a herbal formula and a disease or TCM syndrome
can be transferred into a network context. The key modules
in a disease-specific molecular network are considered as the
therapeutic target of a given herbal formula. Thus, we can
disclose the action mechanisms and the active ingredients
as well as their combinations in a herbal formula from the
network target viewpoint. This platform fully integrates our
developed methods, in which the good performance has
been validated, respectively [25–32], for understanding the
therapeutic mechanism of herbal formula from the following
three aspects (Figure 1).

(1) Network target construction: the construction of a
disease-specific network as the therapeutic target,
such as the prioritization of candidate genes for
a given disease (CIPHER) [27], and construction
of disease-specific networks in the molecular level
(LMMA) [28] or in the pathway-pathway interaction
level (CSPN) [29] by combined knowledge and high-
throughput omics data.

(2) Target prediction and herbal pair extraction: the
prediction of target profiles of herbal ingredients
(drugCIPHER) [26, 47] as well as the extraction of
common herbal pairs from herbal formulae treating
specific diseases (DMIM) [25].

(3) Comodule analysis based on the network target: such
as drug-gene-disease comodule analysis between
drug (ingredient) targets from herbal formula and
disease-specific network target (comCIPHER) [31]
and network target-based computational screening
of active ingredients (NADA) [30] and synergistic
therapeutic combinations (NIMS) [20, 48].

Different from conventional herbal formulae research
strategies that find active ingredients based on a certain
disease, our network target strategy [25–32] can lead to more

discoveries of active ingredients against various diseases in a
network level by capturing each ingredient’s target profile in
a genome-wide scale. Thus, our platform has two significant
characteristics: discovery-oriented and generally applicable,
especially in predicting active ingredients, synergistic ingre-
dient combinations as well as active ingredient groups from
a given formula, and providing the comprehensive molecular
mechanisms of the formula. Here, we examine theQing-Luo-
Yin as a case study in the following sections.

3.2. Clustering Active Ingredients in QLY Based on the Target
Profiles. QLY, which derives from a Xin’an medical family
[49], is an effective formula in the treatment of arthritis and
a typical antiangiogenic herbal formula in TCM [50]. This
formula is composed of Ku-Shen (Sophora flavescens), Qing-
Feng-Teng (Sinomenium acutum), Huang-Bai (Cortex Phel-
lodendri Chinensis), and Bi-Xie (Dioscorea tokoro Makino)
(Figure 2(a)) [51]. Our previous studies have revealed the
antiangiogenic and anti-inflammatory effects [33] and the
network regulation actions of QLY [14].

To further understand the molecular details about how
QLY can be administrated on RA, we used our platform to
predict the target profiles of each ingredient in QLY and
utilizedPCA to visually assess the distinction of target profiles
of each herb anddeterminewhether herbal ingredients can be
grouped. The analysis of dimensionality of all target profiles
showed that two first components could account for >60%
of the variance present in all targets contained within the
target profiles. To see whether the variation retained in
the two components contains relevant information about
the mechanism of QLY, each ingredient is projected onto
the two components as illustrated in Figure 2(b). The PCA
analysis showed that four herbs cannot be separated into
four independent clusters only according to the target profiles
(Figure 2(b)), suggesting that the features of target profiles of
the ingredients from different herbs are overlapped. Further,
to determine whether the herbal ingredients with the similar
chemical properties can be clustered together, the results
showed that most herbal ingredients in QLY can be roughly
divided into three groups, which exactly were mapped to
three types of chemical components, namely, saponins, gly-
cosides, and alkaloids (Figure 2(c)). Figure 2(c) showed that
the herbal ingredients in eachwell-separated clustermay have
similarmechanisms of action and can affect different stages or
pathological processes of RA in the form of active ingredient
groups. Together, these findings indicate that predicted target
profiles can be used to identify active ingredient groups
leading to similar effects in a herbal formula.

3.3. Predicting Active and Synergistic Ingredients from QLY.
To examine what ingredients can produce synergistic effects
on key pathological processes involving RA, angiogenesis,
inflammatory, and immune response and what are the
synergistic mechanisms among them, we took advantage
of the previous conclusion that synergism may arise from
modulations of compensatory actions or feedback loops in
the network [20, 52] to estimate the interaction between
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Figure 2: (a) Four herbs Ku-Shen (Sophora flavescens), Qing-Feng-Teng (Sinomenium acutum), Huang-Bai (Cortex Phellodendri Chinensis),
and Bi-Xie (Dioscorea tokoro Makino) in QLY. (b) and (c) Principal component analysis of the target profiles for each herbal ingredient in
QLY. Each dot represents one herbal ingredient plotted against its target profile. Ingredients are color coded according to the four herbs (b)
and the three types of the chemicals (c) in QLY. Samples were distributed by their similarity in target profiles using dimensionality reduction.
The different chemical types cluster in terms of target profiles can be separated from each other. The four herb clusters in terms of target
profiles are partially intermix with each other.

ingredients. Adapting such criteria, we derived an ingredient-
ingredient interaction network in terms of target proteins
of each ingredient (Figure 3). We identified six potentially
synergistic pairs between main ingredients from Ku-Shen
and other herbs, includingMatrine and Sinomenine,Matrine
and Kurarinone, Matrine and Berberine, Kurarinone and
Sinomenine, Kurarinone and Berberine, and Kurarinone and

Diosgenin. These prediction results can be supported by the
literature evidence. For example, Matrine and Sinomenine
were evaluated as a synergistic combination by endothelial
cell proliferation assay in previous studies [20] and were
confirmed from the mechanism here. As shown in Figure 3,
the prediction showed that Matrine can bind to the IL1R1,
which suppresses inflammatory and immune response by
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Figure 3: Putative therapeutic mechanism for selected major active
ingredients in QLY and potential synergistic pairs. The upper
network is the ingredient synergy network (including Kurarinone
andMatrine inKu-Shen, Sinomenine inQing-Feng-Teng, Berberine
in Huang-Bai, and Diosgenin in Bi-Xie), and the lower network
is RA-specific molecular network which was constructed manually
based on the RA-related pathways and the potential targets of the
major ingredients. Herbal ingredients and RA-related genes were
represented as triangle and circle, respectively. TNF-, IL1B-, and
VEGF-induced pathways were highlighted in color line as indicated.
NFKB1, NFKB2, RELA, and RELB can form heterogeneous complex
as an important transcription factor in the development of RA. The
blue line linking two ingredients indicated synergy with the width
of the line correlating with the number of synergistic mechanisms:
the wider line represented feedback and compensatory mechanisms
and the narrow line represented feedback or compensation.

blocking the NF-𝜅B pathway activated by IL1B. Sinomenine
can suppress angiogenesis and inflammation by inhibiting
NFKB1 and SRC. Sinomenine may complement Matrine-
induced inactivation of NF-𝜅B to reduce its induction of
angiogenesis, inflammation, and immune response. In partic-
ular, two ingredients fromKu-Shen, Kurarinone andMatrine,
may lead to potent synergistic interaction with each other,
thus reflecting interactions from different ingredients in the
same herb. Because some studies indicated the relationship
between NF-𝜅B and oxidative stress in rheumatoid arthritis
[53], we inferred that Kurarinone as an antioxidant [54] is
likely to inhibit NF-𝜅B activation in terms of predicted target
profiles. Kurarinone can inhibit AKT1 and PTK2, which is
downstream of IL1B. This may sensitize the effect of Matrine
via modulation of NF-𝜅B and AKT1. In addition, four other
synergistic pairs were also identified by network-based syner-
gism hypothesis. For example, Matrine and Berberine act on
different targets (IL1R1 and KDR) of two cross-talk pathways
(IL1B and VEGFA pathway) that regulate the SRC activity.
Kurarinone and Sinomenine act on different targets (AKT1
and SRC) of the same pathway (AKT1-SRC-PTK2 pathway)
that regulates the NFKB1. Kurarinone and Berberine act on
different targets (NFKB1 and KDR) of two related pathways

(VEGF and NF-𝜅B pathway) that regulate different targets
(SRC and NFKB1). Kurarinone and Diosgenin act on the
same type of target (NFKB1 andNFKB2) in the feedback loop
(NFKB1-NFKB2-RELA-RELB complex) and different targets
(PTK2 and RAF1) of two related pathways.

3.4. Target Networks and Combinatorial Rules of QLY. Dif-
ferent from the conventional trial-and-error drug studies,
our network-based strategy tries to make the TCM drug
discovery predictable and to make the systematical study of
combinatorial rules in herbal formulae achievable. As shown
in Figure 4, the network target analysis of 235 ingredients in
QLY herbs indicated the detailedmechanisms of herb combi-
nations with increased efficacy and decreased toxicity in RA
therapy. Ku-Shen, as Jun herbs in QLY, acts on the principle
RA pathological processes, such as inflammation, immune
response, and angiogenesis. Qing-Feng-Teng as a Chen herb
andHuang-Bai and Bi-Xie as Zuo-Shi herbs seem to augment
or modulate the therapeutic effects of Jun herb through
targetingRA-related genes includingNFkB1,HTR3A,CASP1,
and PPARG. Interestingly, these results of network target
analysis demonstrate an unexpected mechanism of QLY for
RA therapies, in which Aryl hydrocarbon receptor (AHR)
contributing to the pathogenesis of RA [55] is regulated by
multiple ingredients in QLY (e.g., Kuraridin, Sophorafla-
vanone and Xanthohumol in Ku-Shen, Salicylaldehyde and
Allantoin in Qing-Feng-Teng, 𝛽-Elemene in Huang-Bai, and
Piperitol in Bi-Xie). Besides, the pharmacological activities
of Ku-Shen, Qing-Feng-Teng, and Bi-Xie are associated with
targeting the NF-𝜅B pathway. These results demonstrated
the synergistic effects among the four herbs of QLY. Our
predictions also include themechanisms of decreased toxicity
of Zuo and Shi herb in QLY. For instance, Xanthohumol in
Jun herb may cause adverse drug reactions through affecting
off-target genes such as PTGS1, resulting in gastrointestinal
haemorrhage, haematuria, and abdominal pain [56]. In the
target network, we found that cis-limonene oxide phello-
chinin A and ferulic acid in Huang-Bai may neutralize the
adverse effects of Ku-Shen through modulating PTGS1.

In addition, by examining the functional distribution of
the potential targets of QLY, we found that the significantly
enriched GO terms QLY acted include the key processes
in the development of RA, such as inflammatory response,
regulation of cytokine production, regulation of angiogen-
esis, and leukocyte activation (Table 1). Therefore, by mod-
ulating these pathological processes, QLY may promote the
recovery of network balance from a disease state to a normal
state. Together, these results reveal not only the target net-
work of QLY against RA-related angiogenesis, inflammatory
response, immune response, and NF-𝜅B activity but also the
“Jun-Chen-Zuo-Shi” principle of QLY from the connections
of functional modules in the network target.

4. Discussion

Many common diseases such as cancer and rheumatoid
arthritis as well as cardiovascular diseases are complex bio-
logical systems caused by multiple molecular abnormalities
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Figure 4: Target network and functional enrichment of the four herbs from QLY. A target network of each herb was uniquely identified
by mapping the possible targets of each herb into RA-specific molecular network. The functions for the target networks were obtained by
the functional enrichment tool (DAVID). These enriched biological functions are associated with RA. Targeting PTGS1 may lead to some
adverse effects. Genes labeled in red color denote RA genes collected from OMIM, genes labeled in purple color denote the targets of the
FDA-approved drugs for treating RA, and genes labeled in blue color represent RA genes predicted by CIPHER.

Table 1: Enriched RA-related GO terms in the Qing-Luo-Ying target network.

Function category GO term ID GO terms P value
(Benjamini’s correction)

Angiogenesis
GO:0009611 Response to wounding 1.30𝐸 − 29

GO:0045765 Regulation of angiogenesis 1.62𝐸 − 04

GO:0010594 Regulation of endothelial cell migration 0.002
Inflammatory response GO:0006954 Inflammatory response 1.23𝐸 − 13

Immune response

GO:0001817 Regulation of cytokine production 1.42𝐸 − 04

GO:0006955 Immune response 0.002
GO:0045321 Leukocyte activation 1.17𝐸 − 05

GO:0001816 Cytokine production 0.004
GO:0051249 Regulation of lymphocyte activation 0.001
GO:0006952 Defense response 2.88𝐸 − 12

GO:0042981 Regulation of apoptosis 2.32𝐸 − 17

NF-𝜅B activity GO:0051092 Positive regulation of NF-𝜅B transcription factor activity 0.037

[57, 58]. During the therapy, many drugs that modulate a
single target might not always yield the desirable outcome
even if they completely interdict the functions of their direct
targets [59, 60]. From a network perspective, the entity
that needs to be targeted and modulated must shift from
single proteins to entire disease molecular networks [61,

62]. The efficacy of such therapies can be explained by the
fact that drugs targeting different proteins in the disease
network or pathway could trigger a synergistic response, and
their combinations can eliminate compensatory reactions
and feedback controls, thereby overcoming the robustness of
diseases [63, 64]. These perspectives illuminate that the level
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of complexity of the proposed therapies should be increased.
Interestingly, the properties of TCM herbal formula are con-
sistent with the coming network-based therapeutic strategies.
However, currently it is hard to unveil the complex systems
embedded in the TCM repertoire, especially the interactions
between the complex biological systems of human body and
the complex chemical systems of herbal formulae.

To provide a novel route for the systematic studies of
herbal formulae, here we report a self-developed integra-
tive platform of TCM network pharmacology (Figure 1) to
acquire a better understanding of the underlyingmechanisms
and combinatorial rules of herbal formula. To the best of
our knowledge, this is the first self-developed TCM network
pharmacology platform for studying herbal formulae [47, 48,
65]. Indeed, the performance of all methods in the platform
have been properly tested, respectively [25–32], and some
key methods have been recognized as one of the leading
approaches in network biology and network pharmacology
[66, 67]. For instance, CIPHER achieves a high-precision
accuracy in disease gene prediction that outperforms the
state-of-art methods [27], drugCIPHER takes the lead in
the genome-wide drug target prediction [26], and NIMS
is regarded as a novel method in network pharmacology
[67]. These methods can help solve challenging problems in
studying chemical and biological basis of herbal formula. For
example, drugCIPHER provides a new way to identify target
profiles of most ingredients in herbal formulae [26, 47].

In this work, by QLY as a case study, we demonstrate
that this platform is effective on identifying bioactive ingre-
dients, synergistic ingredient pairs, and ingredient groups
(Figures 2 and 3) and elaborating the combinational rules
of QLY (Figure 4), which tentatively validated by statistical
approaches as well as literature. For example, the previous
experimental studies have shown the anti-inflammatory
actions of Matrine, the antiangiogenic effect and anti-IL1B
expression of Sinomenine, the immune-regulatory effect of
Berberine [68–71], and synergistic effects between Matrine
and Sinomenine [20], which proved the outputs of our
platform. Although the target networks of QLY need to be
further experimentally determined, this platform is useful
for uncovering the systematic-level mechanisms that are not
easily detectable in experimental studies. For instance, our
analysis revealed that not only Ku-Shen and three other herbs
may synergize by targeting different biological processes (e.g.,
angiogenesis, inflammatory, and immune response), but also
Huang-Bai may antagonize the adverse reaction of Ku-Shen
through some off-target genes (e.g., PTGS1) that deserve
further experimental testing.

The aim of herbal formulae treatment is to adjust an
imbalance state of disease-specific network, which refers to
the network interaction and node activity or expression in a
given disease context deviating from health status (Figure 5).
Recent studies of cancer therapy have shown that disease-
specific networks are dynamic and can change with time and
space in order to adapt to different interventions, resulting
in compensatory effects and drug resistance [72, 73]. For a
given disease-specificmolecular network, the combination of
interventions can best restore the disease network to a desired
normal state. Thus, our platform can be used to reveal the

behavior of network balance regulation featured by herbal
formulae. Our results suggest that various ingredients in QLY
may weakly target different proteins within the RAmolecular
network, shut down the whole pathological process by net-
work interaction or biochemical synergism, then maintain a
delicate balance of the human body, and finally activate its
own capability of disease resistance. In this study, we clarified
that the synergistic effects among six main ingredients in
QLY are caused by acting on the compensatory pathway
and feedback loop in the TNF/IL1B/VEGF-induced NF-𝜅B
pathways involved in RA and the synergistic mechanism
of QLY is partially associated with the modulation of NF-
𝜅B imbalanced network (Figures 3 and 4). Recently, the
combination intervention of NF-𝜅B system has provided the
evidence for the efficiency of network balance regulation
in cancer therapy. For instance, NF-𝜅B-blocking therapies
against tumors with constitutive or chemotherapy-induced
NF-𝜅B activation represent one of the few examples where
inhibition of NF-𝜅B network serves as a homeostatic switch
for enhancing genotoxic damage but promotes the secretion
of protumorigenic factor, IL-1𝛽 [74, 75]. In this case, NF-
𝜅B inhibition combined with anti-IL-1 therapy will rebalance
the adverse effects of perturbed NF-𝜅B network [76]. Indeed,
the adjustment of dysregulated NF-𝜅B network implicated
in other diseases can help to understand the effects of QLY
on RA. QLY is most likely to modulate angiogenesis within
inflammation or tumor environment owing to itsmodulation
of the NF-𝜅B network. It is noted that the Jun-Chen herb (Ku-
Shen andQing-Feng-Teng) inQLYhas shown the therapeutic
benefits on tumor development [70, 77]. Recently we also
identified and experimentally verified a novel angiogenesis
inhibitor, vitexicarpin, from a herb paired with Huang-Bai
in QLY [32]. We believe that integrative adjustment of the
imbalanced network is expected to be one of the trends of
future drug discovery, especially discovery of combinatory
drugs from herbal formulae.

In addition, we can also capture the formula-syndrome
relationship from a network target viewpoint. The treatment
strategy of herbal formula is characterized by guiding the
combination of herbs in the light of the imbalance state of
the human body, such as TCM Cold and Hot syndromes. We
investigated the imbalanced molecular network associated
with Cold syndrome and Hot syndrome in the context of
the neuroendocrine-immune system and identified several
key Hot syndrome-related molecules, such as IL1B, TNF, and
VEGF [14]. Our previous results demonstrated that QLY can
suppress angiogenesis and inflammation in collagen induced
arthritis rats [33]. The present work also demonstrates at
the molecular level that QLY as a Cold-natured formula
is likely to modulate these network hub molecules of Hot
syndrome (IL1B, TNF, and VEGF), aiming to expel the
“pathogenetic hot” for curing Hot syndrome-related RA and
exert the antiangiogenesis, anti-inflammation, and immune-
regulatory actions (Figure 4 and Table 1). All together, these
findings evidenced that the mechanism of QLY can be
interpreted by its actions on a therapeutic network and its
adjustment of the network imbalance state.

As illustrated by Qing-Luo-Yin, we demonstrate that
the implementation of our TCM network pharmacology
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Figure 5: Regulation of network imbalance as an important therapeutic principle of herbal formula. Mutation/amplification and aberrant
signal transduction cause the multiple changes of the normal network structure, leading to the imbalance of health state. Combinations of
herbs used in herbal formula (substantially certain chemical compounds) can weakly target different proteins within the disease-specific
network so as to restore the imbalanced disease state.

platform can not only recover the known knowledge but also
provide new findings that deserve further experimental vali-
dations for discovering the active ingredients and therapeutic
mechanism of herbal formulae. Therefore, this sustainable
development platform coupling with the rich experience of
TCM is hopeful of shifting the paradigm for conquering
complex diseases from the conventional “one target, one
drug” to the “network target, multicomponent therapeutics,”
offering bright prospects and solid supports for translating
TCM from experience-based to evidence-based medicine
and accelerating TCM drug discovery as well.
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Aim. To investigate pharmacological mechanisms of Wu Tou Tang acting on rheumatoid arthritis (RA) by integrating network
analysis at a system level.Methods and Results. Drug similarity search tool in Therapeutic Targets Database was used to screen 153
drugs with similar structures to compositive compounds of each ingredient in Wu Tou Tang and to identify 56 known targets of
these similar drugs as predicted molecules which Wu Tou Tang affects. The recall, precision, accuracy, and F1-score, which were
calculated to evaluate the performance of this method, were, respectively, 0.98, 0.61, 59.67%, and 0.76. Then, the predicted effector
molecules of Wu Tou Tang were significantly enriched in neuroactive ligand-receptor interaction and calcium signaling pathway.
Next, the importance of these predicted effector molecules was evaluated by analyzing their network topological features, such as
degree, betweenness, and k-coreness. We further elucidated the biological significance of nine major candidate effector molecules
of Wu Tou Tang for RA therapy and validated their associations with compositive compounds in Wu Tou Tang by the molecular
docking simulation. Conclusion. Our data suggest the potential pharmacological mechanisms of Wu Tou Tang acting on RA by
combining the strategies of systems biology and network pharmacology.

1. Introduction

Rheumatoid arthritis (RA) is a systemic autoimmune disease
characterized by the presence of inflammatory synovitis, the
predominance of proerosive mediators, and the progressive
destruction of cartilage and bone [1]. Traditional Chinese
Medicine (TCM) has been extensively used for centuries
in the treatment of arthritic diseases. On the concept of
TCM, RA is categorized as “arthromyodynia” (Bi Zheng,
Bi syndrome, or blockage syndrome) [2]. Various TCM-
based herbal formulas and the extracts or the ingredients
of herbs, such as Wu Tou Tang, Guizhi Shaoyao Zhi Mu
Tang, Du Huo Ji Sheng Tang, Fangji Huangqi Tang, and
extracts of the herb TripterygiumWilfordii Hook f. (TWHF)
have been demonstrated to be effective for relieving the
severity of RA [3–5]. The use of a combination of multiple
herbs in TCM formulas is designed to exploit the additive or
synergistic activities of individual herbs, as well as to balance

or neutralize the toxic effects of certain herbal components by
others in the mixture [6]. It is of great significance to screen
effective ingredients from natural herbs and investigate their
therapeutic mechanisms.

Wu Tou Tang as a classic TCM formula from Chinese
medical sage Zhang Zhongjing is prepared from a basic
formula of five Chinese herbs, including Radix Aconiti (Wu
Tou), Herba Ephedrae (Ma Huang), Radix Astragali (Huang
Qi), Raidix Paeoniae Alba (Bai Shao), and Radix Glycytthizae
(Gan Cao). It is widely produced in China in accordance
with the China Pharmacopoeia standard of quality control
and is extensively used for the treatment of RA, hemicranias,
and constitutional hypotension [7]. In TCM theory, multiple
agents contained in one formula must work synergistically.
With regard to Wu Tou Tang, Radix Aconiti is the pri-
mary component and is believed to be effective in treating
rheumatic arthritis and RA; Herba Ephedrae serves as the
ministerial component to intensify the analgesic function
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of Radix Aconiti; Radix Astragali acts as the adjunctive
component to invigorate qi (vital energy), strengthen the
body, and reinforce the effect of Radix Aconiti and Herba
Ephedrae; Raidix Paeoniae Alba and Radix Glycytthizae are
both messenger drugs which can either focus the actions of
the formula on a certain area of the body or harmonize and
integrate the actions of the other ingredients of the formula
[8, 9]. There have been a large number of studies which
were carried out to investigate in active monomers among
ingredients of Wu Tou Tang and made great progresses.
For example, Aconitine (monomer of Radix Aconiti) is
found to greatly lighten the hyperalgesia of the rat adjuvant
arthritis [10]; Ephedrine (monomer of Herba Ephedrae) is
an alkaloid that functions as a decongestant, an antitussive,
a central nervous system (CNS) stimulant, and an appetite
suppressant [11]. However, monomer pharmacological effects
cannot present overall efficacy of the whole formula. There is
an urgent need for investigations involving all the compounds
of Wu Tou Tang.

TCM, characterized by the use of herbal formula (Fu-
Fang), is multicomponent and multitarget agents, essentially
achieving the therapeutic effectiveness through collectively
modulating the molecular network of the body system
using its active ingredients. Which the development in
high-throughput detection methods, many researchers have
investigated the multitarget and synergetic actions of multi-
component in TCM formula at a molecular level. However,
these studies have confronted several great challenges as
following. First, it is very labor-intensive, time-consuming
and costly to isolate and identify chemical constituents with
desirable pharmacological effects, because most medicinal
herbs may contain tens of thousands of constituents; then,
it is very difficult to investigate its pharmacological and
toxicological effects, because a certain component in TCM
formula may act on multiple biological targets; finally, there
may be a complex and highly dynamic ingredient-ingredient
interaction network underlying the overall clinical effects
because TCM formulas are administrated as an integrated
prescription for treating diseases traditionally. In this context,
it is necessary to develop a novel method which can under-
stand the biological processes of the interactions among
genes, proteins, and environmental factors at a system level
in order to discover the molecular mechanisms related to the
therapeutic efficacy of TCM. Network pharmacology, a novel
research field which elucidates the underlyingmechanisms of
biological systems by analyzing various biological networks
such as ingredient-ingredient, ingredient-target, target-target
interaction networks, may have the potentials to address the
relationship between multicomponents and drug synergistic
effects [12, 13]. There are two kinds of approaches in net-
work pharmacology. (1) Bottom-up: addition of well-known
molecular drugs and observation of synergistic effects; (2)
top-down: reduction of more general formula to its minimal
elements that keep its beneficial properties [14, 15]. As
TCM formula is considered to be an empirical system of
multicomponent therapeutics which potentially meets the
demands of treating a number of complex diseases in an
integrated manner, the methodologies of network pharma-
cology are suitable for pursuing a priori knowledge about the

combination rules embedded inTCM[16].Therefore, we here
intend to investigate the pharmacological mechanisms ofWu
Tou Tang acting on RA by integrating network analysis.

2. Materials and Methods

The technical strategy of this study was shown in Figure 1.

2.1. Data Preparation

2.1.1. Structural Information of the Compositive Compounds
of Each Ingredient in Wu Tou Tang. Structural information
(∗.mol or ∗.sdf files) of the compositive compounds of
each ingredient in Wu Tou Tang was obtained from TCM
Database@Taiwan [17] (http://tcm.cmu.edu.tw/, Updated in
2012-06-28), which is currently the largest noncommercial
TCM database worldwide. TCM Database@Taiwan is based
on information collected from Chinese medical texts and
scientific publications and contains more than 20,000 pure
compounds isolated from 453 TCM ingredients. In total,
we collected the structural information of 17 compounds
for Radix Aconiti, 29 compounds for Herba Ephedrae, 22
compounds for Radix Astragali, 15 compounds for Raidix
Paeoniae Alba and 82 compounds for Radix Glycytthizae.

2.1.2. Known Therapeutic Targets Approved by FDA for the
Treatment of RA. Known therapeutic targets were obtained
from DrugBank database [18] (http://www.drugbank.ca/,
version: 3.0). We only used those drug-target interactions
whose drugs are FDA approved for the treatment of RA and
whose targets are human genes/proteins. In total, we obtained
58 known therapeutic targets. The detailed information on
these known therapeutic targets is described in Supplemen-
tary Table S1 in Supplementary Material available online at
http://dx.doi.org/10.1155/2013/548498.

2.1.3. Protein-Protein Interaction (PPI) Data. PPI data were
imported from eight existing PPI databases includingHuman
Annotated and Predicted Protein Interaction Database
(HAPPI) [19], Reactome [20], Online Predicted Human
Interaction Database (OPHID) [21], IntAct [22], Human
Protein Reference Database (HPRD) [23], Molecular Interac-
tion Database (MINT) [24], Database of Interacting Proteins
(DIP) [25], and PDZBase [26]. The detailed information on
these PPI databases is described in Supplementary Table S2.
In total, we obtained 6713 interactions between 3231 proteins.

2.2. Pharmacological Mechanism Analysis

2.2.1. Screening of Similar Drugs and Prediction of Effec-
tor Molecules for Wu Tou Tang. We used drug similarity
search tool in Therapeutic Targets Database [27] (TTD,
http://xin.cz3.nus.edu.sg/group/cjttd/ttd.asp, Version 4.3.02
release on Aug 25th 2011) to screen similar drugs of Wu
Tou Tang through the structural similarity comparison.
TTD provides comprehensive information about efficient
targets and the corresponding approved, clinical trial, and
investigative drugs. All information provided in TTD is fully
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TCM database@Taiwan

Structural similarity
comparison based on TTD

Known drugs of high
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Known RA therapeutic
targets from DrugBank

Go enrichment and key
pathway analysis

Network construction of
candidate and known targets
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Identification of potential multitargets
for Wu Tou Tang acting on RA

Understanding of possible pharmacological
mechanisms of Wu Tou Tang

Structural information of
compounds in Wu Tou Tang

similarity with compounds
in Wu Tou Tang

Figure 1: A schematic diagram of this systems biology-based investigation into the pharmacological mechanisms of Wu Tou Tang acting on
rheumatoid arthritis by integrating multitarget identification and network analysis.

referenced.We only selected the drugswith high similar score
(>0.85, similar ∼ very similar) in the comparison with the
structures of compositive compounds of each ingredient in
Wu Tou Tang. The therapeutic targets of these similar drugs
were also collected as predicted effector molecules ofWu Tou
Tang. In total, we obtained 153 similar drugs and 56 predicted
effector molecules of Wu Tou Tang.The detailed information
on these similar drugs and predicted effector molecules is
described in Supplementary Table S3.

In order to evaluate the performance of this predic-
tion method, 59 FDA-approved drugs and their known
targets were randomly collected from TTD (http://bidd.nus
.edu.sg/group/cjttd/TTD Download.asp).The detailed infor-
mation on these FDA-approved drugs and their known
targets is described in Supplementary Table S4). As a certain
drug may have or be predicted to have multiple targets,
we used a multilabel evaluation measure which can rate
predictions as “half-right” when only a portion of the correct

labels were recovered or more labels than the correct ones
were predicted. The overall accuracy (ACC) which is the
percentage of correctly predicted instances, the recall (REC),
the precision (PRE), and the average 𝐹1-score (𝐹1) which
is the harmonic mean of REC and PRE were calculated
according to the previous study [28]. Let 𝐷 denote a dataset
with 𝑛 instances. In addition, let 𝑌

𝑖
and 𝑍

𝑖
be the set of

correct labels and the set of predicted labels of instance 𝑖 ∈
𝐷, respectively. Consequently, we can define the ACC, REC,
PRE, and 𝐹1 for label 𝑘 as follows:

ACC = ∑
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2.2.2. Gene Ontology (GO) and Pathway Enrichment Analysis
for Candidate Effector Molecules of Wu Tou Tang. We used
Database for Annotation, Visualization, and Integrated Dis-
covery [29] (DAVID, http://david.abcc.ncifcrf.gov/home.jsp,
version 6.7) for GO enrichment analysis. DAVID now pro-
vides a comprehensive set of functional annotation tools
for investigators to understand biological meaning behind a
large list of genes. We also performed pathway enrichment
analysis using pathway data obtained from the FTP service
of KEGG [30] (Kyoto Encyclopedia of Genes and Genomes,
http://www.genome.jp/kegg/, last updated: October 16, 2012).
The KEGG pathway section is a collection of manually
constructed pathway maps representing information on
molecular interaction and reaction networks.

2.3. Network Construction. We first constructed a PPI net-
work for known targets of RA and candidate effector
molecules of Wu Tou Tang based on their PPI data obtained
from eight existing PPI databases as mentioned above. Then,
we applied Navigator software (Version 2.2.1) to visualize the
PPI network.

2.4. Defining Features Set. For each node 𝑖 in the above
PPI network, we defined three measures for assessing its
topological property. (1) “Degree” is defined as the number of
links to node 𝑖; (2) “betweenness” is defined as the number of
edges running through node 𝑖. Both degree and betweenness
centrality can measure a protein’s topological importance
in the network. The larger a protein’s degree/betweenness
centrality is, the more important the protein is in the PPI
network [31]. (3) 𝐾-core analysis is an iterative process in
which the nodes are removed from the networks in order of
least connected [32]. The core of maximum order is defined
as the main core or the highest 𝑘-core of the network. A 𝑘-
core subnetwork of the original network can be generated by
recursively deleting vertices from the network whose degree
is less than 𝑘. This results in a series of subnetworks that
gradually reveal the globally central region of the original
network. On this basis, “𝐾 value” is used to measure the
centrality of node 𝑖.

2.5. Molecular Docking Simulation. eHiTS software [33]
(Version 4.5, SimBioSys Inc. Canada) was used to vali-
date the associations of candidate effector molecules with
compositive compounds in Wu Tou Tang. All the protein
structures were obtained from RCSB protein data bank
[34] (http://www.pdb.org/, been updated in 2012-11-06) and
have carefully checked for their resolutions. The 3D struc-
tures (∗.mol files) of the compositive compounds of each
ingredient in Wu Tou Tang were obtained from TCM
Database@Taiwan [17] (http://tcm.cmu.edu.tw/, Updated in
2012-06-28). A docking score calculated by the customizable

scoring function of eHiTS, which combines novel terms
(based on local surface point contact evaluation) with tra-
ditional empirical and statistical approaches [33], was used
to measure the binding efficiency of each effector molecule
to the corresponding compound. For candidate effector
molecules, when the docking score was higher than the
median value, these proteins were identified be able to
bind their corresponding compounds with strong binding
efficiency.

3. Results and Discussion

3.1. Identification of the Underlying Pharmacological Mecha-
nisms ofWu Tou Tang. In order to demonstrate the reliability
of our prediction system, we firstly evaluated its performance
by the multilabel measure. As the result of the independent
set test, the recall value of our prediction system was 0.98,
indicating that it could screen the effector molecules of drugs
correctly; however, its precision (0.61) and overall accuracy
(59.67%) were slightly low because of several false positive
prediction results. The 𝐹1 score is a measure of a test’s
accuracy. It considers both the precision and the recall of the
test to compute the score. The 𝐹1 score can be interpreted as
a weighted average of the precision and recall, where an 𝐹1
score reaches its best value at 1 and worst score at 0. It is better
suited than the overall accuracy, especially for unbalanced
datasets, because the overall accuracy often biases towards an
overrepresented class [28]. Our data have shown that the 𝐹1
score of our prediction system was 0.76.

Using this prediction system, 153 similar drugs of com-
positive compounds (data shown in Supplementary Table
S3) and 56 candidate effector molecules (data shown in
Supplementary Table S3) for Wu Tou Tang were screened
to reveal their underlying molecular mechanisms. According
to the therapeutic effects of these similar drugs, we found
that all five ingredients in Wu Tou Tang could act as
anti-inflammatory, antibacterial, and hypoglycemic agents.
Especially, both Radix Aconiti and Herba Ephedrae could
be used as analgesics and corticosteroids; Radix Astragali
had deintoxication; both Raidix Paeoniae Alba and Radix
Glycytthizae could function as analgesics, immune regulator,
and dietary supplement. In addition, we researched the
functional distribution of candidate effector molecules ofWu
Tou Tang by GO enrichment analysis. The GO annotation
systemuses a controlled andhierarchical vocabulary to assign
function to genes or gene products in any organism. It
contains three independent categories: biological processes,
molecular function, and cellular components. Figure 2 shows
enriched GO terms of predicted effector molecules of Wu
Tou Tang. The top three significantly enriched GO biological
processes of them include intracellular signaling cascade, cell
surface receptor linked signal transduction, and response
to organic substance (Figure 2(a)); most of these predicted
effector molecules are localized on the cellular membrane
(Figure 2(b)) and function as binding components (Figure
2(c)). These annotations are all related with the processes of
different molecular signal transmissions, indicating that Wu
Tou Tang may intervene in these pathological progresses.



Evidence-Based Complementary and Alternative Medicine 5

Biological process counts
 Go:0010941∼regulation of cell death

  Go:0043067∼regulation of programmed cell death
 Go:0042981∼regulation of apoptosis

 Go:0042127∼regulation of cell proliferation
  Go:0007267∼cell-cell signaling

 Go:0007610∼behavior
  Go:0044057∼regulation of system process

 Go:0019932∼second-messenger-mediated signaling
  Go:0050877∼neurological system process

 Go:0007186∼G-protein coupled receptor protein signaling pathway
 Go:0010033∼response to organic substance

 Go:0007166∼cell surface receptor linked signal transduction
  Go:0007242∼intracellular signaling cascade

0 2 4 6 8 10 12 14 16 18 20

(14.5%)

(17.4%)
(18.8%)

(17.4%)

(27.5%)
(21.7%)

(14.5%)
(14.5%)
(14.5%)

(14.5%)
(14.5%)

(14.5%)
(14.5%)

(a)

 Go:0030054∼cell junction

 Go:0005829∼cytosol

Go:0031226∼intrinsic to plasma membrane

 Go:0005626∼insoluble fraction

  Go:0005624∼membrane fraction

 Go:0000267∼cell fraction

 Go:0044459∼plasma membrane part

 Go:0005886∼plasma membrane

 Go:0031224∼intrinsic to membrane

 Go:0005887∼integral to plasma membrane

(14.5%)

(15.9%)

(23.2%)

(23.2%)

(24.6%)

(24.6%)

(26.1%)

(31.9%)

(39.1%)

(40.6%)

0 5 10 20 25 30

Cellular component counts

15
(b)

Molecular function counts

 Go:0019899∼enzyme binding
 Go:0005496∼steroid binding

Go:0004879∼ligand-dependent nuclear receptor activity
  Go:0003707∼steroid hormone receptor activity

 Go:0042166∼acetylcholine binding
 Go:0042802∼identical protein binding

 Go:0043565∼sequence-specific DNA binding
 Go:0042803∼protein homodimerization activity
 Go:0030594∼neurotransmitter receptor activity

   Go:0042165∼neurotransmitter binding
 Go:0008227∼amine receptor activity

 Go:0046983∼protein dimerization activity
 Go:0008289∼lipid binding

 Go:0043176∼amine binding
Go:0008144∼drug binding

(8.7%)
(8.7%)
(8.7%)
(8.7%)
(8.7%)

(10.1%)
(10.1%)
(10.1%)
(10.1%)

(11.6%)
(11.6%)

(14.5%)
(14.5%)

(15.9%)
(15.9%)

0 2 4 6 8 10 12
(c)

Figure 2: Continued.
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Figure 2: Enriched Gene Ontology terms for biological processes (a), for cellular components (b), and formolecular functions (c) and KEGG
pathways (d) on the candidate effector molecules of Wu Tou Tang.

Pathway information is important for understanding
gene and protein function. Therefore, we analyzed the
enriched KEGG biological pathways among these predicted
effector molecules of Wu Tou Tang. As shown in Figure 2(d),
themost associated pathway was neuroactive ligand-receptor
interaction, which had 20 (20/56, 35.71%) predicted effector
molecules associated with it. The second-most frequent
associations were calcium signaling pathway, followed by
metabolic pathways, pathways in cancer, regulation of actin
cytoskeleton, pathogenic Escherichia coli infection, and so
on.

Among these pathways, the importance of neuroactive
ligand-receptor interaction in the development and progress
of RA has been reported. In TCM theory, patients suffering
from RA can be categorized into Cold-ZHENG-related RA
who are treated by the cold-warming herbal formulas and
Hot-ZHENG-related RA who are treated by the hot-cooling
herbal formulas [35]. Li et al. [36] found that genes shared
by both Cold-ZHENG and Hot-ZHENG are significantly
enriched in the pathway of neuroactive ligand-receptor inter-
action. In the present study, wemapped the predicted effector
molecules ofWu Tou Tang onto KEGG pathways. Figure 3(a)
shows the effects of the active compounds inWuTou Tang on
the system of neuroactive ligand-receptor interaction. These
active compounds act on different receptors so as to regulate
the uptake and transport systems of neurotransmitters such
as acetylcholine, norepinephrine and opioid, suggesting that
Wu Tou Tangmay block the reuptake of multiple neurotrans-
mitters and stimulate the release of these neurotransmitters in
a multitarget pattern. In addition, it has been demonstrated

that calcium signaling pathway plays an important role
in RA progression. Ca2+ signals are essential for diverse
cellular functions including differentiation, effector function,
and gene transcription in the immune system. Davies and
Hallett [37] found that cytosolic Ca2+ signaling could trigger
neutrophil responses in RA. Lu et al. [38] also indicated
that calcium signaling pathway may be related with heat
pattern of RA. As shown in Figure 3(b), the predicted effector
molecules of Wu Tou Tang mapped in this pathway such as
adrenergic receptor and opioid receptor are closely related to
the progression of RA.

3.2. Importance of the Candidate EffectorMolecules forWuTou
Tang Acting on RA Therapy. We constructed a PPI network
for known targets of RA and candidate effector molecules of
Wu Tou Tang based on their PPI data. In total, there are 6713
interactions between 3231 proteins (Figure 4(a)). According
to the previous study of Li et al. [36], we identified a node as a
hub protein if its degree is more than 2-fold of the median
degree of all nodes in a network. As the results, there are
129 hub proteins, the interactions among which are shown in
Figure 4(b).

Analysis on topological features may improve the
identification of essential proteins in PPI networks. Based on
the characteristic of biological network, nodes with higher
degree and 𝐾-coreness are the center of network and their
removal may disrupt a number of essential pathways to
break network [32, 39]. In addition, some global topological
features such as closeness/betweenness centrality have been
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Figure 3: Effects of active compounds in Wu Tou Tang on neuroactive ligand-receptor interaction (a) and calcium signaling pathway (b) by
their candidate effector molecules marked with red panes. This plot is modified from KEGG pathway map.
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Figure 4: (a)The protein-protein interaction (PPI) network of known targets of rheumatoid arthritis (RA) and candidate effector molecules
of Wu Tou Tang based on their PPI data. In total, there are 6713 interactions between 3231 proteins in the PPI network. (b) The PPI network
of 129 hub proteins obtained from (a). Yellow nodes refer to known targets of RA, and green nodes refer to candidate effector molecules of
Wu Tou Tang. Pathway with blue edges refer to neuroactive ligand-receptor interaction, which is the most associated pathway of candidate
effector molecules of Wu Tou Tang according to the pathway enrichment analysis. (c) The interaction network of five ingredients in Wu Tou
Tang and nine major candidate effector molecules of Wu Tou Tang on RA therapy. Square nodes refer to ingredients in Wu Tou Tang, and
circular nodes refer to major candidate effector molecules of Wu Tou Tang on RA therapy.

put forward. Closeness/betweenness centrality correlates
more closely with essentiality than degree, exposing critical
nodes that usually belong to the group of scaffold proteins or
proteins involved in crosstalk between signaling pathways
[31]. Nodes with higher value of closeness/betweenness
centrality can be identified as initial candidates for drug
targets [40].Thus, we calculated the degree, the betweenness,
and the 𝐾-coreness of candidate effector molecules in order
to demonstrate their importance in PPI network. The nodes
with all the three feature values (“Degree”, “Betweenness”
and “𝐾 value”) higher than their corresponding medians
were identified as major candidate effector molecules of
Wu Tou Tang acting on RA. As the result, nine proteins,
ADRB1 HUMAN (official gene symbol, OGC: ADRB1),
ADRB2 HUMAN (OGC: ADRB2), OPRM HUMAN
(OGC: OPRM1), OPRD HUMAN (OGC: OPRD1),
ADA1B HUMAN (OGC: ADRA1B), HS90A HUMAN
(OGC: HSP90AA1), STAT3 HUMAN (OGC: STAT3),
GCR HUMAN (OGC: NR3C1), and TBB5 HUMAN (OGC:
TUBB), were identified asmajor candidate effectormolecules
of Wu Tou Tang on RA therapy. The detailed information on
these proteins and their corresponding compounds in Wu
Tou Tang is described in Supplementary Table S5. As shown
in Figure 4(c), NR3C1 was the common effector molecules
of four ingredients in Wu Tou Tang, including Radix
Aconiti, Herba Ephedrae, Raidix Paeoniae Alba, and Radix
Glycytthizae; ADRA1B was the common effector molecules
of Radix Aconiti and Herba Ephedrae; ADRB1, HSP90AA1,
and OPRM1 were all the common effector molecules of
Herba Ephedrae and Radix Glycytthizae; TUBB was the
common effector molecules of Radix Glycytthizae and Radix
Astragali. All these data indicate that the therapeutic effects

of Wu Tou Tang on RA may be based on the synergistic
interactions of different ingredients.

3.2.1. Biological Interpretations of Major Candidate Effector
Molecules. Among nine major candidate effector molecules
of Wu Tou Tang on RA therapy, ADRB2, ADRA1B,
HSP90AA1, STAT3, NR3C1, and TUBB have been demon-
strated to be associated with RA progression. We would like
to illustrate their biological significance in RA.

ADRB2, named as beta-2 adrenergic receptor, is a mem-
ber of the group of G-protein-coupled receptors [41]. It is
present on skeletal and cardiacmuscle cells and on peripheral
blood lymphocytes. ADRB2may represent a link between the
sympathetic nervous system and the immune system [42].
In RA patients, Baerwald et al. [43] detected the reduced
number of ADRB2 on peripheral blood mononuclear cells,
which may be associated with disease activity and defective
suppressor cell functions. Pont-Kingdon et al. [44] also indi-
cated that ADRB2might be a factor affectingRAby impairing
the control of the immune response. These involvements of
ADRB2 in RA imply a potential importance of its genetic
variation in this disease. Xu et al. [45] showed an association
of ADRB2 SNPs with RA in a population from the northern
part of Sweden. Malysheva et al. [46] further demonstrated
a correlation between ADRB2 polymorphisms and RA in
conjunction with human leukocyte antigen-DRB1 shared
epitope. These findings suggest the associations between RA
and variants in the gene encoding ADRB2.

ADRA1B, named as alpha-1B adrenergic receptor, medi-
ates its action by association with G proteins that activate a
phosphatidylinositol-calcium secondmessenger system [47].
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Its effect is mediated by G(q) and G(11) proteins. Nuclear
ADRA1A-ADRA1B hetero-oligomers regulate phenylephrine
(PE)-stimulated ERK signaling in cardiacmyocytes. Previous
studies demonstrated that the expression of ADRA1B mRNA
in PBMC during chronic inflammation in juvenile rheuma-
toid arthritis (JRA) may be associated with altered responses
of the immune system to stress [48].

HSP90AA1, named as heat shock protein HSP 90-alpha
(Hsp90𝛼), belongs to the heat shock protein 90 family [49].
It is a highly conserved and abundant protein, constituting
approximately 1% of the total intracellular protein. This
protein is localized in cytoplasm and melanosome of human
cells. In the cytoplasm,Hsp90𝛼 hasmore than 200 interacting
proteins, and it commonly functions in concert with various
cochaperones including Hsp70, Hsp40, Hop, Hip, and p23,
which can form a complex and subsequently bind to the
interacting proteins and assist in their folding or activa-
tion [50]. Functionally, Hsp90𝛼 promotes the maturation,
structural maintenance, and proper regulation of specific
target proteins involved for instance in cell cycle control
and signal transduction.Accumulating studies have indicated
the intracellular role of Hsp90𝛼 in tumorigenesis. In 2011,
Sedlackova et al. [51] detected the HSP expression profile by
real-time quantitative reverse transcription polymerase chain
reaction in RA, osteoarthritis, and healthy controls. Their
data showed the significantly increased Hsp90𝛼mRNA level
in RA synovial tissues. This upregulation together with the
downregulation of Hsp70 and the elevated HspBP1/Hsp70
mRNAratios can be used to differentiate betweenRApatients
and healthy individuals through analysis of peripheral blood
samples, suggesting that the differential expression ofHsp90𝛼
may be a promising diagnostic marker for RA patients.

STAT3, named as signal transducer and activator of
transcription 3, belongs to the transcription factor STAT
family and contains one SH2 domain [52]. Among seven
known STAT proteins, STAT3 has been demonstrated to
be active in synovial lining cells in adjuvant arthritis and
RA and in freshly isolated RA SFs [53]. It is activated by
a number of cytokines and growth factors expressed in RA
synovitis, including IL-6, oncostatinM, EGF, and PDGF [54].
STAT3 is one of components in the Janus kinase (JAK)-STAT
signal transduction pathway, which functionally regulates
gene expression and various cellular processes, including cell
activation, proliferation, and differentiation. In RA, this path-
way plays a critical role in synovial membrane proliferation.
Emerging experimental results demonstrate that JAK-STAT
inhibitorsmay exhibit dramatic effects on RA in clinical trials
[55].

NR3C1, named as glucocorticoid receptor, has a dual
mode of action, as a transcription factor that binds to
glucocorticoid response elements and as amodulator of other
transcription factors [56]. It affects inflammatory responses,
cellular proliferation, and differentiation in target tissues.
Glucocorticoids are extensively used in the treatment of
inflammatory bone diseases, such as RA. Rauch et al. [57]
indicated that the anti-inflammatory selective glucocorticoid
receptor modulator may preserve osteoblast differentiation.

TUBB, named as tubulin beta chain, belongs to the tubu-
lin family. Tubulin is the major constituent of microtubules

[58]. It binds two moles of GTP, one at an exchangeable
site on the beta chain and one at a nonexchangeable site on
the alpha chain. In 1992, Ramos-Ruiz et al. [59] found the
decreased tubulin synthesis in synoviocytes from adjuvant-
induced arthritic rats. By proteomic analysis, Kamada et
al. [60] further found that the expression levels of tubulin
protein in bone marrow-adherent cells were increased in
osteoarthritis compared to RA.

3.2.2. Validation by Molecular Docking Simulation. Molec-
ular docking simulation, as one of structure-based meth-
ods, is an invaluable tool in drug discovery and design.
Computational docking technique is flexible ligand docking,
where the candidate ligands are fitted to the 3D structure
of the target receptor with allowance for the conforma-
tional flexibility of the ligands [61]. Thus, it is of great
importance to investigate ligand-protein interactions and
elucidate binding mechanisms. eHiTS, one of the molecular
docking softwares, systematically covers the part of the
conformational and positional search space that avoids severe
steric clashes, producing highly accurate docking poses
at a speed practical for virtual high-throughput screening
[33]. For these reasons, the molecular docking simulation
was performed in this study to validate the associations
of major candidate effector molecules with compositive
compounds of Wu Tou Tang on RA therapy using eHiTs
software. As a result, 26 pairs of compound-candidate effector
molecules interactions were deleted either because their
structural information was unavailable or because nega-
tive results were output from eHiTS. The positive docking
results for other interactions were summarized in Supple-
mentary Table S6. The median value of all docking scores
was −4.41 kcal/mol, and there were 13 pairs of compound-
candidate effector molecules interactions with strong bind-
ing free energy. Among these, GCR HUMAN could effec-
tively bind with five “candidate compounds” (Aconitine
from Radix Aconiti, Methyl-7-epiganoderate from Herba
Ephedrae, Paeoniflorin from Raidix Paeoniae Alba, Isora-
manone from Radix Glycytthizae, and Aldohypaconitine
from Radix Aconiti); ADRB1 HUMAN could also efficiently
bind with five “candidate compounds” (Isogosferol from
Radix Glycytthizae, Neohancoside A from Radix Glycyt-
thizae, delta-Terpineol from Herba Ephedrae, Neoisopulegol
from Radix Glycytthizae, and trans-beta-Terpineol from
Herba Ephedrae); STAT3 HUMAN could effectively bind
with two compounds in Radix Glycytthizae (Methyl gly-
cyrrhetate and Glycyrrhetol); ADRB2 HUMAN could effi-
ciently bind with one compound in Radix Glycytthizae
(2-Methy1-1,3,6-tri). Especially, the binding free energy of
the Aconitine-GCR HUMAN (−8.81 kcal/mol), Methyl-7-
epiganoderate-GCR HUMAN (−8.27 kcal/mol), and Paeon-
iflorin-GCR HUMAN interactions (−6.75 kcal/mol) were all
higher than 1.5-fold of the median value of docking scores.

4. Conclusion

Different from western medicine, TCM is an independent
system of theory, which treats the function and dysfunction
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of living organisms in a more holistic way. It is very difficult
to understand the therapeutic mechanisms of TCM because
of the complexity of the chemical components and their
actions in vivo. Many studies have applied monomer in
herbs to elucidate the pharmacological efficacy of the whole
TCM formula. However, this method ignored the multitarget
characteristic of the multicomponent TCM formula. At
present, to develop an effective method for understanding
the TCM system as a whole is still the “bottleneck” of
modern TCM study. Currently, we combined the strategies
of systems biology and network pharmacology to investigate
the complicated multitarget mechanisms of Wu Tou Tang.
Our main findings are (1) to develop a novel strategy which
is used to investigate into the therapeutic mechanisms of Wu
Tou Tang from chemical structures, genomic, proteomic, and
pharmacological data in an integrated framework. (2) This
strategy can pinpoint out the underlying pharmacological
effects of the ingredients in Wu Tou Tang based on the
synergistic interactions of the ingredients, targets, and path-
ways. The results indicate that Radix Aconiti shares the most
common effector molecules with Herba Ephedrae, while less
common effector molecules with Radix Glycytthizae and
Raidix Paeoniae Alba. Moreover, it is important to note that
there may be the most common effector molecules between
Radix Glycytthizae and Herba Ephedrae. These findings
suggest that five Chinese herbs in Wu Tou Tang together
probably display synergistic actions and our network-based
approach may facilitate to generate hypothesis to optimize
and reformulate the herbal formula by elucidating the com-
patible mechanism of the complex prescription. (3) We
also provide a list of candidate effector molecules for Wu
Tou Tang; some of them backed experimental evidence
reported in the literature and were validated by themolecular
docking simulation. Although there are potentially inter-
esting associations between these effector molecules and
RA, cautious interpretation should be performed as our
strategy is based on statistical analysis. Therefore, further
experimental studies are required to test these hypotheses.
Taken together, this study may support further assessments
of clinical application of Wu Tou Tang, and enable further
research onTCMformulas in amore timely and cost-effective
manner.
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The in vivo and in vitro metabolism of genipin was systematically investigated in the present study. Urine, plasma, feces, and
bile were collected from rats after oral administration of genipin at a dose of 50mg/kg body weight. A rapid and sensitive
method using ultraperformance liquid chromatography coupled with electrospray ionization quadrupole time-of-flight tandem
mass spectrometry (UPLC-Q/TOFMS) was developed for analysis of metabolic profile of genipin in rat biological samples (urine,
plasma, feces, and bile). A total of ten metabolites were detected and identified by comparing their fragmentation patterns with
that of genipin using MetaboLynx software tools. On the basis of the chromatographic peak area, the sulfated and glucuronidated
conjugates of genipin were identified as major metabolites. And the existence of major metabolites G1 and G2 was confirmed by
the in vitro enzymatic study further. Then, metabolite G1 was isolated from rat bile by semipreparative HPLC. Its structure was
unambiguously identified as genipin-1-o-glucuronic acid by comparison of its UV, IR, ESI-MS, 1H-NMR, and 13C-NMR spectra
with conference. In general, genipin was a very active compound that would transform immediately, and the parent form of genipin
could not be observed in rats biological samples. The biotransformation pathways of genipin involved demethylated, ring-opened,
cysteine-conjugated, hydroformylated, glucuronidated, and sulfated transformations.

1. Introduction

Genipin is an aglycone derived from an iridoid glycoside
called geniposide, which is present in the fruit of Gardenia
jasminoides Ellis. Intestinal bacteria in animals can transform
geniposide to its aglycone genipin [1]. In our laboratory, geni-
poside could be transformed into genipin by immobilized
𝛽-Glucosidase in a two-phase aqueous-organic system [2].
Genipin has been proven to possess multiple bioactivities
including antitumor [3, 4], neuroprotective [5], choleretic [6],
and anti-inflammatory effects [7–9]. It is also an excellent nat-
ural cross-linker for proteins, collagen, gelatin, and chitosan
cross-linking. It is much less toxic than glutaraldehyde and
many other commonly used synthetic cross-linking regents
[10]. Genipin-chitosan delivery systems are useful to control
the release of such different drugs as clarithromycin, tramadol

hydrochloride, and low-molecular-weight heparin loaded in
spray-dried microspheres [11].

In our previous studies, the parent form of genipin could
not be detected directly in all plasma specimens of rats as
it had been transformed to other forms such as conjugated
genipin. The conjugated genipin could be hydrolyzed with
sulfatase to genipin [12]. So, it can be assumed that some
metabolites could exert stronger bioactivities. Therefore,
investigation of the metabolites of genipin is of great signifi-
cance in elucidation of its pharmacological mechanisms and
discovering novel drugs from the metabolites. However, the
metabolism of genipin has not being fully investigated as no
report has been seen in the literature that comprehensively
and comparatively investigated the in vivo and in vitro
metabolic profile of this compound.



2 Evidence-Based Complementary and Alternative Medicine

In the present study, metabolism of genipin was investi-
gated systematically by using ultraperformance liquid chro-
matography coupledwith electrospray ionization quadrupole
time-of-flight tandem mass spectrometry (UPLC-Q/TOF
MS). The in vivo metabolites were detected in plasma, bile,
urine, and feces. One phase I metabolite and nine phase II
metabolites were detected totally and their structures were
identified. The in vitro incubation and enzymatic hydrol-
ysis analysis also confirmed the existence of two phase II
metabolites. And one major phase II metabolite (genipin-1-
o-glucuronic acid) had been prepared by preparative chro-
matography technology, and its structure was unambigu-
ously identified by comparison of its UV, IR, ESI-MS, 1H-
NMR, and 13C-NMR spectra with conference [13]. The
biotransformation pathways of genipin involved demethy-
lated, ring-opened, cysteine-conjugated, hydroformylated,
glucuronidated, and sulfated transformations.

2. Experimental

2.1. Chemicals and Reagents. Genipin with a purity of 98.0%
byHPLCwas supplied byWakoPureChemical Industries Ltd
(Japan). Sulfatase (type H-1 from Helix pomatia, containing
26.290 units/g) and 𝛽-glucuronidase (type B-1, from bovine
liver, containing 1.240.000 units/g), UDPGA (Uridine 5-
diphosphoglucuronic acid trisodium salt), alamethicin (from
Trichoderma viride), and saccharolactone were purchased
from Sigma Chemical Co. Ltd (St Louis, MO, USA). HPLC-
grade methanol and acetonitrile were purchased fromMerck
(Darmstadt, Germany). Ultrapure water was prepared with
Milli-Q Ultrapure water purification system (Millipore, Bed-
ford, MA, USA) and used for all analyses. Pooled human
liver microsomes (HLM) protein (10mg/mL) was supplied
by the Research Institute for Liver diseases (Shanghai, CA).
Potassium phosphate andMgCl

2
(magnesium chloride) were

supplied by Sinopharm Chemical Reagents Co. Ltd.

2.2. In Vivo Experiment
2.2.1. Animals. Twenty-four male Sprague-Dawley rats
weighing 180–220 g were obtained from the Laboratory
Animal Center of the Shanghai University of Traditional
Chinese Medicine (TCM). These rats were kept in an air-
conditioned animal quarter at a temperature of 22–24∘C
and a relative humidity of 50 ± 10% and had access to the
standard laboratory food and water. The rats were divided
into four groups at random. Rats in the first group (𝑛 = 6)
were kept in metabolic cages. Before the experiment, the
blank urine and feces samples from each rat were collected
for 12 h using a metabolic cage, and 300 𝜇L blood samples
were collected from the suborbital veniplex in heparinized
tubes. Then, rats were given a single dose of genipin solution
at 50mg/kg of body weight by gavage into the stomach.
After administration, food and water were provided freely,
and the drug-containing urine and feces samples were
collected during the time of 0–24 h. The drug-containing
blood samples were collected at 10, 60, 240, and 720min
after administration. Rats in the second group (𝑛 = 6) were
orally administered distilled water at 2mL/100 g. The blank

bile samples were collected by bile duct cannulation surgery.
Rats in the third group (𝑛 = 6) were orally administered
genipin solution at 50mg/kg of body weight, and the
drug-containing bile samples were collected. Rats in the
fourth group (𝑛 = 6) were given a single dose of genipin
solution at 10mg/kg by intravenous administration, and the
blank blood samples were collected before administration,
while the drug-containing blood samples were collected at
10, 60, 240, and 720min after administration of genipin.
Animal experiments were carried out in accordance with
the local institutional guidelines for animal care of Shanghai
University of Traditional Chinese Medicine. Plasma was
separated from blood placed in heparinized Eppendorf tubes
after centrifuging at 4000×g for 10min. All samples were
kept at −80∘C.

2.2.2. Sample Preparation. Plasma, urine, and bile 400 𝜇L
samples were precipitated with 3 volumes of methanol. The
supernatant was separated after vortex-mixed and centrifug-
ing. Feces 500mg 0–48 h sample was grounded and extracted
by ultrasonication with 1mL water for 30min each time,
and the extracted solution was precipitated with 3 volumes
of methanol. The supernatant was separated after vortex-
mixed and centrifuging. Extracting solutions with different
pretreatment methods described the earlier were all dried
under nitrogen gas over a water bath of 37∘C. The residues
were reconstituted in 100𝜇L solution consisted of acetonitrile
and water (15 : 85) and centrifuged at 10000×g for 10min
prior to analysis.

2.3. In Vitro Incubation Experiment. Glucuronidation cat-
alyzed by the UDP-glucuronosyltransferases (UGTs) was
a major pathway for drug metabolism and elimination in
humans. We added 100 𝜇L of genipin (2.25 𝜇g/mL) dissolved
inmethanol to empty incubation tubes (1.5mLpolypropylene
microcentrifuge tube) and dried it under nitrogen gas over
a water bath of 37∘C. We placed the incubation tubes on
ice and added 50 𝜇g of pooled human liver microsomes
(HLM) protein, 2.5 𝜇g alamethicin (2.5𝜇g/𝜇L methanol;
50𝜇g alamethicin/mg microsomes protein), and balanced to
a volume of 50𝜇L with 50mM potassium phosphate buffer
(pH 7.5, which included protein at final concentration of
0.5mg/mL). We preincubated the tubes at 37∘C for 5min.
We started reaction by adding 50 𝜇L of UDPGA cofactor
solution (including 0.645mg UDPGA, 10𝜇L 50mM magne-
sium chloride solution, 10 𝜇L 50mM saccharolactone, 25 𝜇L
100mMpotassium phosphate buffer, pH 7.5., and 5 𝜇Lwater),
mixed the tube by gentle flicking, capped tube, and incubated
it for up to 6 h. The incubated solution was immediately
treated with stop solution (ice-cold acetonitrile) after vortex
and centrifuged at 14000×g for 10min.We transferred 200𝜇L
supernatant to tubes, dried it under nitrogen gas over a water
bath of 37∘C, then reconstituted it with 100𝜇L solution con-
sisted of acetonitrile: water (15 : 85), centrifuged at 10000×g
for 10min prior to analysis. To better identify the glucuronide
metabolite peak, there were also three negative controls that
(1) contained no UDPGA, (2) contained no substrate, and
(3) were not incubated. The samples were analyzed by using
UPLC-Q/TOF MS.
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2.4. Enzymatic Hydrolysis Analysis. Enzymatic hydrolysis
analysis was performed when searching and confirming the
presence of phase II metabolites. The experiment initiated
with collecting the drug-containing bile samples of rats in
the third group. A 400𝜇L bile sample was mixed with
50𝜇L of 𝛽-glucuronidase or sulfatase (1000 units/mL in
pH 5.0 acetate buffer) and incubated at 37∘C for 30min.
After incubation, protein precipitation and redissolution
procedures were identical to those described in the part of
Section 2.2.2. Another 400𝜇L of the same bile sample was
processed with the same procedures only except without
adding 𝛽-glucuronidase or sulfatase for incubation. 5𝜇L
of posttreated sample was injected in UPLC-Q/TOF MS
for analysis. The effect of the glucuronidase or sulfatase
was studied by comparing the UPLC-Q/TOF MS peak
intensities for compounds of interests before and after the
enzymatic incubation. The compounds of interest included
glucuronidated conjugates or sulfated conjugates and their
nonconjugated forms (hydrolyzed forms).

2.5. Chromatographic and Mass Spectrometry Conditions.
The chromatographic system used wasWaters Acquity UPLC
(Waters, Milford, MA, USA) equipped with binary solvent
manager, sample manager, columnmanager, and PDA detec-
tor, whichwas also coupledwith aQ/TOFmass spectrometer.
For the separation of metabolites in biological samples,
chromatographic analysis was performed with an acquity
UPLCHSSC18 column (100mm× 2.1mm i.d., 1.8 𝜇mparticle
size, Waters Corporation, Milford, MA, USA). The column
was eluted with gradient conditions: 0–10min, linear from
98% to 92% A; 10–17min, linear from 92% to 88% A; 17–
22min, linear from 88% to 5%A; 22–25min, held at 5%A for
3min; 25-26min, linear from 5% to 98% A; 26–35min, held
at 98% A for 9min to prepare equilibration of the column
for next analysis, where mobile phase A consisted of 0.005%
formic acid in de-ionized water andmobile phase B consisted
of acetonitrile.The flow rate was 500𝜇L/min and the column
temperature was maintained at 40∘C, while the sample-tray
temperature was kept at 4∘C.

A Waters acquity Synapt G2 quadrupole time-of-flight
(Q/TOF) tandem mass spectrometry (Waters Corp., Manch-
ester, UK) was connected to the UPLC system via an electro-
spray ionization (ESI) interface and controlled by MassLynx
software (Version 4.1). The ESI source was operated in the
negative ionization mode, and optimized conditions for
maximum detection of metabolites were as follows: capillary
voltage, 3.0 kV; sample cone, 25V; extraction cone, 4V;
source temperature, 150∘C; desolvation temperature, 450∘C.
The cone and desolvation gas (N

2
) flows were set at 50 and

850 (L/H). Leucine-enkephalin was used as the lock mass
generating a reference ion in positive mode at m/z 556.2771
and introduced by a lockspray at 5 𝜇L/min for accurate mass
acquisition.

Themass spectrometer andUPLC systemwere controlled
by MassLynx 4.1 software. Data were collected in centroid
mode, and the MSE approach using dynamic ramp of colli-
sion energy was carried out in two scan functions—Function
1 (low energy): mass-scan range: 100–1000; scan time: 0.2 s;

inter-scan delay: 0.05 s; collision energy: 4V; Function 2
(high energy): mass-scan range: 100–1000; scan time: 0.2 s;
inter-scan delay: 0.05 s; collision energy ramp of 15–30V.
MS/MS experiments were operated for major metabolites to
obtain additional information from product ions. Compari-
son of fragment ion spectra between genipin andmetabolites
further aided in the identification of metabolite structures
and site (s) of modifications in the parent molecule.

2.6. Isolation of the Major Metabolite from Rat Bile. Twenty
male Sprague-Dawley rats weighing 180–220 g were given
a single dose of genipin solution at 50mg/kg of body
weight by gavage into the stomach. After administration,
the bile samples were collected by bile duct cannulation
surgery. semipreparative HPLC (high performance liquid
chromatography) was performed on an Agilent 1100 system
consisting of a G1379A degasser, a G1311A quaternary pump,
a 7725i manual sampler, and a G1316A thermostated column
compartment with a G1315D DAD (Diode Array Detector)
detector. Rat bile samples (100 mL) were first extracted three
times by ethyl acetate and butyl alcohol.The ethyl acetate and
butyl alcohol solution were removed later. The water soluble
fraction was subjected to a macroporous absorption resin
chromatography in an elution liquid (Ethanol/Water, 10/90
v/v).Metabolite G1 in elutionwas purified by semipreparative
HPLC using an Agilent Eclipse XDB-C18 ODS column
(250mm × 9.4mm, 5 𝜇m) and gradient conditions consisting
of (A) acetonitrile and (B) water: 0–15min, linear from
4% to 60% A at a flow rate of 3mL/min to isolate the
major metabolite in rat bile. Its purity would be determined
by the high performance liquid chromatography-variable
wavelength detector (HPLC-VWD) analysis. Its chemical
structure was identified by comparison of their UV, IR, ESI-
MS, 1H-NMR, and 13C-NMR spectra with the conference
[13].

3. Results and Discussion

3.1. UPLC-Q/TOF MS Analysis of Genipin. To identify the
metabolites of genipin, the chromatographic and MS frag-
mentation behaviors of the parent compound genipin were
first investigated.The retention time of genipin was 13.37min
under the chromatographic conditions employed. In the
MS2 fragmentation mode, genipin formed a pseudomolecule
weight of [M-H]− at m/z 225.0774. The elemental compo-
sitions, double bond equivalents (DBEs), the experimental
masses and calculated masses, and the mass errors of the
pseudomolecular ion and its fragment ions were displayed
in Table 1. The maximum of mass errors between measured
and calculated valueswas less than 15 ppm (≤2.0mDa), which
signified high resolution and good accuracy. Figure 1(a)
showed the product ion spectrum of genipin under the high
collision energy scan.On the basis of the high resolutionmass
spectral information, a tentative pathway for the formation of
the most informative fragment ions of genipin is proposed in
Figure 1(b).The product ion atm/z 207.0674was generated by
the loss of anOH radical (C-1) from the pseudomolecular ion
atm/z 225.0774.The presence of a product ion atm/z 175.0414
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Table 1: The predicted elemental compositions, measured masses and calculated masses, double-bond equivalents (DBEs), and mass errors
of pseudo molecule of genipin and its fragment ions.

Elemental composition Measured mass (Da) Calculated mass (Da) DBE Error (mDa) Error (ppm)
C11H13O5

− 225.0774 225.0763 4.5 1.1 4.9
C11H11O4

− 207.0674 207.0657 6.5 1.7 8.2
C10H11O4

− 195.0673 195.0657 5.5 1.6 8.2
C10H7O3

− 175.0414 175.0395 7.5 1.9 10.9
C9H7O2

− 147.0456 147.0446 6.5 1.0 6.8
C7H7O2

− 123.0456 123.0446 4.5 1.0 8.1
C4H5O3

− 101.0248 101.0239 2.5 0.9 8.9
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Figure 1: (a)Mass spectrum of genipin obtained onQ-TOFmass spectrometry at high collision energy. (b) Proposed fragmentation pathways
of genipin.

was probably resulted from a cleavage of methylol group on
C-11 from the ion atm/z 207.0674. And the major moiety ion
at m/z 225.0774 may have undergone a successive loss of an
OH radical on C-1 and a methyl ester on C-4 to produce
the ion exhibiting m/z 147.0456. In addition, two other
fragment ions gave m/z 123.0456 and m/z 101.0248 (Table 1),
which could serve as characteristic ions for screening and
identifying metabolites with similar skeletons.

3.2. Identification of Metabolites in Rat Bile, Blood, Feces,
and Urine. The UPLC and MS conditions were optimized to
obtain a full overview of metabolites by comparing the drug-
containing biological samples with blank biological samples.

As shown in Figure 2, ten metabolites of genipin were
detected in rat bile samples. Extracted ion chromatogram of
genipin and its metabolites are presented in Figure 3. Table 2
lists the detailed information of these metabolites, including
the retention times, proposed elemental compositions, and
the characteristic fragment ions.

Metabolite G1. G1 was the most abundant metabolite in rat’s
bile on the basis of the chromatographic peak area. It was
eluted at 10.95min with amolecular weight [H-1]− of 401.1102
and a derived formula of C

17
H
21
O
11
. High collision energy

analysis revealed a characteristic product ion at 225.0765with
neural loss of a glucuronide unit with 176Da in the MS/MS
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Figure 2: Extracted ion chromatograms of ten metabolites of genipin.
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Figure 3: The possible metabolic pathways of genipin in rat bile.

spectra. Fragment ions at m/z 207.0673, 147.0450, 123.0450,
and 101.0247 were the same as those of genipin.Therefore, G1
was identified as monoglucuronidated conjugate of genipin.
But the accurate site of glucuronated action could not be
confirmed because it could be occurred on the hydroxyl
groups of both C-1 and C-10 positions.

Metabolite G2. G2 had a retention time of 8.76min and
showed an [M-H]− ion atm/z 305.0348, corresponding to the
elemental composition of C

11
H
13
SO
8
. In the MS/MS spectra

of G2, the fragment ion at m/z 225.0767 was generated from
the [M-H]− ion by the loss of a sulfate unit with 80Da from
metabolite G2. And high collision energy analysis revealed
product ions at 207.0668, 147.0445, 123.0461, and 101.0254
that were the same as those of genipin. Metabolite G2 was
tentatively identified as monosulfated conjugate of genipin.

Metabolite G3. G3 was eluted at 9.74min and displayed a
molecular ion at m/z 403.1197. Accurate mass measurement
showed that the chemical formulawas C

17
H
23
O
11
, suggesting

the addition of two hydrogen atoms on metabolite G1. The
product ion atm/z 227.0595 was the base peak in the MS/MS
spectrum, with a loss of 176Da, indicating that a glucuronic
acid was attached to the aglycone moiety. The product ions
of G3 at m/z 227.0595, 209.0769, and 149.0576 were all 2Da
greater compared with product ions m/z 225.0767, 207.0668,
and 147.0445 from genipin. Hence, it could be inferred
that metabolite G3 was ring-opened derivative of G1. The

glucuronated action can be occurred on the hydroxyl groups
of both C-1 and C-10 positions. However, the site of the
glucuronated action could not be characterized from the
MS/MS spectra.

Metabolite G4. G4 was eluted at 3.55min and displayed a
molecular ion at m/z 387.0903. Accurate mass measurement
showed that the chemical formulawas C

16
H
19
O
11
, suggesting

the loss of CH
2
from metabolite G1. The product ions

of G4 at m/z 211.0586 and 193.0312 were all 14Da lower
compared with product ions of genipin at m/z 225.0767 and
207.0668. Moreover, the character product ion of genipin at
m/z 147.0461 was also observed in the MS/MS spectrum of
metabolite G4. Hence, it could be inferred that metabolite G4
was demethylation derivative of metabolite G1.

Metabolite G5. G5 with a retention time at 13.01min had
a molecular ion ([M-H]−) at m/z 314.0723. Accurate mass
measurement showed that the chemical formula of G5 was
C
13
H
16
NO
6
S. The molecular ion at m/z 314.0723 could have

lost an H
2
O molecule to generate a product ion at m/z

296.0621. It was notable that [M-H]− ion of G5 could generate
a product ion at m/z 195.0672 by losing a C

3
H
5
NO
2
S unit. It

indicated that therewas a cysteine group inG5.High collision
energy analysis revealed product ions at 227.0374, 209.0254,
195.0672, and 177.0523 with the proposed fragmentation
pathways of G5 was shown in Figure 4(a). Hence, G5 was
identified as cysteine conjugate of demethylol-genipin.
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Table 2: The retention times, accurate measurements, and elemental formula of protonated molecules and product ions by Q-TOF MS/MS
analysis of metabolites.

Compound no. 𝑡
𝑅
(min) Molecular ionsm/z (Da) Fragment ionsm/z (Da) Formula Error (mDa) Error (ppm)

G0 (genipin) 13.37 225.0774

C11H13O5 1.1mDa 4.9 ppm
207.0674 C11H11O4 1.7mDa 8.2 ppm
195.0673 C10H11O4 1.6mDa 8.2 ppm
175.0414 C10H7O3 −1.5mDa −8.6 ppm
147.0456 C9H7O2 1.0mDa 6.8 ppm
123.0456 C7H7O2 1.3mDa 10.6 ppm
101.0248 C4H5O3 0.9mDa 8.9 ppm

G1 10.95 401.1102

C17H21O11 1.8mDa 4.5 ppm
383.1001 C17H19O10 2.3mDa 6.0 ppm
369.0831 C16H17O10 0.9mDa 2.4 ppm
225.0765 C11H13O5 0.2mDa 0.9 ppm
207.0673 C11H11O4 1.6mDa 7.7 ppm
147.0450 C9H7O2 0.4mDa 2.7 ppm
123.0450 C7H7O2 0.3mDa 3.3 ppm
101.0247 C4H5O3 0.8mDa 7.9 ppm

G2 8.76 305.0348

C11H13SO8 1.7mDa 5.6 ppm
287.0241 C11H11SO7 1.6mDa 5.6 ppm
273.0085 C10H9SO7 1.6mDa 5.9 ppm
225.0767 C11H13O5 0.4mDa 1.8 ppm
207.0668 C11H11O4 1.1mDa 5.3 ppm
147.0445 C9H7O2 −0.1mDa −0.7 ppm
123.0461 C7H7O2 1.0mDa 8.1 ppm
101.0254 C4H5O3 0.5mDa 4.9 ppm

G3 9.74 403.1197

C17H23O11 4.3mDa −10.7 ppm
227.0595 C11H15O5 −3.1mDa 13.7 ppm
209.0769 C11H13O4 −4.5mDa 9.1 ppm
197.0808 C10H13O4 −0.6mDa −3.0 ppm
177.0552 C10H9O3 0.1mDa 0.6 ppm
149.0576 C9H9O2 −2.7mDa −18.1 ppm

G4 3.55 387.0903

C16H19O11 −2.4mDa −6.2 ppm
343.1046 C15H19O9 1.7mDa 5.0 ppm
325.0938 C15H17O8 1.5mDa 4.6 ppm
211.0586 C10H11O5 −2.0mDa −9.5 ppm
193.0312 C10H9O4 −1.1mDa −5.7 ppm
175.0404 C10H7O3 −0.9mDa −5.1 ppm
147.0461 C9H7O2 1.5mDa 10.2 ppm

G5 13.01 314.0723

C13H16NO6S 2.5mDa 8.0 ppm
296.0621 C13H14NO5S 2.8mDa 9.5 ppm
282.0397 C12H12NO5S −3.9mDa −13.8 ppm
264.0335 C12H10NO4S 0.4mDa 1.5 ppm
252.0331 C11H10NO4S 2.0mDa 7.9 ppm
227.0374 C10H11O4S −0.4mDa −1.8 ppm
209.0254 C10H9O3S −1.8mDa −8.6 ppm
195.0672 C10H11O4 1.5mDa 7.7 ppm
177.0523 C10H9O3 −0.9mDa −5.1 ppm
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Table 2: Continued.

Compound no. 𝑡
𝑅
(min) Molecular ionsm/z (Da) Fragment ionsm/z (Da) Formula Error (mDa) Error (ppm)

G6 9.60 223.0611

C11H11O5 0.5mDa 2.2 ppm
205.0509 C11H9O4 0.8mDa 3.9 ppm
193.0531 C10H9O4 0.8mDa 3.9 ppm
175.0388 C10H5O3 −0.7mDa −4.0 ppm
147.0437 C9H7O2 −0.9mDa −6.1 ppm
121.0299 C7H5O2 0.9mDa 7.4 ppm
101.0237 C4H5O3 −0.2mDa −2.0 ppm

G7 9.26 346.0406

C13H16NO8S −0.1mDa −0.3 ppm
328.0516 C13H14NO7S 2.5mDa 7.6 ppm
284.0632 C12H14NO5S 2.5mDa 7.6 ppm
252.0351 C11H10NO4S 2.0mDa 7.9 ppm
211.0614 C10H11O5 0.8mDa 3.8 ppm
193.0504 C10H9O4 0.3mDa 1.6 ppm
175.0411 C10H7O3 1.6mDa 9.1 ppm
123.0444 C7H7O2 −0.2mDa −1.6 ppm

G8 9.21 362.0593

C13H16NO9S 4.3mDa 13.0 ppm
305.0350 C11H13SO8 1.9mDa 6.2 ppm
287.0219 C11H11SO7 −0.6mDa −2.1 ppm
207.0655 C11H11O4 −0.2mDa −1.0 ppm
123.0447 C7H7O2 0.1mDa 0.8 ppm
101.0241 C4H5O3 0.2mDa 2.0 ppm

G9 13.59 353.1381

C16H21N2O7 3.2mDa 9.1 ppm
335.1288 C16H19N2O6 4.5mDa 13.4 ppm
207.0674 C11H11O4 1.7mDa 8.2 ppm
195.0673 C10H11O4 1.6mDa 8.2 ppm
175.0414 C10H7O3 −1.5mDa −8.6 ppm
147.0456 C9H7O2 1.0mDa 6.8 ppm

G10 12.7 359.1354

C16H23O9 1.2mDa 3.3 ppm
183.1024 C10H15O3 0.3mDa 1.6 ppm
165.0926 C10H13O2 1.0mDa 6.1 ppm
135.0810 C9H11O 0.9mDa 6.7 ppm

Metabolite G6. G6 had a retention time of 9.60min and
showed an [M-H]− ion atm/z 223.0611, corresponding to the
elemental composition of C

11
H
11
O
5
. As shown in Table 3, the

molecular ion of G6 lost H
2
O, a molecule of methoxy, and

aldehyde to form product ions atm/z 205.0509,m/z 193.0531,
and 147.0437. The proposed fragmentation pathways of G6
were shown in Figure 4(b). Hence, G6 was identified as 10-
aldehyde-genipin.

Metabolite G7. G7 had a retention time of 9.26min and
showed an [M-H]− ion at m/z 346.0406, corresponding to
the elemental composition of C

13
H
16
NO
8
S. The [M-H]− ion

of G7 could lose H
2
O to generate the fragment ion at m/z

328.0516 and amolecule ofHCOOHsubsequently to generate
the fragment ions atm/z 284.0632. And another product ion
at m/z 211.0614 was generated by losing C

3
H
5
NO
3
S from

the precursor ion at m/z 346.0406. Fragment ions at m/z

175.0411 and 123.0444 were the same to those from genipin.
Hence, G7 was identified as cysteinesulfinic acid conjugate of
demethylol-genipin.

Metabolite G8. G8 had a retention time of 9.21min and
showed an [M-H]− ion at m/z 362.0593, corresponding to
the elemental composition of C

13
H
16
NO
9
S. In the MS/MS

spectra ofG8, the fragment ion atm/z 305.0350was generated
from the [M-H]− ion by the loss of C

2
H
3
NO unit from

Metabolites G8. The major fragment ion at m/z 305.0350
was the same as that of G2. Moreover, fragment ions at m/z
207.0655, 123.0447, and 101.0241 were same to those from G2.
Therefore, G8 was identified as glycine conjugate of G2.

Metabolite G9. G9 had a retention time of 13.59min and
showed an [M-H]− ion at m/z 353.1381, corresponding to
the elemental composition of C

16
H
21
N
2
O
7
. The [M-H]− ion
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Table 3: The metabolites in different biological samples of rats.

Formula Bile Urine Plasma∗ Feces Plasma∗∗

G0 C11H14O5 (genipin) − − − − −

G1 C17H22O11 + + + − +
G2 C11H14SO8 + + + + −

G3 C17H24O11 + + − − −

G4 C16H20O11 + − − − −

G5 C13H17NO6S + + − − −

G6 C11H12O5 + − − − −

G7 C13H17NO8S + + − − −

G8 C13H17NO9S + − − − −

G9 C16H22N2O7 + + − − −

G10 C16H24O9 + − − − −

+: found; −: not found.
Plasma∗ were from rats given single dose of genipin solution at 50mg/kg of body weight by gavage into the stomach.
Plasma∗∗ were from rats given single dose of genipin solution at 10mg/kg of body weight by intravenous administration.

of G9 could lose H
2
O to generate the fragment ion at m/z

335.1288. Moreover, the character product ions of genipin
at m/z 207.0674, 175.0414, and 147.0456 were also observed
in the MS/MS spectrum of metabolite G9. Hence, it could
be inferred that metabolite G9 was glutamine conjugate of
genipin.

Metabolite G10. A minor compound with the retention time
of 12.7min in the chromatogram was observed as metabolite
G10with amolecule ion atm/z 359.1354, corresponding to the
elemental composition of C

16
H
23
O
9
. The product ion at m/z

183.1024 was also observed in the MS/MS spectrum, with a
loss of 176Da, indicating that a glucuronic acid was attached
to the aglycone moiety. The product ion at m/z 165.0926 of
G10 was formed by the loss of an H

2
O unit from the product

ion m/z 183.1024, followed by the loss of one CH
2
O unit to

formm/z 135.0810. The proposed fragmentation pathways of
G10 were shown in Figure 4(c).

After analysis of the metabolites of genipin in rats urine,
feces, and plasma samples, the result showed that all metabo-
lites excluding G1 to G10 appeared in other samples could
be detected in bile. The result was shown in Table 3. There
were six metabolites (G1, G2, G3, G5, G7, and G9) in urine,
two metabolites (G1 and G2) in plasma, and one metabolite
(G1) in feces. And the plasma samples from rats which were
administrated genipin by intravenous administration in the
fourth group were also analyzed. Only one metabolite (G1)
was identified whereas the parent form of genipin was absent.

In thismetabolism study of genipin, it could conclude that
genipin was an active compound that could be metabolized
to other forms wholly and immediately. On the basis of the
chromatographic peak area, the sulfated and glucuronidated
conjugates of genipin were major metabolites and there
were other 8 metabolites. According to the result, demethy-
lated, ring-opened, cysteine-conjugated, hydroformylated,
glucuronidated, and sulfated transformations were proposed
to be the possible metabolic pathways of genipin in rat, which
would improve our knowledge about the in vivometabolism
of genipin.

3.3. Metabolism of Genipin In Vitro in Human Liver Micro-
somes. Incubations of genipin in human liver microsomes
(HLM) protein were performed to determine the hepatic
contribution to the overall disposition of this drug. Com-
paring with the three negative control samples, metabolite
G1 was detected in HLM incubations with the amount of
genipin decreasing. Using the UPLC-QTOF/MS, metabolite
G1 had a retention time of 10.95min and showed an [M-
H]− ion at m/z 401.1102 with fragment ions at m/z 207.0673,
147.0450, 123.0450, and 101.0247. Glucuronidation represents
one of the major pathways for drug metabolism in humans
and other mammalian species. Here, we found that genipin
was metabolized in human liver microsomes immediately as
the metabolite G1 that could be detected after 1 h incubation.
And amount of metabolite G1 could not increase indicated
that incubations of genipin in human liver microsomes
(HLM) protein had been finished in 6 h. The result also con-
firmed that glucuronidated transformations were proposed
to be the possible major metabolic pathways of genipin in
rats.

3.4. Enzymatic Hydrolysis Analysis. Themetabolism study of
genipin showed that the parent form of genipin could not be
detected in biological samples (bile, urine, plasma, and feces).
In order to confirm the existence of major metabolite G1
and G2, the drug-containing urine samples were hydrolyzed
with 𝛽-glucuronidase or sulfatase. After UPLC-QTOF/MS
analysis, the appearance of genipin (m/z 225.0774) with
the retention time at 13.25min (Figure 5) was all detected
in the drug-containing urine samples after 𝛽-glucuronidase
or sulfatase hydrolysis. When 𝛽-glucuronidase was added
to urine samples with the same processing, metabolite G1
was hydrolyzed to genipin as metabolite G2 could not be
hydrolyzed by 𝛽-glucuronidase (Figure 6). On the contrary,
when sulfatasewas added to urine sampleswith the same pro-
cessing, some amount of metabolite G2 could be hydrolyzed
to genipin which was showed with the decrease of the peak
area of metabolite G2 (Figure 7).
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Figure 4: Representative MS/MS spectrum of [M-H]− ion at m/z 314.0723 for metabolite G5 (a); MS/MS spectrum of [M-H]− ion at m/z
223.0611 for metabolite G6 (b); MS/MS spectrum of [M-H]− ion atm/z 359.1354 for metabolite G10 (c).
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Figure 5: The extracted ion chromatogram of m/z 225 of bile treated accordingly to experimental schemes. (a) the standard solution with
genipin at concentration of 50 ng/mL; (b) the drug-containing bile; (c) the drug-containing urine hydrolyzed by sulfatase; (d) the drug-
containing urine hydrolyzed with 𝛽-glucuronidase.

3.5. Identification of the Structure of Metabolite G1. Metabo-
lite G1 was the most abundant metabolite in rat bile on
the basis of the chromatographic peak area, and it was
isolated from rats bile as described in Section 2.6. From the
following experimental data, it was confirmed thatmetabolite
G1 was genipin-1-o-glucuronic acid. Its structure was shown
in Figure 8. IR VKBrmax cm

−1: 3400, 1710, 1630. UV 𝜆MeOH
max (log 𝜀):

240 nm (4.96). 1H NMR (400MHz, CD3OD): 𝛿7.49 (s, 1H,
3-H), 5.78 (s, 1H, 7-H), 5.28 (d, 𝐽 = 7.2Hz, 1H, 1-H), 4.70
(d, 𝐽 = 7.9, 1H, 1-H), 4.32 (d, 𝐽 = 14.4Hz, 1H, 10-Ha), 4.15
(d, 𝐽 = 14.8Hz, 1H, 10-Hb), 3.70 (s, 3H, –OCH

3
), 3.58 (d,

𝐽 = 9.2Hz, 1H, 5-H), 3.48–3.39 (m, 2H, 3-H, 4-H), 3.27–
3.14 (m, 2H, 2-H, 5-H), 2.82–2.72 (m, 2H, 6-Ha, 9-H), 2.14–
2.08 (m, 1H, 6-Hb); 13C NMR (100MHz, CD3OD): 𝛿36.35
(5-C), 39.64 (6-C), 47.06 (9-C), 51.68 (OCH3), 61.32 (10-C),
73.56, 74.71, 76.26, 77.62 (2∼5-C), 98.07 (1-C), 100.32 (1-C),
112.65 (4-C), 128.23 (7-C), 144.86 (8-C), 153.36 (3-C), 169.59
(11-C), 176.5 (6-C). The HMBC correlation of genipin-1-o-
glucuronic acid was shown in Figure 9.

4. Conclusions

In the present study, metabolism of genipin in the rat was
extensively studied by using UPLC-QTOF/MS. Accurate
masses along with mass fragmentation were applied to eluci-
date the structures of metabolites with the aid ofMetaboLynx
software tools. Ten metabolites (G1–G10) were found in rat

bile, and their structures were elucidated based on the reten-
tion times on the UPLC system, the accurate molecular mass,
and characteristic fragment ions. And six metabolites (G1,
G2, G3, G5, G7, and G9) in urine, two metabolites (G1 and
G2) in plasma, and onemetabolite (G1) in feceswere detected.
Among the ten metabolites, the sulfated and glucuronidated
conjugates of genipin were major metabolites on the basis of
the chromatographic peak area. Demethylated, ring-opened,
cysteine-conjugated, hydroformylated, glucuronidated, and
sulfated transformations were proposed to be the possible
metabolic pathways of genipin in rat.

In the in vitro experiment, genipin can be transformed
to metabolite G1 after incubation in human liver microsomes
with UDP-glucuronosyltransferases. In the drug-containing
bile samples, metabolite G1 could be hydrolyzed to genipin
by 𝛽-glucuronidase, and metabolite G2 could be hydrolyzed
to genipin by sulfatase. It confirmed the existence of major
metabolite G1 and G2 in the drug-containing bile samples.

At last, the major metabolite G1 was isolated by a
semipreparative HPLC using an Agilent Eclipse XDB-C18
ODS column. Its purity was up to 98% which was deter-
mined by the high performance liquid chromatography-
variable wavelength detector (HPLC-VWD) analysis. And
its chemical structure was identified by comparison of their
UV, IR, ESI-MS, 1H-NMR, and 13C-NMR spectra with the
conference. Metabolite G1 was confirmed as genipin-1-o-
glucuronic acid.
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Figure 6: The extracted ion chromatogram ofm/z 401 of bile treated accordingly to experimental schemes. (a) the drug-containing bile; (b)
The drug-containing urine hydrolyzed by 𝛽-glucuronidase; (c) the drug-containing urine hydrolyzed with sulfatase.
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Figure 7: The extracted ion chromatogram ofm/z 305 of bile treated accordingly to experimental schemes. (a) the drug-containing bile; (b)
The drug-containing urine hydrolyzed by 𝛽-glucuronidase; (c) the drug-containing urine hydrolyzed with sulfatase.
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Figure 8: Chemical structure of genipin-1-o-glucuronic acid.
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Figure 9: Key HMBC correlations of genipin-1-o-glucuronic acid.
The coupling from 1-H to 1-C was observed, which confirms the
attachment of a glucuronic acid group to 1-C.
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Huang-Lian-Jie-Du-Tang (HLJDT) is a traditional Chinese medicine (TCM) with anti-inflammatory activity. The present study
used a metabolomic approach based on LC-Q-TOF-MS to profile rheumatoid-arthritis- (RA-) related metabolic changes and to
investigate the interventional mechanisms of HLJDT in collagen-induced arthritis rats. Forty male Wistar rats were randomly
divided into five groups: (1) a model group, (2) a normal control group, (3) a dexamethasone group, (4) a HLJDT group,
and (5) a group that received 13 components of HLJDT. Plasma samples were collected 8, 15, and 22 days after the rats were
injected with bovine type II collagen. By combining variable importance in the projection values with partial least squares
discriminant analysis, 18 potential biomarkers were identified in the plasma samples. The biomarkers were primarily involved
in glycerophospholipid metabolism, fatty acid metabolism, tryptophan metabolism, linoleic acid metabolism, phenylalanine
metabolism, purine metabolism, arachidonic acid metabolism, and bile acid biosynthesis. Using the potential biomarkers as a
screening index, the results suggest that HLJDT can potentially reverse the process of RA by partially regulating fatty acid oxidation
and arachidonic acid metabolism. This study demonstrates that a metabolomic strategy is useful for identifying potential RA
biomarkers and investigating the underlying mechanisms of a TCM in RA treatment.

1. Introduction

Rheumatoid arthritis (RA) is an autoimmune disease char-
acterized by persistent synovitis, systemic inflammation,
and autoantibodies [1, 2]. RA primarily affects the small
diarthrodial joints of the hands and feet, causing swelling and
pain. If left untreated, RA may result in deformity. Several
studies have investigated the pathogenetic mechanisms of
RA, particularly collagen-induced arthritis (CIA) in humans
and in animal models [3–5]. Although some important
biomarkers and novel therapeutic methods have been iden-
tified and developed for RA diagnosis and treatment [6–
8], the occurrence of RA-induced deformity remains high.
Moreover, current RA treatment medications are limited by

several well-characterized clinical side effects, such as hepa-
totoxicity [9, 10], gastrointestinal effects [11], and cardiotoxic
effects [12]. Therefore, further investigation of the biological
processes related to RA, as well as its clinical diagnosis and
treatment, is needed to understand its disease mechanism,
identify new biomarkers, and explore new anti-RA drugs.

Metabolomics focuses on the comprehensive measure-
ment of all small molecular weight compounds, including
endogenous and exogenous species, which are present in
a biological system. Furthermore, it provides a functional
readout of abnormal, disease-related physiological states in
the human body andmay provide new insights into the global
effects of disease related to metabolic pathways [13]. In recent
years, metabolomics has been used to identify disease-related
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biomarkers and shows significant potential for the early diag-
nosis, therapeutic monitoring and pathogenic understanding
ofmany diseases, including RA [14–16]. Among the analytical
techniques used in metabolomic research, LC-MS is recog-
nized as one of the most selective, sensitive, and reproducible
methods [17] due to its enhanced reproducibility of retention
times [18]. This reproducibility is especially important for
large-scale, untargeted metabolic profiling.

Huang-Lian-Jie-Du-Tang is an aqueous extract that con-
sists of four herbal materials: Rhizoma Coptidis, Radix Scutel-
lariae, Cortex Phellodendri, and Fructus Gardeniae. In our
previous study, LC-DAD and LC-ESI-MS methods were
developed and validated for the chromatographic fingerprint-
ing and quantitative analysis of HLJDT [19]. Furthermore,
HLJDT’s potentially active components were identified in
a plasma-based pharmacochemical study [20]. In addition,
the anti-inflammatory activities, component herbs and active
components of HLJDT were also investigated [21, 22]. How-
ever, a proper approach for evaluating the holistic efficacy of
such a multicomponent medicine is urgently needed. In the
present study, we used ametabolomic approach to investigate
the biochemical abnormalities associated with RA and to
assess the therapeutic effects of HLJDT and its components
in CIA rats.

2. Experimental Methods

2.1. Reagents and Materials. HPLC-grade methanol and ace-
tonitrile were purchased from J.T. Baker (NJ, USA). Ultrapure
water (18.2MΩ) was prepared with a Milli-Q water purifi-
cation system (Millipore, MA, USA). The following HLJDT
components were purchased from the National Institute
for the Control of Pharmaceutical and Biological Prod-
ucts (Beijing, China): geniposide, coptisine, phellodendrine,
jatrorrhizine, magnoflorine, palmatine, berberine, baicalin,
chlorogenic acid, crocin, wogonoside, baicalein, and wogo-
nin. The following standard metabolites were obtained from
Sigma-Aldrich (St. Louis, MO, USA): choline, carnitine, L-
phenylalanine, arachidonic acid, hippuric acid, uric acid,
allantoin, 5-hydroxy tryptophan, and L-tryptophan.

Rhizoma Coptidis (Rhizoma of Coptis chinensis Franch.),
Radix Scutellariae (Radix of Scutellaria baicalensis Georgi.),
Cortex Phellodendri (Cortex of Phellodendron chinense
Schneid.), and Fructus Gardeniae (Fructus of Gardenia
jasminoides Ellis.) were purchased from Bozhou (Anhui
province, China) and were authenticated by Professor
HanMing Zhang (Second Military Medical University,
Shanghai, China). Voucher specimens of Rhizoma coptidis,
Radix scutellariae, Cortex phellodendri, and Fructus
gardeniae were stored at the Second Military Medical
University, Shanghai, China (no. HL20070523, HQ20070523,
HB20070523, and ZZ20070523, resp.). HLJDT extract
was prepared from the four medicinal herbs (Rhizoma
Coptidis, Radix Scutellariae, Cortex Phellodendri, and Fructus
Gardeniae in a 3 : 2 : 2 : 3 ratio) as previously described in
[19, 20]. All TCM mixtures were maintained under careful
quality control to ensure their identification throughout the
experiments.

2.2. Animals. Adult male Wistar rats (140–160 g) were pur-
chased from the SLAC Laboratory Animal Co. (Shanghai,
China). Rats were kept in SPF-grade Experimental Animal
Houses (the Second Military Medical University, Shanghai)
with free access to food and water under standard tempera-
ture conditions (22∘C) and a 12 h light/dark cycle.The animal
experiments were conducted in strict accordance to the
National Institutes of Health’s Guide to the Care and Use of
Laboratory Animals. The animal experiments were approved
by the local institutional review board at the authors’ affiliated
institutions.

2.3. CIA Model and Drug Administration. Type II colla-
gen (Chondrex, Redmond, WA, USA) was emulsified with
incomplete Freund’s adjuvant at a 1 : 1 ratio. Rats were intra-
dermally injected with 2mg/kg of collagen-IFA suspension at
the base of the tail (day 0). A boost injection with 1mg/kg of
the collagen-IFA suspension was given on day 7 in the same
manner.

Forty rats were randomly divided into 5 groups of 8 rats
each: (1) rats without CIA immunization (normal control
group, NG), (2) rats with CIA immunization (CIA model
group, MG), (3) CIA rats treated with 270mg/kg of HLJDT
(HLJDT group, HG), (4) CIA rats treated with the 13 main
components of HLJDT (components group, CG), and (5) rats
treated with 0.05mg/kg of dexamethasone (Sine Phama Lab
Co., Ltd., Shanghai, China) (positive control group, DG). A
dry powder of HLJDT was dissolved in 0.5% carboxymethyl
cellulose sodium (CMC-Na), stirred at 37∘C for 1 h and
administered orally to the CIA rats. This 270mg/kg dose
was explored in the animal experiment and is considered
within the MTD (2 g/kg) for oral administration. Based on
the quantitative analysis of HLJDT [19] and a dosage of
270mg/kg of HLJDT, 13 main components were identified:
5.67mg/kg of geniposide, 0.24mg/kg of coptisine, 0.35mg/kg
of phellodendrine, 1.2mg/kg of jatrorrhizine, 1.31mg/kg
of magnoflorine, 2.07mg/kg of palmatine, 12.97mg/kg of
berberine, 10.55mg/kg of baicalin, 1.05mg/kg of chloro-
genic acid, 0.39mg/kg of crocin, 2.39mg/kg of wogonoside,
1.45mg/kg of baicalein, and 0.88mg/kg ofwogonin.The com-
ponents were mixed, dissolved in 0.5% CMC-Na solution,
and administered intragastrically to the CIA rats.TheNGand
MG rats received oral administrations of an equal volume of
0.5% CMC-Na aqueous solution. All of the drug treatments
were administered daily from day 0 to 28.

2.4. Assessment of Arthritis in Rats. After the second immu-
nization, the rats were checked for the development of
arthritis based on the extent of edema and/or erythema
in their paws. The incidence and severity of arthritis were
evaluated by observing changes in their arthritis scores every
2 days, measuring hind paw volumes every 4 days and
measuring body weight every 3 days (only when arthritic
signs were present). The observed severity of the arthritis
was assessed by a semiqualitative score as follows: 0, normal,
with no macroscopic signs of arthritis or swelling; 1, mild but
distinct redness and swelling of the ankle or apparent redness
and swelling of the individual digits, regardless of the number
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of affected digits; 2, moderate redness and swelling of the
ankle; 3, redness and swelling of the entire paw, including the
digits; and 4, maximally inflamed limb with the involvement
of multiple joints. In these studies, the maximum score was
8, which represents the sum of the scores of both hind paws
in each animal. The hind paw volumes were measured with a
plethysmometer (7140UGO, Basile, Comerio, Italy) and were
recorded as themean volume displacement of both hind paws
in each rat. A precision balance (Sartorius AG, Goettingen,
Germany) was used to monitor changes in body weight.

2.5. Lipid Peroxide Assay and Antioxidant Enzyme Activity
Assays. The plasma samples were obtained by centrifuging
blood samples for 10min at 3500 rpm and 4∘C. The super-
natant was used in the subsequent bioassays. Malondialde-
hyde (MDA), superoxide dismutase (SOD), and glutathione
peroxidase (GSH-Px) assays were performed using com-
mercially available kits according to their manufacturer’s
instructions (Jiancheng Bioengineering Institute, Nanjing,
China). Briefly, the lipid peroxide content was determined by
measuring the concentration of thiobarbituric-acid- (TBA-)
reactive substances. The TBA-reactive content was expressed
in terms of MDA content using l,l,3,3-tetraethoxypropane as
a standard. The absorbance was measured at 532 nm and the
values were expressed as nmol of MDA per mg of protein.
The SOD assay was based on SOD’s inhibitory effects on
the spontaneous autoxidation of 6-hydroxydopamine. One
IU of SOD is required to inhibit the initial rate of 6-
hydroxydopamine autoxidation by 50%.TheGSH-Px activity
assay is based on measurements of decreasing absorbance at
340 nm due to the consumption of NADPH.

2.6. Sample Preparation. The plasma samples were collected
from theNG,MG,DG,HG, andCGon days 8, 15, and 22.The
sampleswere stored at−80∘Cprior to analysis. One-hundred-
microliter aliquots of plasma were diluted with 300 𝜇L of
methanol. After vortex-mixing the solution for 1min and
centrifuging it at 12000 rpm for 10min, the supernatant was
transferred to autosampler vials. A quality control (QC) sam-
ple was prepared by mixing 20 𝜇L aliquots from each group
with plasma and handled in the same manner described
above. The QC sample was used for monitoring the stability
of sequence analysis and was continuously analyzed 6 times
to validate the repeatability of the equipment.

2.7. LC-Q-TOF-MS Conditions. LC-Q-TOF-MS analysis was
performed on an Agilent-1290 LC system (Agilent Tech-
nologies, Palo Alto, CA, USA) coupled with an electrospray
ionization (ESI) source and an Agilent-6530 Q-TOF mass
spectrometer. Chromatographic separation was performed
on a Zorbax SB-C18 column (1.8 𝜇m, 2.1mm × 150mm,
Agilent) with the column temperature set at 40∘C. Ultrapure
water with 0.1% formic acid (A) and acetonitrile (B) was
used in the mobile phase according to the following gradient
program: 0–2min, 5%B; and 2–5min, 5–50%B; and 5-6min,
50% B; 6–17min, 50–95% B; followed by a 5-min reequilibra-
tion step.Themobile phase flow rate was 0.3mL/min, and the
sample injection volume was 4 𝜇L.

Positive and negative ion modes were used in mass
detection. The source parameters were set as follows: drying
gas flow rate, 11 L/min; gas temperature, 350∘C; pressure of
nebulizer gas, 45 psig; Vcap, 4000V in positive mode and
3000V in negative mode; fragmentor, 120V; skimmer, 45V;
and scan range, m/z 50–1000. The MS/MS analysis was
acquired in targeted MS/MS mode with the collision energy
ranging from 10V to 40V.

2.8. Data Processing, Multivariate Data Analysis and Bio-
marker Identification. The MS spectra were processed using
Agilent’sMass Hunter Qualitative Analysis Software (Version
B.03.01, Agilent Technologies, USA) for peak detection. A list
of detected peak intensities was generated using the retention
time m/z data pairs as identifiers. The resultant normalized
peak intensities formed a single matrix with retention time
m/z pairs for each file in the data set. All of the processed
data were normalized and scaled for each chromatogram
prior to multivariate statistical analysis. Integrated raw mass
spectrometric data were processed using Agilent’s Mass Pro-
filer Software (Version B.02.00, Agilent Technologies, USA).
The intensity of each ion was normalized with respect to
the total ion count to generate a data matrix consisting of
the retention time, the m/z value, and the normalized peak
area.The ion intensity of each peak was normalized to 10,000
and to the sum of its peak intensities within the sample. The
processed data were exported and further processed by PCA
and PLS-DA using the SIMCA-P software package (Version
11, Umetrics AB, Umeå, Sweden). The data were processed
by unit variance scaling and were mean-centered using the
SIMCA-P software.Model quality was evaluated based on the
relevant values of 𝑅2 and 𝑄2. Potential markers of interest
were extracted from the values of variable importance in the
projections (VIP > 1), which were constructed from PLS-
DA analysis. 𝑃 values were obtained from Student’s 𝑡-test
(𝑃 < 0.05). The exact molecular mass data from redundant
m/z peaks, which correspond to the formation of different
parent and product ions, were used to confirm the molecular
mass of the metabolites. MS/MS data analysis highlighted
neutral losses or product ions, which are characteristic of
metabolite groups and can be used to discriminate between
database hits. The identities of specific metabolites were
confirmed by comparing their mass spectra and chromato-
graphic retention times to commercially available reference
standards. The metabolites were also identified at the Scripps
Center forMetabolomics andMass Spectrometry (METLIN).
The biochemical reactions associated with these metabolites
were obtained from the Kyoto Encyclopedia of Genes and
Genomes (KEGG) and the Human Metabolome Database
(HMDB). The fold changes were calculated as Fold = log

2

(average peak intensity of group A/average peak intensity of
group B).

2.9. Statistical Analysis. All quantitative data were expressed
as the mean ± SD as indicated. The comparisonsbetween the
two groups were analyzed by an unpaired Student 𝑡-test and
multiple comparisons were analyzed by one-way analysis of
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Table 1: Effects of HLJDT and its components on MDA levels and antioxidant enzymes’ activities on day 22.

Groups MDA (nmol/mL) SOD (U/mL)a GSH-Px (U/mL)b

Normal control 2.71 ± 0.34 4.56 ± 0.24 7.72 ± 0.71
Model control 4.98 ± 0.53## 2.95 ± 0.22## 4.97 ± 1.56#

Dexamethasone 2.62 ± 0.28∗∗ 4.23 ± 0.33∗∗ 7.69 ± 1.38∗

HLJDT 2.99 ± 0.38∗∗ 4.74 ± 0.29∗∗ 7.30 ± 1.13∗

Components of HLJDT 2.91 ± 0.42∗∗ 5.27 ± 0.22∗∗ 6.82 ± 0.91∗

SOD: superoxide dismutase; GSH-Px: glutathione peroxidase. ∗P < 0.05,∗∗𝑃 < 0.01,#𝑃 < 0.05, and##
𝑃 < 0.01 (#: compared with normal control group; ∗:

compared with model control group).
aOne unit of SOD activity is defined as amount of SOD when SOD inhibition ratio reaches 50% in 1mL reaction solution.
bOne unit of GSH-Px activity is defined as amount of enzyme required to degrade 1𝜇mol/L of GSH per min subtracting nonenzymatic reaction at 37∘C.

variance (ANOVA) followed by Tukey’s HSD post hoc test.
Statistical significance was established as 𝑃 < 0.05.

3. Results and Discussion

3.1. Assessment of the CIAModel. Immunization with bovine
type II collagen (coadministered with incomplete Freund’s
adjuvant) started producing severe arthritis 10 days after
primary immunization and reached a peak on day 22 in the
model group (Figure 1(a)). The decrease of arthritis in CIA
rats that were treated with HLJDT and its components was
further examined. Compared to the model group, swollen
paws were significantly reduced in the dexamethasone,
HLJDT, and component groups: (𝑃 < 0.05) (Figure 1(b)).
Furthermore, after type II collagen immunization, the arthri-
tis scores of CIA rats in the dexamethasone, HLJDT and
components groups were significantly lower than those in the
model group on days 16–22 (𝑃 < 0.01, 𝑃 < 0.05, and 𝑃 < 0.05
versus model group, resp.) (Figure 1(c)).

3.2. Effects of HLJDT and Its Components on Lipid Perox-
ide and Antioxidant Enzyme Activities. Immunization with
bovine type II collagen caused a significant decrease in the
activities of SOD (2.95 ± 0.22 versus 4.56 ± 0.24, 𝑃 < 0.01)
and GSH-Px (4.97 ± 1.26 versus 7.72 ± 0.71, 𝑃 < 0.05) and a
significant increase in MDA levels (4.98 ± 0.53 versus 2.71 ±
0.34, 𝑃 < 0.01) in comparison to the normal group on day 22
(Table 1). Compared to the test groups, the administration of
HLJDT and its components caused an increase in SOD and
GSH-Px activity and a decrease in MDA levels in the model
control group. These findings indicate that HLJDT and its
components possess potent antioxidant activities in CIA rats.

3.3. Assessment of the Repeatability and Stability of the LC-Q-
TOF-MS Method. The repeatability and stability of the LC-
Q-TOF-MS method were validated by analyzing 6 injections
of identical QC samples that were prepared according to
the same protocol. The relative standard deviations of the
peak retention times and areas were less than 1.0% and
5.0%, respectively.Thus, the precision and repeatability of the
proposedmethodwere satisfactory formetabolomic analysis.

Fingerprints of the plasma samples were acquired in
positive and negative modes. After comparing our results
between both nodes, we observed higher noise, fewer peaks,

and a matrix effect in the negative mode, whereas the
total ionic chromatogram (TIC) of the positive mode was
more suitable for analysis (Figure 2). Moreover, most of the
metabolites that were detected in the plasma samples were
less polar than those observed in the urine samples described
in our previous study [23].

3.4. Multivariate Statistical Analysis and Potential Biomarker
Identification. Ions were generated in the LC-Q-TOF-MS
analysis. PLS-DA, a supervised method, is frequently used to
classify groups that showmetabolic differences and to extract
potential biomarkers. After PLS-DA processing, the CIA
model group was clearly separated from the normal control
group on day 22 (Figure 3). Variables were also generated
based on the values of variable importance in the projection
(VIP > 1). Then, by combining Student’s 𝑡-test with the
selected variables, distinct metabolites were identified (𝑃 <
0.05) and selected for further study.

The three steps to identify these biomarkers were as
follows. First, the MS2 spectrum of significantly differ-
ent metabolic ions was obtained using a targeted MS/MS
mode. Next, several online databases, such as METLIN
(http://metlin.scripps.edu/), HMDB (http://www.hmdb.ca/),
and KEGG (http://www.kegg.jp/), were used for initial
determination of the markers. Finally, the metabolites were
compared to the standard MS2 spectrum (see Figure 4 for
an example using carnitine at m/z 162 to illustrate the
identification process).

Following the identification process, 18 unique metabo-
lites were identified (Table 2), including 11 identified in
the positive mode and 7 identified in the negative mode.
Three of the metabolites (L-phenylalanine, allantoin, and
indoxyl sulfate) were repeatedly detected in the urine samples
described in our previous study. Furthermore, 13 metabo-
lites were upregulated, and 5 metabolites were downregu-
lated in the model group compared to the normal control
group (Figure 5). These metabolites were mainly associated
with glycerophospholipidmetabolism, fatty acidmetabolism,
tryptophan metabolism, linoleic acid metabolism, pheny-
lalanine metabolism, purine metabolism, arachidonic acid
metabolism, and bile acid biosynthesis pathways and may
indicate the potential efficacy of the medication in RA.

Overproduction of oxidants leads to oxidative tissue
damage at the molecular level. A growing number of reports
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Figure 1: (a) Time schedule for CIA immunization, pathogenesis, peak incidence, drug administration, and sample collection for
examinations.Wistar rats were immunized with bovine type II collagenwith incomplete Freund’s adjuvant and randomly divided into normal
control,model, dexamethasone (0.05mg/kg),HLJDT (270mg/kg), and its 13-component groups on the day of arthritis onset (day 0, 𝑛 = 8). (b)
Hind paw volumes of each rat were evaluated every 4 days. Oral treatment of CIA rats with dexamethasone (0.05mg/kg), HLJDT (270mg/kg),
and its components daily significantly ameliorated the severity and development of arthritis from day 16 (𝑃 < 0.05 versus model control). (c)
Arthritis was scored every 2 days. Oral treatment of CIA rats with dexamethasone (0.05mg/kg), HLJDT (270mg/kg), and its components
daily significantly reduced arthritis from day 16 (𝑃 < 0.01, 𝑃 < 0.05, and 𝑃 < 0.05 versus model group, resp.). NG, normal control group;
MG, model group; DG, dexamethasone group; HG, HLJDT group; CG, components group.

have provided evidence that implicates oxidative injury as
a major pathogenic mechanism in RA [24–27]. Therefore,
protecting joints from oxidative injury may provide a useful
therapeutic potential for RA prevention and treatment [28,
29]. Biomarkers related to glycerophospholipid metabolism
(e.g., choline and glycerophosphocholine) and fatty acid
metabolism (e.g., carnitine, acetylcarnitine, palmitoyl-L-
carnitine and palmitic acid methyl ester) were all upregu-
lated in CIA rats (except for carnitine), indicating that RA
caused increased lipid catabolism. Uric acid and allantoin
also contributed to oxidative injury in vivo [30–32]. Uric
acid protected the DNA against free-radical damage [33,
34], while allantoin, which was detected and measured in
biological fluids and tissues, was produced after uric acid
oxidation. Therefore, the downregulation of uric acid and
the upregulation of allantoin observed in the model group
indicate that oxidative reactions led to serious damage in CIA
rats. This observation also demonstrates that urate plays the

role of a natural antioxidant related to purine metabolism
in vivo. Carnitine is required for the transport of long chain
fatty acids and acyl coenzyme A derivatives across the inner
mitochondrial membrane. Several reports have shown that
carnitine has protective effects against oxidative damage [35].
Carnitine not only participates in the metabolism of reactive
oxygen species [14] but also plays a role in fatty acid energy
metabolism [36, 37]. Other studies have shown that plasma
carnitine levels were significantly lower in RApatients than in
a control group [38], whereas long chain acylcarnitine levels
were higher in RA patients [39]. These results are consistent
with the ionic response trends that were observed in the
present study. Notably, bile acid promotes the digestion and
absorption of fatty acids and has an ameliorating effect on
RA [40]. Bile acid biosynthesis (e.g., glycocholic acid and
deoxycholic acid) was downregulated in CIA rats, indicating
a disruption in fatty acid metabolism. Phenylalanine and
tryptophan metabolism was discussed in our previous study
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Table 2: Potential biomarkers in response to RA and their metabolic pathways.

Mode Number 𝑡
𝑅
/min 𝑚/𝑧 Formula Identification Folda 𝑃 valuea Related pathway

1 1.16 104.1076 C5H14NO Cholineb 26.11 0.000 Glycerophospholipid metabolism
2 1.19 162.1129 C7H15NO3 Carnitineb −0.84 0.000 Fatty acid metabolism, oxidative injury
3 1.20 258.1108 C8H21NO6P Glycerophosphocholinec 25.39 0.000 Glycerophospholipid metabolism
4 1.73 204.1235 C9H17NO4 Acetylcarnitinec 0.819 0.006 Fatty acid metabolism, oxidative injury
5 3.06 166.0869 C9H11NO2 L-Phenylalanineb 0.81 0.005 Phenylalanine metabolism

ESI(+) 6 5.07 180.0661 C9H9NO3 Hippuric acidb 25.27 0.007 Phenylalanine metabolism
7 5.30 194.0820 C10H11NO3 Phenylacetylglycinec −0.93 0.004 Phenylalanine metabolism

8 10.13 357.2796 C24H36O2 DHA ethyl esterc 3.19 0.002 Alpha linolenic acid and linoleic acid
metabolism

9 14.89 400.3427 C23H45NO4 Palmitoyl-L-carnitinec 0.57 0.003 Fatty acid metabolism
10 16.58 305.2481 C20H32O2 Arachidonic acidb 0.94 0.002 Arachidonic acid metabolism
11 16.79 271.2637 C17H34O2 Palmitic acid methyl esterc 4.09 0.000 Fatty acid metabolism
12 1.24 157.0361 C4H6N4O3 Allantoinb 2.13 0.000 Purine metabolism, oxidative injury
13 1.74 167.0207 C5H4N4O3 Uric acidb −1.16 0.004 Purine metabolism, oxidative injury
14 2.19 219.0775 C11H12N2O3 5-Hydroxy tryptophanb 0.99 0.008 Tryptophan metabolism

ESI(−) 15 4.51 203.0831 C11H12N2O2 L-Tryptophanb 1.61 0.003 Tryptophan metabolism
16 8.34 212.0025 C8H7NO4S Indoxyl sulfatec 1.27 0.003 Tryptophan metabolism
17 6.21 464.3024 C26H43NO6 Glycocholic acidc −0.38 0.022 Bile acid biosynthesis
18 10.14 391.2855 C24H40O4 Deoxycholic acidc −0.44 0.046 Bile acid biosynthesis

a
Fold changes (calculated as log2 (average peak intensity of model group/average peak intensity of normal control group)) and 𝑃 value compared with normal
control group on day 22.
bMetabolites validated with standards.
cMetabolites putatively annotated.
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Figure 2: Representative base peak intensity chromatogram of the rat plasma obtained in ESI negative mode (a) and ESI positive mode (b)
based on LC-Q-TOF-MS.

of urine metabolomics; the results obtained here were com-
plementary to our earlier study [23].

In summary, 18 potential biomarkers were identified.
These markers are mainly associated with glycerophosphol-
ipid metabolism, fatty acid metabolism, tryptophan metab-
olism, linoleic acid metabolism, phenylalanine metabolism,
purine metabolism, arachidonic acid metabolism, and bile
acid biosynthesis and reveal RA regulating network in vivo.

3.5. Metabolomic Analysis of HLJDT and Its Treatment Com-
ponents. PCA, an unsupervised pattern recognitionmethod,
was used to observe trends in mean metabolite pattern
changes across various time points (Figure 6). PLS-DA, a
supervised pattern recognition method, was used to display

themetabolic state of CIA rats on days 8, 15, and 22 (Figure 7).
The location marked with an arrow in Figure 6 indicates the
trend in mean metabolite pattern changes. On day 8, each
group’s metabolic state had changed from its initial position
(day 0).This change indicates that RA had disrupted endoge-
nous substance metabolism and had significantly altered the
metabolic fingerprints of the plasma compared to its normal
state. From day 8 to day 22, the direction of the trajectory
gradually moved towards the initial space. The trajectory
then returned to the initial space, indicating a recovery
from the disrupted metabolic state. Compared to the model
control group, the three drug treatment groups showed better
recovery performance from the CIA-inducedmetabolic state.
This result can be observed by comparing the dynamic
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Figure 4: Identification of a selected biomarker (m/z 162.1129). (a) Extracted ion chromatogram (EIC) of m/z 162.113 (𝑡
𝑅
= 1.19min); (b)

MS/MS spectrum of the ion; (c) MS/MS spectrum of a commercial standard carnitine. The collision energy was 10V.

trajectories in Figures 6 and 7(c). While the dexamethasone
group had the advantage of rapid treatment, the toxic side
effects of long-term dexamethasone administration led to a
metabolic state that deviated from normal rats on day 22.
Furthermore, HLJDT and its components resulted in better
recovery performance from the CIA-induced metabolic state
than dexamethasone on day 22 (Figure 7(c)).

Nine metabolites were reversed by HLJDT, and 7 were
reversed by its components (Table 3). This result indi-
cates that the component group could largely replace the
effects of the complete formula. The metabolites that were
reversed are primarily involved in phenylalaninemetabolism,
glycerophospholipid metabolism, fatty acid metabolism,
and arachidonic acid metabolism, which indicate that the
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Table 3: Summary of potential biomarkers in HLJDT and its
components’ groups on day 22.

Biomarkers HLJDT Components of HLJDT
Folda 𝑃 valuea Foldb 𝑃 valueb

Choline −20.24 0.041 — —
Carnitine 0.40 0.000 0.18 0.003
Glycerophosphocholine −19.87 0.001 −16.79 0.009
Acetylcarnitine −0.76 0.003 −0.15 0.002
L-Phenylalanine −0.28 0.012 −0.19 0.043
Hippuric acid −20.17 0.004 −18.87 0.006
Palmitoyl-L-carnitine −0.56 0.002 −0.01 0.022
Allantoin −0.12 0.018 — —
Arachidonic acid −0.24 0.002 −0.14 0.003
a
Fold changes calculated as log2 (average peak intensity of HLJDT
group/average peak intensity of model group) and 𝑃 value compared with
model group on day 22.
bFold changes calculated as log2 (average peak intensity of components of
HLJDT group/average peak intensity of model group) and𝑃 value compared
with model group on day 22.

effectiveness of HLJDT and its components as an RA treat-
ment partially depends on restoring imbalances related to
oxidative injury and the arachidonic acid pathway. HLJDT
was reported to have protective and therapeutic effects
on peripheral inflammation and hepatotoxin-induced liver
injuries [41, 42]. Rhizoma coptidis and Radix scutellariae
were responsible for the suppressive effect of HLJDT on
eicosanoid generation. Some of their pure components,

including baicalein, baicalin, wogonoside, wogonin, copti-
sine, andmagnoflorine, were also shown to inhibit eicosanoid
generation in rat macrophages via the arachidonic acid
cascade [21].

The results from a lipid peroxide assay, antioxidant
enzyme activity assays, and metabolomic analysis demon-
strate that HLJDT and its components have extensive
effects in RA treatment by regulating the pathway disrup-
tions associated with oxidative injury and arachidonic acid
metabolism.

4. Conclusions

In this study, metabolomic analysis with LC-Q-TOF-MS
was used to profile RA-related metabolic changes in the
plasma and to investigate the interventional mechanisms
of HLJDT and its components. After multiple levels of
statistical analysis, 18 significant biomarkers (11 metabo-
lites detected in the positive mode and 7 metabolites
detected in the negative mode) were identified. These
biomarkers are primarily involved in glycerophospholipid
metabolism, fatty acid metabolism, tryptophan metabolism,
linoleic acid metabolism, phenylalanine metabolism, purine
metabolism, arachidonic acid metabolism, and bile acid
biosynthesis. Potential biomarkers-related glycerophospho-
lipid metabolism and fatty acid metabolism, namely, car-
nitine, acetylcarnitine, allantoin, uric acid, choline, and
glycerophosphocholine, appear to have diagnostic and/or
prognostic values for RA and require further investigation in
clinical studies. Using the potential biomarkers identified in
this study as a screening index, we hypothesize that HLJDT
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Figure 6: Dynamic PCA scores’ plots of plasma metabolites impacted by different groups from day 0 to 22. (a) HLJDT group, (b)
dexamethasone group, (c) components group, and (d) model group. HG, HLJDT group; DG, dexamethasone group; CG, components group;
MG, model group.

and its components can limit the pathological process of
RA by partially reversing metabolite levels and regulating
pathway disruptions.Themetabolomic results presented here
provide a systemic view of the development and progression
of RA as well as a theoretical basis for the prevention or
treatment of RA.

Abbreviations

RA: Rheumatoid arthritis
CIA: Collagen-induced arthritis
LC-Q-TOF-MS: Liquid chromatography quadrupole

time-of-flight mass spectrometry
HLJDT: Huang-Lian-Jie-Du-Tang formula
NG: Normal group
MG: Model group
DG: Dexamethasone group
HG: HLJDT group
CG: Components group
TCM: Traditional Chinese medicine
PCA: Principal component analysis

PLS-DA: Partial least squares discriminant
analysis

GSH-Px: Glutathione peroxidase
SOD: Superoxide dismutase
MDA: Malondialdehyde
TBA: Thiobarbituric acid.

Conflict of Interest

The authors declare that they have no conflict of interests.

Authors’ Contribution

R. Yue and L. Zhao contributed equally to this paper.

Acknowledgments

Thid work was supported by NSFC (81102865, 81230090, and
30725045), partially supported by Global Research Network
for Medicinal Plants (GRNMP), Shanghai Leading Aca-
demic Discipline Project (B906), FP7-PEOPLE-IRSES-2008



10 Evidence-Based Complementary and Alternative Medicine

−20

−10

0

10

20

𝑡
(2

)

−30 −20 −10 0 10 20 30
𝑡(1)

Day 8

MG NG

HG

CG

DG

(a)

−20

−10

0

10

20

𝑡
(2

)

−20 −10 0 10 20
𝑡(1)

Day 15
MG

NG

HGCG

DG

(b)

−20

−10

10

20

𝑡
(2

)

𝑡(1)

0

−20 −10 0 10 20

Day 22

DG

MG

NG
HG

CG

(c)

Figure 7: Comparison of PLS-DA scores plots of rat plasma data of different groups on days 8, 15, and 22. (a) Day 8 (𝑄2𝑌
(cum) = 0.777,

𝑅
2
𝑋
(cum) = 0.428, 𝑅

2
𝑌
(cum) = 0.98). (b) Day 15 (𝑄2𝑌

(cum) = 0.796, 𝑅
2
𝑋
(cum) = 0.41, 𝑅

2
𝑌
(cum) = 0.985). (c) Day 22 (𝑄2𝑌

(cum) = 0.804,
𝑅
2
𝑋
(cum) = 0.439, 𝑅

2
𝑌
(cum) = 0.993). NG, normal control group; MG, model group; DG, dexamethasone group; HG, HLJDT group; CG,

components group.

(TCMCANCER Project 230232), Key Laboratory of Drug
Research for Special Environments, PLA, Shanghai Engineer-
ing Research Center for the Preparation of Bioactive Natural
Products (10DZ2251300), the Scientific Foundation of Shang-
hai China (09DZ1975700, 09DZ1971500, and 10DZ1971700),
National Major Project of China (2011ZX09307-002-03), and
the Twelfth Five-Year National Science and Technology
Support Program (2012BAI29B06).

References

[1] F. C. Arnett, S. M. Edworthy, D. A. Bloch et al., “The American
Rheumatism Association 1987 revised criteria for the classifica-
tion of rheumatoid arthritis,” Arthritis and Rheumatism, vol. 31,
no. 3, pp. 315–324, 1988.

[2] D. L. Scott, F. Wolfe, and T. W. J. Huizinga, “Rheumatoid
arthritis,”The Lancet, vol. 376, no. 9746, pp. 1094–1108, 2010.

[3] M. A. van Maanen, M. C. Lebre, T. van der Poll et al., “Stimu-
lation of nicotinic acetylcholine receptors attenuates collagen-
induced arthritis in mice,” Arthritis and Rheumatism, vol. 60,
no. 1, pp. 114–122, 2009.

[4] W.Q. Lai, A.W. Irwan,H.H.Goh, A. J.Melendez, I. B.McInnes,
and B. P. Leung, “Distinct roles of sphingosine kinase 1 and 2 in
murine collagen-induced arthritis,” Journal of Immunology, vol.
183, no. 3, pp. 2097–2103, 2009.

[5] H. Kelchtermans, L. Geboes, T. Mitera, D. Huskens, G.
Leclercq, and P. Matthys, “Activated CD4+CD25+ regulatory T
cells inhibit osteoclastogenesis and collagen-induced arthritis,”
Annals of the Rheumatic Diseases, vol. 68, no. 5, pp. 744–750,
2009.

[6] L. G. M. van Baarsen, C. A. Wijbrandts, T. C. G. Timmer,
T. C. T. M. van der Pouw Kraan, P. P. Tak, and C. L.
Verweij, “Synovial tissue heterogeneity in rheumatoid arthritis
in relation to disease activity and biomarkers in peripheral
blood,” Arthritis and Rheumatism, vol. 62, no. 6, pp. 1602–1607,
2010.

[7] V. C. Willis, A. M. Gizinski, N. K. Banda et al., “N-𝛼-
benzoyl-N5-(2-chloro-1-iminoethyl)-L-ornithine amide, a pro-
tein arginine deiminase inhibitor, reduces the severity ofmurine
collagen-induced arthritis,” Journal of Immunology, vol. 186, no.
7, pp. 4396–4404, 2011.

[8] A. Augello, R. Tasso, S. M. Negrini, R. Cancedda, and G. Pen-
nesi, “Cell therapy using allogeneic bone marrowmesenchymal



Evidence-Based Complementary and Alternative Medicine 11

stem cells prevents tissue damage in collagen-induced arthri-
tis,” Arthritis and Rheumatism, vol. 56, no. 4, pp. 1175–1186,
2007.

[9] C. Salliot and D. van der Heijde, “Long-term safety of
methotrexate monotherapy in patients with rheumatoid arthri-
tis: a systematic literature research,” Annals of the Rheumatic
Diseases, vol. 68, no. 7, pp. 1100–1104, 2009.

[10] N. Alcorn, S. Saunders, and R. Madhok, “Benefit-risk assess-
ment of leflunomide: an appraisal of leflunomide in rheumatoid
arthritis 10 years after licensing,” Drug Safety, vol. 32, no. 12, pp.
1123–1134, 2009.

[11] D. Schaffer, T. Florin, C. Eagle et al., “Risk of serious NSAID-
related gastrointestinal events during long-term exposure: a
systematic review,” Medical Journal of Australia, vol. 185, no. 9,
pp. 501–506, 2006.

[12] P. A. Scott, G. H. Kingsley, C. M. Smith, E. H. Choy, and D. L.
Scott, “Non-steroidal anti-inflammatory drugs and myocardial
infarctions: comparative systematic review of evidence from
observational studies and randomised controlled trials,”Annals
of the Rheumatic Diseases, vol. 66, no. 10, pp. 1296–1304, 2007.

[13] C. Gieger, L. Geistlinger, E. Altmaier et al., “Genetics meets
metabolomics: a genome-wide association study of metabolite
profiles in human serum,” PLoS Genetics, vol. 4, no. 11, Article
ID e1000282, 2008.

[14] A. M. Weljie, R. Dowlatabadi, B. J. Miller, H. J. Vogel, and
F. R. Jirik, “An inflammatory arthritis-associated metabolite
biomarker pattern revealed by 1H NMR spectroscopy,” Journal
of Proteome Research, vol. 6, no. 9, pp. 3456–3464, 2007.

[15] M. B. Lauridsen, H. Bliddal, R. Christensen et al., “1H NMR
spectroscopy-based interventional metabolic phenotyping: a
cohort study of rheumatoid arthritis patients,” Journal of Pro-
teome Research, vol. 9, no. 9, pp. 4545–4553, 2010.

[16] X. Li, S. Yang, Y. Qiu et al., “Urinary metabolomics as a
potentially novel diagnostic and stratification tool for knee
osteoarthritis,”Metabolomics, vol. 6, no. 1, pp. 109–118, 2010.

[17] G. Theodoridis, H. G. Gika, and I. D. Wilson, “LC-MS-based
methodology for global metabolite profiling in metabonomics/
metabolomics,”Trends in Analytical Chemistry, vol. 27, no. 3, pp.
251–260, 2008.

[18] A. Nordström, G. O’Maille, C. Qin, and G. Siuzdak, “Non-
linear data alignment for UPLC-MS and HPLC-MS based
metabolomics: quantitative analysis of endogenous and exoge-
nous metabolites in human serum,” Analytical Chemistry, vol.
78, no. 10, pp. 3289–3295, 2006.

[19] S. Dou, L. Liu, P. Jiang, W. Zhang, and R. Liu, “LC-DAD and
LC-ESI-MS chromatographic fingerprinting and quantitative
analysis for evaluation of the quality of Huang-Lian-Jie-Du-
Tang,” Chromatographia, vol. 69, no. 7-8, pp. 659–664, 2009.

[20] Y. Hu, P. Jiang, S. Wang et al., “Plasma pharmacochemistry
based approach to screening potential bioactive components
in Huang-Lian-Jie-Du-Tang using high performance liquid
chromatography coupled with mass spectrometric detection,”
Journal of Ethnopharmacology, vol. 141, no. 2, pp. 728–735, 2012.

[21] H. Zeng, S. Dou, J. Zhao et al., “The inhibitory activities
of the components of Huang-Lian-Jie-Du-Tang (HLJDT) on
eicosanoid generation via lipoxygenase pathway,” Journal of
Ethnopharmacology, vol. 135, no. 2, pp. 561–568, 2011.

[22] H. Zeng, X. Liu, S. Dou et al., “Huang-Lian-Jie-Du-Tang
exerts anti-inflammatory effects in rats through inhibition of
nitric oxide production and eicosanoid biosynthesis via the
lipoxygenase pathway,” Journal of Pharmacy and Pharmacology,
vol. 61, no. 12, pp. 1699–1707, 2009.

[23] R. Yue, L. Zhao, Y. Hu et al., “Rapid-resolution liquid chro-
matography TOF-MS for urine metabolomic analysis of
collagen-induced arthritis in rats and its applications,” Journal
of Ethnopharmacology, vol. 145, no. 2, pp. 465–475, 2013.

[24] C. A.Hitchon andH. S. El-Gabalawy, “Oxidation in rheumatoid
arthritis,” Arthritis Research and Therapy, vol. 6, no. 6, pp. 265–
278, 2004.

[25] G. Baskol, H. Demir, M. Baskol et al., “Investigation of protein
oxidation and lipid peroxidation in patients with rheumatoid
arthritis,”Cell Biochemistry and Function, vol. 24, no. 4, pp. 307–
311, 2006.

[26] H. R. Griffiths, “Is the generation of neo-antigenic determinants
by free radicals central to the development of autoimmune
rheumatoid disease?” Autoimmunity Reviews, vol. 7, no. 7, pp.
544–549, 2008.

[27] K. Hadjigogos, “The role of free radicals in the pathogenesis of
rheumatoid arthritis,” Panminerva Medica, vol. 45, no. 1, pp. 7–
13, 2003.

[28] L. Gail Darlington and T. W. Stone, “Antioxidants and fatty
acids in the amelioration of rheumatoid arthritis and related
disorders,” British Journal of Nutrition, vol. 85, no. 3, pp. 251–
269, 2001.

[29] E. A. Ostrakhovitch and I. B. Afanas’ev, “Oxidative stress in
rheumatoid arthritis leukocytes: suppression by rutin and other
antioxidants and chelators,” Biochemical Pharmacology, vol. 62,
no. 6, pp. 743–746, 2001.

[30] B. N. Ames, R. Cathcart, E. Schwiers, and P. Hochstein,
“Uric acid provides an antioxidant defense in humans against
oxidant- and radical-caused aging and cancer: a hypothesis,”
Proceedings of the National Academy of Sciences of the United
States of America, vol. 78, no. 11, pp. 6858–6862, 1981.

[31] M. Grootveld and B. Halliwell, “Measurement of allantoin and
uric acid in human body fluids. A potential index of free-radical
reactions in vivo?” Biochemical Journal, vol. 243, no. 3, pp. 803–
808, 1987.

[32] G. K. Glantzounis, E. C. Tsimoyiannis, A. M. Kappas, and D. A.
Galaris, “Uric acid and oxidative stress,”Current Pharmaceutical
Design, vol. 11, no. 32, pp. 4145–4151, 2005.

[33] A. M. Cohen, R. E. Aberdroth, and P. Hochstein, “Inhibition of
free radical-induced DNA damage by uric acid,” FEBS Letters,
vol. 174, no. 1, pp. 147–150, 1984.

[34] K. J. A. Davies, A. Sevanian, S. F. Muakkassah-Kelly, and P.
Hochstein, “Uric acid-iron ion complexes. A new aspect of the
antioxidant functions of uric acid,”Biochemical Journal, vol. 235,
no. 3, pp. 747–754, 1986.

[35] N. Tastekin, N. Aydogdu, D. Dokmeci et al., “Protective effects
of l-carnitine and alpha-lipoic acid in rats with adjuvant
arthritis,” Pharmacological Research, vol. 56, no. 4, pp. 303–310,
2007.

[36] C. R. Bruce, A. J. Hoy, N. Turner et al., “Overexpression of
carnitine palmitoyltransferase-1 in skeletal muscle is sufficient
to enhance fatty acid oxidation and improve high-fat diet-
induced insulin resistance,”Diabetes, vol. 58, no. 3, pp. 550–558,
2009.

[37] F. Le Borgne, A. Ben Mohamed, M. Logerot, E. Garnier, and J.
Demarquoy, “Changes in carnitine octanoyltransferase activity
induce alteration in fatty acid metabolism,” Biochemical and
Biophysical Research Communications, vol. 409, no. 4, pp. 699–
704, 2011.



12 Evidence-Based Complementary and Alternative Medicine

[38] A. Kllzllltunc, S. Cogalgil, and L. Cerrahoglu, “Carnitine and
antioxidants levels in patients with rheumatoid arthritis,” Scan-
dinavian Journal of Rheumatology, vol. 27, no. 6, pp. 441–445,
1998.
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Ametabolomic approach has been developed for evaluating the therapeutic effects of the bioactive components and the synergistic
efficacy of the Shexiang Baoxin Pill (SBP) on myocardial infarction (MI) in rats. The MI rats were administered the SBP, muscone,
cinnamic acid, bufalin, ginsenosideRe, ginsenosideRb1, cholic acid, borneol, and a combined version of these bioactive components
(SFSBP). Liquid chromatography/quadrupole time-of-flight mass spectrometry (LC-Q-TOF/MS) was used to obtain the mass data
from the rats’ serum.The number of biomarkers that were reversed by SFSBP was greater than any of the monotherapy groups.The
PLS-DA score plots demonstrated that the SFSBP group results were located closer to the sham group than any of the monotherapy
groups and that the SBP group was located closer to the sham group than the SFSBP treatment group. The reversing results
observed with SFSBP showed synergistic effects when compared with those of the individual bioactive components that were used
as monotherapy. Meanwhile, the SBP displayed superior regulation efficacy to SFSBP inMI rats, indicating that there must be other
active components in the SBP that were responsible for the treatment of MI that were not included in the SFSBP treatment.

1. Introduction

Traditional Chinese Medicines (TCMs) have a long-standing
use in clinical practice, and their effectiveness has also been
confirmed [1–5]. TCMs hold an important position in the
health care tradition of many countries, particularly in Asia
[6]. As each TCM employs a large number of chemical
compounds and as these components are its pharmaco-
dynamic material basis, TCM itself is definitely a multi-
component agent. Characteristically, TCMs focus on body’s
response to pathogenic factors more than on the pathological
mechanisms, and TCM regulates them in a more holistic
way with minimal side effects [7]. Although the therapeutic
effectiveness of TCM has been recognized significantly for
thousands of years, its synergistic effects have not been
sufficiently clarified.

The Shexiang Baoxin Pill (SBP), which consists of seven
herbal medicines, including Moschus, Radix Ginseng, Calcu-
lus Bovis, Styrax, Cortex Cinnamomi, Venenum Bufonis, and
Borneolum Syntheticum, has been widely used for treating
coronary heart disease (CHD) in China for many years
[8–12]. The therapeutic mechanisms of the SBP have been
studied in our lab for approximately ten years. Although Peng
Jiang et al. [13] and Li Xiang et al. [14] have demonstrated
that the therapeutic mechanisms of the SBP were involved
mainly in inhibiting dysfunctions in energy metabolism,
oxidative injury, and inflammation in the development of
myocardial infarction (MI), the advantages of the synergistic
efficacy of the SBP had not been investigated. There are
hundreds of compounds in the SBP, but most of them are
nonbioactive ingredients. In other words, they are not useful
therapeutically. Therefore, we hope to rebuild a simplified
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formula of an SBP (SFSBP) using the bioactive ingredients to
attempt to clarify the advantages of the synergistic efficacy of
the SBP.

It has been reported that there are hundreds of com-
pounds in the SBP [15, 16]. Compounds such asmuscone, cin-
namic acid, bufalin, ginsenoside Re, ginsenoside Rb1, cholic
acid, and borneol are the principal active components in the
ingredients (Moschus, Cortex Cinnamomi, Styrax, Venenum
Bufonis, Radix Ginseng, Calculus Bovis, and Borneolum Syn-
theticum), and they are also responsible for the therapeutic
effectiveness of the SBP [17]. In this study, these 7 bioactive
compounds were combined into a simplified formula of the
Shexiang Baoxin Pill (SFSBP) according to their proportions
in the SBP [15, 16].

Metabolomics is a systematic approach that can be used
for understanding processes ranging from the analysis of
metabolic profiles in vivo to the dynamic responses to patho-
physiological stimuli or drug interventions [18]. It provides
insights into the global metabolic condition of the entire
organisms, which is reasonably coincident with the systemic
and integrative nature of TCM [19]. Metabolomics has been
applied to the study of the potential mechanisms of many
TCMs, such as the Shuanglong formula [20], the Sini Decoc-
tion [21], and the Compound Danshen Tablets [22, 23].

As part of an ongoing study, a metabolomicmethodology
has been employed to investigate the synergistic efficacy of
the multiple components of SBP in MI rats. Through a com-
parative study of the holistic intervention effects of the SBP,
the SFSBP, and the 7 single bioactive compounds on MI rats,
the synergistic efficacy of the multicomponent properties of
the SBP has been clarified preliminarily.

2. Experiment

2.1. Materials and Reagents. HPLC grade methanol and ace-
tonitrile were purchased from Honeywell (NJ, USA). Spec-
troscopic grade formic acid and leucine enkephalin were pur-
chased from Sigma-Aldrich (St. Louis, MO, USA). Ultrapure
water was prepared with a Milli-Q water purification system
(MA, USA).The assay kits used for creatine kinases (CK) and
lactate dehydrogenase (LDH) were purchased from Nanjing
Jiancheng Bioengineering Institute (Nanjing, China). The
Shexiang Baoxin Pill (SBP) was kindly donated by Shanghai
Hutchison Pharmaceuticals (Shanghai, China). Muscone,
cinnamic acid, bufalin, ginsenoside Re, ginsenoside Rb1,
cholic acid, and borneol (purity > 98%) were purchased from
Shanghai Ronghe Biopharmaceutical Co., LTD (Shanghai,
China).

2.2. Animals. Eighty male Sprague-Dawley rats (200 ± 20 g)
were purchased from SLAC Laboratory Animal Co., Ltd
(Shanghai, China). All of the animals were kept in an animal
roomwith a constant temperature of 23±2∘C and a 12 h dark-
light cycle with free access to food and water. The animal
facilities and protocols were used with the permission of
the Institutional Animal Care and Use Committee of the
Second Military Medical University. All of the animals were
treated with humane care throughout the experiment under
the previous conditions for a 2-week acclimation period.

2.3. MI Model and Drug Administration. An MI model was
induced by the left anterior descending coronary artery
(LADCA) ligation [24, 25]. First, animals were anesthetized
with ether, immobilized on a pad and positioned on their
backs. Then, the heart was exteriorized immediately after
thoracotomy in the fourth left intercostal space. After the
heart was returned to its normal position, a 4–0 black silk
ligature was securely ligated in theMI group rats. To ascertain
that the MI model had been successful, electrocardiograms
(ECGs) were recorded using a MPA 2000 biosignal analysis
system (Alcott Biotech Co. Ltd., Shanghai, China) to obtain
an abnormal Q wave (less than 0.3mV). The sham group
was operated upon using the same process as previously
mentioned, except for the ligation step. In total, 64MI rats
and 8 sham rats survived.

Fifty-sixMI rats were randomly grouped and treated with
9 types of medicines: SBP (28mg/kg/day, 𝑛 = 7), SFSBP
(40mg/kg/day, 𝑛 = 7, composed of muscone (2.28mg),
cinnamic acid (2.57mg), bufalin (1.16mg), ginsenoside Re
(7.87mg), ginsenoside Rb1 (3.20mg), cholic acid (10.20mg),
and borneol (12.72mg)), muscone (150mg/kg/day, 𝑛 = 6),
cinnamic acid (50mg/kg/day, 𝑛 = 6), bufalin (10mg/kg/day,
𝑛 = 6), ginsenoside Re (20mg/kg/day, 𝑛 = 6), ginsenoside
Rb1 (40mg/kg/day, 𝑛 = 6), cholic acid (80mg/kg/day, 𝑛 =
6), or borneol (100mg/kg/day, 𝑛 = 6). The nine types
of medicines were ground into fine powders and dissolved
in a 0.5% carboxymethyl cellulose sodium salt (CMC-Na)
aqueous solution.The remaining 8MI rats were treated as an
MImodel group, and 0.5%CMC-Nawas orally administered,
as was performed for the 8 sham rats. All of the rats were
orally gavaged for 15 consecutive days.

2.4. Sample Collection. Blood was collected from the oph-
thalmic venous plexus after all the rats were anaesthetized
with ether on the 15th day. The blood was then centrifuged
at 3,500 rpm for 10min at 4∘C, 1 h after the blood collec-
tion. Then, 200𝜇L of the supernatant serum obtained was
collected and stored at −20∘C for analysis of CK and LDH.
The remaining serum (>200𝜇L) was stored in a −80∘C
refrigerator for LC-Q-TOF/MS analysis. The hearts of 72 rats
were excised and immediately fixed in 10% formalin for the
analysis of the histopathology.

2.5. Preparation of Metabolomic Samples. The serum samples
were thawed before analysis. Each 100 𝜇L of serum aliquot
was added to 1000 𝜇L of methanol.Themixture was vortexed
for 2min and centrifuged at 12,000 rpm for 10min at 4∘C.The
supernatant was stored at −80∘C for at least 24 hours before
analysis.

The blank sample was acetonitrile, and it was run after
every two serum sample injections to minimize carryover.
Equal volumes of methanol and ultrapure water were mixed
as a needle cleaning phase and were washed for 1min during
every injection.

A volume of 10 𝜇L was pooled as a quality control (QC)
sample from each serum sample.The preparation process for
the QC samples was the same as for the analysis samples.
The QC samples were injected randomly during the analysis
sequence to ensure the stability of the instrument that was
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used to evaluate the mass, the retention time, and the ionic
intensity.

2.6. LC-Q-TOF/MS Analysis. Metabolomic analysis was per-
formed on an Agilent-1200 LC system coupled to an Agilent-
6520 Q-TOF mass spectrometer (Agilent Technologies, Palo
Alto, CA, USA) and equipped with an electrospray ionization
source. Separation of all of the serum samples was performed
on an Eclipse plus C

18
column (1.8 𝜇m, 2.1mm × 100mm,

Agilent). The column temperature was maintained at 45∘C.
Ultrapure water (a) with 0.1% formic acid and acetonitrile (b)
with 0.1% formic acid were used as the mobile phase, and
the flow rate was set at 0.25mL/min. The gradient program
was as follows: 0–1.5min, 2% B; 1.5–9min, 100% B; 9–11min,
85% B; 11–13min, 80% B; 13–18min, 2% B; 18–22min, 2%
B in positive mode and 0–1.5min, 2% B; 1.5–9min, 85% B;
9–12min, 100% B; 12–15min, 100% B; 15–19min, 2% B; 19–
23min, 2% B in negative mode.The sample injection volume
was 1 𝜇L.

The parameters formass detection were set as follows: the
gas temperature was 330∘C; the drying gas (N

2
) flow rate was

8 Lmin−1; the nebulizer gas pressure was 35 psig, the Vcap
was 3,700V in the negative mode and 3,900V in the positive
mode; the skimmer was 65V; the fragmentor was 160V; and
the mass scan range was m/z 50–1000. Leucine enkephalin
was used as the lockmass (m/z 554.2615 in the negative mode
and 556.2771 in the positive mode). The MS/MS analysis was
acquired in the targeted MS/MS mode with three collision
energies: 10 ev, 20 ev and 40 ev.

2.7. Method Validation. Validation of themethod was carried
out to confirm the suitability of long batch analysis. In this
study, six extracted ions, including m/z 269.05 (homocys-
teine, positive mode), m/z 118.07 (L-valine, positive mode),
m/z 282.27 (oleamide, positive mode), m/z 608.3631 (PGPC,
negative mode), m/z 188.0768 (3-indolepropionic acid, neg-
ative mode), and m/z 165.046 (3-methylxanthine, negative
mode), were chosen to assess the repeatability and stability
of the established method by assessing the variations in peak
areas and retention times.

Six parallel samples that were obtained from the same
sample were prepared using the same extraction method and
were injected continuously for the assessment of the repeata-
bility. QC samples were injected after every 6 serum sample
injections to evaluate the stability of the sequence analysis.

2.8. Data Processing. The LC-Q-TOF/MS data were analyzed
by Agilent Mass Hunter Qualitative Analysis Software (Agi-
lent Technologies, Palo Alto, CA, USA). The parameters
for the data collection were set as follows: mass ranging
from 50 to 1000 amu and retention time ranging from 0
to 12min, and mass tolerance was 0.05Da, retention time
tolerance was 0.1min, and peak relative height was ≥1.5%.
Mass data (m/z) and retention time (𝑡

𝑅
) were listed as the

identifiers for each peak. Before the multivariate analysis, the
ion intensities for each peak were normalized to the total
area to correct for the MS response shift through sequence

analysis due to the long duration of this metabolomic
study. Partial least squares discriminant analysis (PLS-DA)
was performed through SIMCA-P (version 11.0, Umetrics,
Umea, Sweden) for multivariate analysis. One-way analyses
of variance (ANOVAs) were performed using a Bonferroni
correction of the SPSS 13.0 package for Windows (SPSS Inc.,
Chicago, IL, USA) for the analysis of significance. Differences
were considered significant at values of 𝑃 < 0.05.

3. Results and Discussion

3.1. Pharmacology Study

3.1.1. Serum Enzyme Measurements. The activities of the
serum enzymes CK and LDH are considered to be important
parameters in the assessment ofmyocardial injury [26, 27]. In
the present study, the serum concentrations of CK and LDH
were measured to evaluate both the validity of the MI model
and the therapeutic effectiveness of different treatments. As
shown in Figure 1, the concentrations of CK and LDH were
significantly increased (P < 0.01, compared with the sham
group) in the MI group (B), which indicated that the MI
model had been successfully induced. The cinnamic acid
(H) group only acquired a significant restoration effect on
LDH when compared with the MI group (P < 0.01). The
cholic acid (K) group not only showed a significant difference
from the MI group but also showed a significant difference
when compared with the sham group (P < 0.01), suggesting
that cholic acid had over-regulated the disturbed balance
of LDH and CK in vivo that was induced by the MI and
that there might be side effects during regulation. However,
the reducing effects of the SBP (C), the SFSBP (D), and the
ginsenoside Re (E) groups seemed more robust than did the
remaining groups (P < 0.01, compared with the sham group).

3.1.2. Effects of MI on Myocardial Tissue. As shown in
Figure 2, histological sections of myocardial tissue from the
MI group can be differentiated clearly from those of the sham
group. There was serious swelling of the fibroblasts and the
fibroblastic hyperplasia in the MI group, while subendocar-
dial necrosis, infiltrated leukocytes, chronic inflammatory
cells, edema, and vacuoles could be clearly observed. How-
ever, these symptoms, induced by myocardial injury, were
almost completely lacking in the sham group. Histopatho-
logical examination of the SBP and SFSBP groups was very
similar to that of the sham group; slight subendocardial
damage was observed, and a reduction of inflammatory
cells was observed, which indicated that the SBP and SFSBP
groups had experienced decreased myocardial damage. The
fibrotic and necrotic effects were slightly reversed in the
ginsenoside Rb1, ginsenoside Re, and cinnamic acid groups,
which demonstrated that these 3 drugs showed therapeutic
effects on MI, but they were not as effective as were the
SBP and the SFSBP. Meanwhile, fibrotic and necrotic tissues
were clearly observed in the borneol, bufalin, and muscone
groups. All of the results demonstrated that the therapeutic
performance was much lower in regulating myocardial dam-
age when using the single components individually.
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Figure 1: CK and LDH results in rat serum from MI group. LDH: lactate dehydrogenase and CK: and creatine kinases. (A) sham group,
(B) MI group, (C) SBP group, (D) SFSBP group, (E) ginsenoside Re, (F) ginsenoside Rb1, (G) bufalin group, (H) cinnamic acid group, (I)
muscone group, (J) borneol group, and (K) cholic acid group. ∗∗P < 0.01 versus MI group and ##P < 0.01 versus sham group.

3.2. Method Validation for Stability and Repeatability of
Sequence Analysis Using LC-Q-TOF/MS. The stability of
sequence analysis using the LC-Q-TOF/MS system was vali-
dated by the variations in peak area and retention time of six
extracted ions (m/z 269.05 (homocysteine, positive mode),
m/z 118.07 (L-valine, positive mode), m/z 282.27 (oleamide,
positive mode), m/z 608.3631 (PGPC, negative mode), m/z
188.0768 (3-indolepropionic acid, negative mode), and m/z
165.046 (3-methylxanthine, negative mode)). The relative
standard deviations (RSDs) of the peak areas of the six
extracted ions were all less than 13% in both the negative
and the positivemodes, while the relative standard deviations
(RSDs) of the retention times of the six extracted ions were all
less than 2% [14].

The repeatability of the LC-Q-TOF/MS system was val-
idated by a reduplicated analysis of six parallel samples. The
relative standard deviations (RSDs) of the peak areas of the six
extracted ions were less than 15% in both the positive and the
negativemodes, while the relative standard deviations (RSDs)
of the retentions times of the six extracted ions were all less
than 1% [14].

All of the results demonstrated that the stability and the
repeatability of the proposedmethodwere satisfactory for the
metabolomic study.

3.3. Metabolomics Study

3.3.1. Biomarkers Contributed by MI. In our previous study,
8,302 ion signals in the positive mode and 7,289 ion signals
in the negative mode were detected in both the MI model
and the sham groups. Multivariate statistical analyses of a
partial least squares discriminate analysis (PLS-DA) were
performed by SIMCA-P software. Variable biomarkers were
selected between the MI and the sham groups based on their
variable importance in the projection threshold (VIP > 1).

Eventually, 27 biomarkers (see Supplementary Table 1 avail-
able online at http://dx.doi.org/10.1155/2013/823121) were
identified (14 in the positive and 13 in the negative)
by searching through the Biofluid Metabolites Database
(http://metlin.scripps.edu/) and the Human Metabolome
Database (http://www.hmdb.ca/) for information on the MS
and the MS/MS results in our previous study [14]. These
biomarkers primarily involved 4 pathological pathways. Five
biomarkers, including homocysteine [28–31], PGPC [32–34],
5-methylcytosine [35], hippuric acid [36], and allantoin [37],
were related to oxidative injury frommyocardial dysfunction.
Five biomarkers, including AIR, hypoxanthine [38, 39],
allantoin, lactic acid [40–42], and 3-methylxanthine, partic-
ipated in energy metabolism dysfunctions induced by MI.
Three biomarkers, including PGE2, leukotriene A4 methyl
ester, and 12(S)-HETE, which are found in arachidonic acid
metabolism, were involved in the inflammation that relates
to MI. Five biomarkers, including L-proline, L-isoleucine,
homocysteine, pyroglutamic acid, and L-valine, are amino
acids which indicate that the formation of a MI has broken
the balance of the amino acid metabolism.

In this study, the different therapeutic effects of the 9
treatment groups have been evaluated through monitoring
the changes in the 27 identified biomarkers.

3.3.2. Different Therapeutic Effects of SFSBP and Its 7 Con-
stituent Groups on MI. The PLS-DA score plots (Figure 3)
that were built to holistically evaluate the regulatory effects
of SFSBP and its constituent treatment groups on MI in
both positive and negative modes showed clear results.
Although some of themonotherapy groups (ginsenoside Rb1,
ginsenoside Re, bufalin, cinnamic acid, muscone, borneol
and cholic acid treated groups) overlapped slightly with the
SFSBP-group, none of the monotherapy groups were located
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Figure 2: Myocardial tissues of 11 groups under light microscopy.

closer to the sham group than the SFSBP-treated group was
in either mode.

The mean levels of the 27 identified biomarkers were
also analyzed to evaluate the therapeutic effects of SFSBP
and its 7 monocomponents. Nineteen of the biomarkers were
significantly reduced to the level of the sham group by SFSBP,
while the number of biomarkers reduced by ginsenoside Rb1,
ginsenoside Re, bufalin, cinnamic acid, muscone, borneol,
and cholic acid was 8, 6, 6, 8, 11, 5, and 6, respectively. As
shown in Figure 5, the therapeutic effects of ginsenoside
Rb1, ginsenoside Re, and cholic acid were primarily focused
on regulating the biomarkers that relate to the oxidative
injury (hippuric acid, homocysteine, and 5-methylcytosine)
from MI, while bufalin and cinnamic acid were primarily
focused on inhibiting the dysfunctions in energy metabolism
(lactic acid) that are induced by MI. Furthermore, muscone
achieved a significant therapeutic effect on the regulation of
the oxidative injury (hippuric acid and 5-methylcytosine) and
the dysfunctions in energymetabolism (lactic acid) related to
MI, while borneol achieved scarcely any therapeutic effects
on MI. Additionally, as shown in Figure 4, the mean levels
of 2 biomarkers (pyroglutamic acid and 3-indolepropionic
acid) in the SFSBP-treated group were reduced closer to the
level of the sham group than they were in the monotherapy
groups. Meanwhile, 4 biomarkers, including PGPC, PGE2,

L-isoleucine, and L-proline were only significantly reduced
to the level of the sham group by SFSBP. PGPC and PGE2
were involved in the oxidative injury and the inflammation
from MI, respectively, indicating that the therapeutic effects
of SFSBP came primarily from regulating the oxidative injury
and the inflammation induced by MI.

All of the results indicated that SFSBP showed a stronger
and more stable therapeutic effect for treating myocardial
injury than did the monotherapies. Although each single
therapy treated group was dosed at a higher dose concen-
tration than was the SFSBP group, the SFSBP group showed
the highest degree of recovery among the 8 treated groups.
These results were consistent with pharmacology results that
suggested that SFSBP could amplify the therapeutic effects
of each of its constituents and exert synergistic therapeutic
efficacies.

3.3.3. Evaluation of Therapeutic Effectiveness of SFSBP on MI
by Comparison with the SBP. Another PLS-DA model was
built to evaluate the therapeutic effectiveness of the SFSBP
and the SBP on MI. As shown in Figure 6, the SBP and
the SFSBP groups were far from the MI group on the PLS-
DA score plots. The SBP-treated group was closer to the
sham group than it was to the SFSBP-treated group. Overlap
between the two groups was also observed, revealing that the
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Figure 3: Continued.



Evidence-Based Complementary and Alternative Medicine 7

SFSBPBorneol
MI

Sham

10

5

0

−5

−10

−20 −10 0 10 20
𝑡[1]

𝑡
[
2
]

SFSBP

MI Sham

10

5

0

−5

−10

−20 −10 0 10 20
𝑡[1]

𝑡
[
2
]

Borneol

(g1) (g2)

(b)

Figure 3: PLS-DA score plots of rat serum on day 15 in both positive and negative modes. (Parameters of each score plot were shown in
Supplementry Material.)
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SBP achieved more effective therapeutic performance during
the recovery from the MI surgery than did the SFSBP.

The mean levels of the 27 identified biomarkers were
also examined to evaluate the therapeutic effectiveness of
the SFSBP and the SBP on MI. Nineteen biomarkers were
significantly (P > 0.05, compared to sham group) reduced
to the level of the sham group by either the SBP or the
SFSBP. Among these biomarkers, 16 biomarkers (Figure 7)
were reduced to the level of the sham group in both groups.
Leukotriene A4 methyl ester, oleamide, and 3-methylxan-
thine (Figure 8) were reduced to the level of the sham
group by the SBP (P > 0.05, SBP-treated group versus sham
group), while L-proline, 5-aminoimidazole ribonucleotide,
and taurocholic acid (Figure 8) were regulated to the level
of the sham group in the SFSBP-treated group (P > 0.05,
SFSBP-treated group versus sham group), and the remaining
five biomarkers, hypoxanthine, niacinamide, 12(S)-HETE, 2-
furoic acid, and allantoin, were not able to be restored by
either the SBP or the SFSBP treatments.

Among those biomarkers that were significantly reduced
by the SBP and the SFSBP, lactic acid is involved in energy
metabolism, hippuric acid, homocysteine, 5-methylcytosine,
and PGPC are involved in oxidative injury, and PGE2 is
involved in inflammation, which indicates that the SBP and
the SFSBPmight offer therapeutic effects on the dysfunctions
in energy metabolism, oxidative injury, and inflammation
induced by MI. Additionally, leukotriene A4 methyl ester
(involved in inflammation) and 3-methylxanthine (involved
in energymetabolism) can be reduced to the level of the sham
group by the SBP but not by the SFSBP (Figure 8), indicating
that the therapeutic effectiveness of the SBP may be superior
to that of the SFSBP in inhibiting the inflammation and the
dysfunctions in energy metabolism.

The results demonstrated that the SBP and the SFSBP
did have significant therapeutic efficacy in the MI rats and
that their therapeutic mechanism was focused on inhibiting
the dysfunctions in energy metabolism, oxidative injury,
and inflammation from MI. Considering the fact that the



8 Evidence-Based Complementary and Alternative Medicine

XanthineHypoxanthine

ATP

AMP

HMP

AIR

Allantoate

3-Methylxanthine

Theophylline

Caffeine

Succinyl-CoA

L-ValineL-Isoleucine

L-lactate

L-ProlineHomocysteine

Pyroglutamic acid

Amino acid 
metabolism

LTA4 Arachidonate

12(S)-HETE

PGE2

LTA4 methyl ester

Inflammation 

Energy 
metabolism 

Glycerylphosphorylethanolamine Niacinamide

dTMT

dUMP

Thymidine

5-Methylcytosine Oxidative 
injury

Anaerobic
metabolism

Hippuric acid Succinate

Bufalin 

Muscone
Arachidonic acid 

metabolism

Glycerophospholipid 
metabolism

Caffeine 
metabolism

Pyrimidine 
metabolism

Phenylalanine 
metabolism

Pyruvate
metabolism

Purine 
metabolism

SFSBP

Cholic acid  

Ginsenoside Re 

Ginsenoside Rb1

SFSBP Cholic acid  

Citrate 
cycle

SFSBP

SFSSFSSFSSFSSFSBPBPBPBPBPSFSBP hChChoCholliliclic acac dididid  Cholic acid  

Figure 5: The distribution of regulation effects using different treatments. The solid-line squares represent the identified biomarkers; the
cylinders represent pathogenesis induced by MI; the dashed squares represent different treatments.

Sham

SBP

SFSBP

MI

10

5

0

−5

−10

−20 −10 0 10 20
𝑡[1]

𝑡
[
2
]

(a)

MI

SBP

SFSBP

Sham

10

5

0

−5

−10

−20 −10 0 10 20
𝑡[1]

𝑡
[
2
]

(b)

Figure 6: PLS-DA score plots of rat serum on day 15 in positive and negative modes. (a) PLS-DA score plot of rat serum of the SFSBP group
in positive mode (𝑅2𝑋
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2
𝑌
(cum) = 0.977,𝑄

2
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(cum) = 0.573); (b) PLS-DA score plot of rat serum of the SFSBP group in negative

mode (𝑅2𝑋
(cum) = 0.516, 𝑅

2
𝑌
(cum) = 0.975, 𝑄

2
𝑌
(cum) = 0.583).

SFSBP has the composition of the SBP, we can conclude
that the SBP might also have synergistic effects in MI rats.
However, the regulatory efficacy of the SBP on MI rats was
superior to that of the SFSBP, according to the PLS-DA score
plots. One of the reasons for this might be that there are
other bioactive compounds in the SBP exerting therapeutic
effects on MI, so that the composition of SFSBP needs to
be further optimized. In consideration of the fact that the
concentrations of 7 bioactive compounds in the SFSBP were
much higher than those in the SBP, the therapeutic efficacy

of the SFSBP was not as strong as that of the SBP, indicating
the rationality of the TCM formula and the likelihood that it
cannot simply be substituted with a combination of several
bioactive compounds from its formula.

4. Conclusions

In this study, a metabolomic strategy has been performed
to investigate the therapeutic and the synergistic effects of a
TCM formula.This study revealed that the therapeutic effects
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of multicomponentmedicines were greater than the effects of
single components and that they exert a synergistic effect, in
accordancewith our previous study [14], which also indicated
that TCM did have advantages in regulating the dysfunctions
induced by complicated diseases. Finally, we believe that such
a metabolomic-based approach is an efficacious strategy for
the study of TCM.
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Vitexicarpin (VIT) isolated from the fruits of Vitex rotundifolia has shown antitumor, anti-inflammatory, and immunoregulatory
properties. This work is designed to evaluate the antiangiogenic effects of VIT and address the underlying action mechanism of
VIT by a network pharmacology approach.The results validated that VIT can act as a novel angiogenesis inhibitor. Firstly, VIT can
exert good antiangiogenic effects by inhibiting vascular-endothelial-growth-factor- (VEGF-) induced endothelial cell proliferation,
migration, and capillary-like tube formation on matrigel in a dose-dependent manner. Secondly, VIT was also shown to have
an antiangiogenic mechanism through inhibition of cell cycle progression and induction of apoptosis. Thirdly, VIT inhibited
chorioallantoic membrane angiogenesis as well as tumor angiogenesis in an allograft mouse tumor model. We further addressed
VIT’s molecular mechanism of antiangiogenic actions using one of our network pharmacology methods named drugCIPHER.
Then, we tested some key molecules in the VEGF pathway targeted by VIT and verified the inhibition effects of VIT on AKT
and SRC phosphorylation. Taken together, this work not only identifies VIT as a novel potent angiogenesis inhibitor, but also
demonstrates that network pharmacology methods can be an effective and promising approach to make discovery and understand
the action mechanism of herbal ingredients.

1. Introduction

Antiangiogenic therapeutics proposed in 1971 has been
widely used for the treatment of excessively angiogenic dis-
eases such as cancer, psoriasis, and rheumatoid arthritis [1, 2].
In recent years, bioactive compounds of traditional Chinese
medicine (TCM) herbs as a source of Antiangiogenic agents
have played an important role in the discovery and develop-
ment of anti-cancer drugs [3, 4]. For example, ginsenosides
Rb1, Rb2, and Rg3 from Panax ginseng can inhibit tumor an-
giogenesis and metastasis by inhibiting the release of VEGF
from tumour cells [5, 6]. Triptolide purified from Tripterygi-
um wilfordiiHook F inhibits VEGF expression and secretion
from endothelial cells (ECs) and decreases the expression of
COX-1, COX-2, and 5-lipoxygenase [7, 8]. More recently, we
and others found that sinomenine from Sinomenium acutum
is a potent angiogenesis inhibitor and exerts synergistic

inhibitory effects on ECs proliferation when combined with
matrine from Sophora flavescens [9–11]. Thus, bioactive
phytochemicals can serve as valuable lead compounds for
developing derivatives, constituting a major source for dis-
covering, and developing new antiangiogenic and anticancer
drugs. Elucidation of the mechanisms of action of bioactive
phytochemicals derived from TCM not only offers new
insights into the action mechanism of herbs but also facili-
tates the ensuing use of bioactive phytochemicals as leads in
drug development.

A variety of flavonoid substances, particularly those
present in Chinese medicinal herbs, are hypothesized to be
the potent kinase inhibitors and show a preventive effect on
cancer [12]. Vitexicarpin is a flavonoid from the fruits of
Vitex rotundifolia (Man Jing Zi), which is structurally typical
flavones backbone (Figure 1). It has been documented that
vitexicarpin exhibits broad cytotoxicity against human cancer
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Figure 1: The chemical structure of vitexicarpin, a compound from Vitex rotundifolia (Man Jing Zi).

cell lines [13, 14], exerts an inhibitory effect on T-lymphocyte
proliferation [15], and prevents the TNF-𝛼-induced vascular
inflammation [16]. In addition to these activities, we firstly
discovered that vitexicarpin inhibits the VEGF-induced ECs
proliferation at a half-maximal inhibitory concentration
(IC
50
) of 3.4 𝜇M [17]. It is speculated that vitexicarpin could

inhibit tumor growth and inflammation responses by nega-
tively regulating angiogenesis. However, the antiangiogenic
mechanism of vitexicarpin remains elusive, and how to deter-
mine the promiscuous target-related proteins of vitexicarpin
is also a challenge due to the less specific and low binding
properties of small molecular compounds [18].

With the rapid development of network pharmacology
[19] and systems pharmacology [20], recent works have
demonstrated the value in using network approaches to pro-
vide a systematic insight into the molecular mechanisms of
complex diseases (e.g., arrhythmias) [21], as well as therapeu-
tic drugs (e.g., bafetinib) [22].The information retrieved from
biological network has been proven important for under-
standing the links between complex diseases and therapeutic
drugs in a relatively unbiased and systematic manner [23,
24]. Therefore, network approaches leave room for in silico
elucidation of drug actionmechanisms, offering a newoppor-
tunity for drug discovery and development, especially for
natural products and traditional Chinesemedicine researches
[25–28]. In our previous works, we proposed a novel theory
of “Network Target” to analyze the mechanisms of action
of herbal formula and its ingredients, and subsequently
established a series of network-based methods as a starting
point for TCM network pharmacology [11, 17, 23, 25, 26,
28, 29]. For example, we recently established a drugCIPHER
method that can effectively predict target profiles for a drug
or herbal compound [29]. The rationale of drugCIPHER is
given a protein, if most of its neighbor proteins in the protein-
protein interaction network are actually the known targets
of FDA-approved drugs with similar chemical structures or
therapeutic effects to a given compound, then this protein is
most likely to be the target of this compound [29].Thus, given
a query drug or herbal compound, drugCIPHER can assign a
score to each protein in the interaction network and describe
the importance of the protein to the mechanism of actions of
this drug or herbal compound.

Here, we tried to give an example of the application of
TCM network pharmacology on the research of herbal com-
pounds and took a “top-down” approach to identify the Anti-
angiogenic target network of vitexicarpin. Taking advantage
of the in vitro and in vivo models of angiogenesis, we sys-
tematically examined the effects of vitexicarpin on different
steps and players involved in angiogenesis. We then used
drugCIPHER to predict the target profiles of vitexicarpin and
found that pathways enriched in target profiles can explain
the therapeutic activities of vitexicarpin. We also addressed
the molecular mechanisms underlying vitexicarpin’s Antian-
giogenic effect by identifying the possible target network
involved in VEGF pathway. Eventually, experimental valida-
tion of the target network revealed that reduced phospho-
rylation states of SRC and AKT are in response to the anti-
angiogenesis actions of vitexicarpin.

2. Materials and Methods

2.1. Cell Lines, Cell Culture, and Reagents. Primary human
umbilical vascular endothelial cells (HUVECs) were pur-
chased from ScienCell Research Laboratories. HUVECs were
grown onto gelatin-coated 10 cm2 culture dishes in a standard
endothelial cell medium (ECM) supplemented with 5%
fetal bovine serum (FBS; Hyclone Laboratories), 50𝜇g/mL
endothelial cell growth supplement (ECGS; Sigma), 50 IU/L
penicillin, and 50mg/L streptomycin at 37∘C in a humidified
5% CO

2
/95% air incubator. Vitexicarpin was purchased from

National Institute for the Control of Pharmaceutical and
Biological Products, Beijing, China. A 50mM solution of
vitexicarpinwas prepared inDMSO, stored at−20∘Cand pro-
tected from light, and then diluted as needed concentrations
in culture medium.

2.2. In Vitro Angiogenesis Assay

2.2.1. Migration Analysis by Wound Healing and Transwell
Assay. HUVECsmigration was evaluated by both the CytoS-
elect 24-well Wound Healing Assay and Transwell Migration
Assay. A CytoSelect Wound Healing Assay kit (CBA-120-5)
purchased from Cell Biolabs (San Diego) was used for this
assay. HUVECs suspended in culture medium containing 5%



Evidence-Based Complementary and Alternative Medicine 3

FBS were seeded at 10,000 cells per well on 24-well culture
dishes precoated with 0.1% gelatin (Sigma), and then put the
CytoSelectTM Wound Healing Insert into the plate wells.
After overnight incubation, the inserts were removed from
the well to generate a 0.9mm “Wound field.” The cells were
incubated with 20𝜇g/mL mitomycin C for 1 h to deactivate
HUVEC proliferation. After that, the cells were washed with
PBS to remove debris and incubated with or without VEGF
and different concentrations of vitexicarpin. After 12 h of
incubation, images were taken by a phase contrast micro-
scope (Olympus) and the wound size was determined [30].

The chemotactic motility of HUVECs was assayed using
Transwell chamber with 6.5mm diameter noncoated filter
membrane (pore size, 8 𝜇m; Corning, Inc.). Endothelial cell
medium with 0.1% FBS supplemented with 10 ng/mL VEGF
was used as chemoattractant in the bottom chamber, and
5 × 104 HUVECs pretreated with mitomycin C in 200𝜇L
ECM (0.1% FBS) with different concentrations of vitexicarpin
were seeded in the top chamber. The cells were migrated
for 4 h and the nonmigrated cells on the top surface of the
membrane were removed by wiping with a cotton swab. The
migrated cells on the lower side of the membrane were fixed
with cold 4% paraformaldehyde for 1 h and then stained with
hematoxylin and eosin (H&E). Chemotaxis was quantified by
manually counting the migrated cells with inverted micro-
scope at ×200 magnification. Four independent areas were
counted for each assay.

2.2.2. Apoptosis Analysis by Annexin V/Propidium Iodide (PI),
Hoechst 33342, and DNA Ladder. Vitexicarpin-induced
apoptotic death of HUVECs was detected by Annexin V and
PI staining and flow cytometry. After vitexicarpin treatment,
floating and adherent cells were collected and washed with
PBS twice, and stained by using Vybrant Apoptosis Assay Kit
(Invitrogen) following the standard protocol provided by the
manufacturer. After staining, apoptotic cells were quantified
by flow cytometry and examined usingOlympus fluorescence
microscope. The rates of early-stage apoptosis cells were
demonstrated to be Annexin V positive and PI negative.
Vitexicarpin-induced DNA condensation of apoptotic cells
was assessed by Hoechst 33342 staining. HUVECs were
starved with 0.1% FBS culture medium and then treated with
or without VEGF (10 ng/mL) and different concentrations
of vitexicarpin. After incubation for another 12 h, both
floating and adherent cells were pooled and stained with
Hoechst 33342 (Molecular Probes, Eugene, OR). The nuclei
of apoptotic cells with characteristic nuclear fragmentation
were counted in randomly chosen fields using an Olympus
fluorescence microscope and expressed as a percentage of
the total cell number. For assays of DNA ladder, cells were
collected and lysed. RNase was added to the lysate and
incubated for 30 minutes at 37∘C. Proteinase K and SDS were
added, followed by incubation at 50∘C for 16 hours. DNAwas
extracted, precipitated, and electrophoresed. The stained gel
was visualized by ultraviolet (UV) light and photographed.

2.3. Ex and In Vivo Angiogenesis Assay

2.3.1. Tube Formation Assay. A matrigel tube formation
assay was performed to assess ex vivo angiogenesis. Growth

factor-reduced Matrigel was thawed at 4∘C and placed in
prechilled 24-well culture plates (200𝜇L/well) and set at
37∘C for 30min. The tube formation assay was performed
employing HUVECs within six passages. A suspension of
5 × 104 HUVECs in 500𝜇L ECM (supplemented with 0.1%
FBS and 10 ng/mL or 50 ng/mL VEGF) were seeded in dupli-
cate into Matrigel-precoated 24-well plates in the presence of
different concentrations of vitexicarpin. After 16 h of inter-
ventions, the cultureswere photographed using×40Olympus
inverted microscope. The length of the tube was calculated
by importing digital images into NIH ImageJ. Inhibition
percentage was expressed using solvent control as 100%.

2.3.2. CAM Assay. As described by Richardson and Singh
[31], fertilized White Leghorn chicken eggs (8 per group)
were incubated at 37∘C at constant humidity. On day 3, a
square window was opened in the shell after removal of 2-
3mL of albumen in order to detach the developing CAM
from the shell. The window was sealed with a glass, and the
eggswere returned to the incubator.Onday 8, growingCAMs
were treated as follows: 1mm3 sterilized gelatin sponges were
implanted on top of the growing CAMs and adsorbed with
2 𝜇L PBS with 0.1% DMSO as vehicle control, 2𝜇L PBS con-
taining 50 ng VEGF as angiogenic model control, 2 𝜇L PBS
admixed to VEGF and VIT at 0.1 𝜇M to 5 𝜇M. At day 12,
CAMs fixed with Bouin’s fluid were photographed with a
stereomicroscope equipped with a CCD camera and image
analyser system (Olympus). The angiogenic response was
assessed as the number of vessels converging toward the
sponges.

2.3.3. Allograft Model. Murine sarcoma S180 cells (1 × 107
cells/body) were suspended in a mixture of DPBS and
Matrigel (BD BioSciences, San Jose, CA, USA) and sub-
cutaneously implanted into the axilla of female Kunming
mice (3-month old, 15–25 g) from Experimental Animal
Center of the Academy ofMilitaryMedical Sciences (Beijing,
China) on day 0. Tumor-bearing animals were randomized
into vehicle or vitexicarpin treatment groups (10 mice per
group) on day 1. Mice were injected intraperitoneally with
vehicle (Normal saline, NS) or dilutions of vitexicarpin (100,
150mg/kg body weight, dissolved 70% DMSO and 30% NS)
on every other day for 2 weeks. Mice were monitored daily
and tumor volumes were measured twice weekly. Tumors
were harvested after two weeks and either formalin-fixed and
paraffin-embedded and snap-frozen for H&E staining and
immunohistochemical analysis.

2.4. Western Blot and Gelatin Zymography. Cell lysates were
prepared in 100 𝜇L of denaturing lysis buffer (2% SDS, 50mM
Tris, 2mM EDTA). The protein extracts were subjected to
SDS-PAGE and transferred to a nitrocellulose membrane
(Pall Corp.). After the transfer, the membranes were in-
cubated with blocking solution and probed with various
antibodies followed by washing. Protein levels were as-
sessed by immunoblotting with the specific antibodies and
detected by the chemiluminescence detection system. Anti-
AKT1, anti-phospho-AKT1, anti-SRC, anti-phospho-SRC,
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anti-procaspase3, anti-procaspase7, anti-PARP, anti-cleaved-
PARP, and anti-𝛽-actin antibodies were purchased from Cell
Signaling Technology.

Gelatin zymography was used to examine the activity of
MMP2. All media were collected and subjected to SDS-PAGE
using 0.01% w/v gelatin containing 10% polyacrylamide gel.
After electrophoresis, the gels were equilibrated in 50mM
Tris-HCl (pH 7.5) with 2.5% Triton X-100 for 30min at room
temperature. Gels were then incubated at 37∘C for 20 h in an
incubation buffer [50mM Tris-HCl (pH 7.5), 150mMNaCl,
and 10mM CaCl

2
, 1 mM ZnCl

2
and 0.02% NaN

3
], and then

stained with 0.25% Coomassie Blue R250.

2.5.The Target Network of Vitexicarpin and Functional Analy-
sis. The target-related proteins of vitexicarpin were predicted
using the drugCIPHER-CS step in our drugCIPHERmethod,
whose good performance on target prediction was demon-
strated in our previous work [29]. Briefly, based on the “Like
attracts like” rationale, the drugCIPHERmethod predicts the
target profile for a given compoundmainly by correlating the
drug similarity network around this compound and genome-
wide proteins in the protein-protein interaction network.The
drugCIPHER score refers to the likelihood of compound-
target interaction calculated from the correlation between
the query compound’s structure similarity vector in the drug
space and the target-related gene’s functional similarity vector
in the target space. The resulting target proteins with high
likelihoods are considered as the potential drug targets. In
this study, we obtain the known drug-target interactions
from DrugBank (version: January, 2012) [32]. The chemical
structure relation is calculated based on Tanimoto coefficient
[33]. The human protein interaction network is constructed
from HPRD [34], BIND [35], IntAct [36], MINT [37], and
OPHID [38].The assumption is that drugs with similar target
profiles predicted by drugCIPHER may target a common
network. In order to construct the target network of VIT
when inhibiting VEGF-induced angiogenesis, we selected
FDA-approved drugs whose target proteins can fall into
the VEGF pathway defined by KEGG. Then, we used the
Pearson’s linear correlation coefficient between the predicted
target profiles of each selected drug and vitexicarpin as a
measure of drugCIPHER-based compound-drug similarity.
It is calculated by the following equations

𝑟 = 𝑁 (∑𝑋𝑌) − (∑𝑋) (∑𝑌)
√[𝑁∑𝑋2 − (∑𝑋)2] [𝑁∑𝑌2 − (∑𝑌)2]

, (1)

where𝑋, 𝑌denote the drugCIPHER-CS score of vitexicarpin
and FDA-approved drugs, respectively, and 𝑁 is the total
number of proteins in the target profiles.

For functional analysis, we use DAVID web server to
analyze the enriched KEGG pathways for the top 10% target-
related proteins of vitexicarpin with a false discovery rate less
than 0.05 by the Fisher Exact test [39]. We only selected the
KEGG pathways with𝑃 value less than 0.05 after Bonferroni’s
correction.

2.6. Docking Analysis. Thehigh-resolution protein structures
of SRC and AKT1 were obtained from the refined X-ray

crystal structure of 2H8H.pdb and 3MVH.pdb, which is
available from the Protein Data Bank.TheAutodock 4.0 suite
of programs uses an automated docking approach that allows
ligand flexibility as described to a full extent elsewhere [40].
Default parameters were used as described in the AutoDock
manual. The protein structure was prepared using the PyMol
and AutoDockTools and used for flexible docking studies
with AutoDock 4.0 after extraction of the crystal ligand.

2.7. Statistical Analysis. The data are presented as mean ± SD,
and statistical comparisons between groups were performed
using Student’s 𝑡-test. 𝑃 < 0.05 was considered statistically
significant.

3. Results

3.1. Vitexicarpin Inhibits VEGF-Induced Lateral, Longitudinal
Migration and Tube Formation of Endothelial Cells. To evalu-
ate the effect of vitexicarpin on VEGF-stimulated endothelial
cell migration, wound healing and transwell cell migration
assays were performed to explore whether vitexicarpin could
inhibit the VEGF-induced motility of HUVECs. As shown
in Figure 2(a), vitexicarpin inhibits VEGF-induced HUVECs
migration in a concentration-dependent manner, with half-
maximal inhibition at ∼2.5 𝜇M. Vitexicarpin significantly
inhibited VEGF-induced lateral migration and decreased
wound healing potential at 5𝜇M (Figure 2(a)). Next, the
effects of vitexicarpin on the longitudinal migration of
endothelial cells were investigated using transwell assays.The
number of HUVECs that migrated in the Transwell assay
was higher in the presence of VEGF than in the control. At
0.1 𝜇M, vitexicarpin reduced the longitudinal EC migration
induced by VEGF (Figure 2(b)). These results suggested that
vitexicarpin inhibited cell migration by inhibiting the SRC
pathway downstream protein kinase activities.

To examine the potential effects of vitexicarpin on the
capillary structure formation of endothelial cells, we inves-
tigated how vitexicarpin affects VEGF-induced tube forma-
tion using a Matrigel assay. When HUVECs are seeded on
Matrigel, they should form elongated and robust capillary-
like structures. This phenomenon can be facilitated by the
proangiogenic factor VEGF, whereas vitexicarpin effectively
blocked the VEGF-induced tube formation after 16 h of
incubation (Figure 2(c)). 0.1 𝜇M vitexicarpin partly inhibited
endothelial tube formation onMatrigel and 1𝜇Mvitexicarpin
completely blocked the formation of the tubular structures.
To further understand the inhibitory effects of vitexicarpin on
tube formation, we also examined the effect of vitexicarpin
on the activity of MMP2 which results in the extracellular
matrix degradation and enhances tube formation. As shown
in Figure 2(d), we found that vitexicapin inhibited the activity
of MMP2 and thus caused an inhibitory action of tube
formation. These results demonstrated that vitexicarpin can
block VEGF-induced in vitro and ex vivo angiogenesis by
inhibiting lateral, longitudinal migration and tube formation
of endothelial cells.

3.2. Vitexicarpin Inhibits VEGF-Induced HUVECs Prolifera-
tion and Induces Cell Cycle Arrest. To evaluate the antiprolif-
erative effect of vitexicarpin on VEGF-stimulated endothelial
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Figure 2: Vitexicarpin inhibits VEGF-induce migration and tube formation. Vitexicarpin at a range of concentrations (0.1 𝜇M–5𝜇M)
concentration dependently inhibits HUVEC migration caused by wound healing (a) and HUVEC invasion using transwell chamber
chemotaxis assay (b). (c) Vitexicarpin inhibits VEGF-induced tube formation of HUVECs. Representative results of HUVECs on Matrigel
in the absence or presence of 10 ng/mL or 50 ng/mL VEGF plus different concentrations of vitexicarpin. (d) Vitexicarpin inhibits the enzyme
activity of MMP2. Gel Zymography analysis of the effect of vitexicarpin on MMP2 activity. ∗∗𝑃 < 0.01; ∗∗∗𝑃 < 0.001 compared with VEGF
group. Error bars represent ± SD of experiments.
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Figure 3: Vitexicarpin inhibits VEGF-induced proliferation of endothelial cells. (a) Vitexicarpin inhibits VEGF-induced endothelial cells
viability in a dose-dependent manner. Cell viability was quantified by CCK-8 assay. (b) Effects of vitexicarpin at indicated concentrations on
endothelial cells viability under normal culture conditions. (c) Cell cycle analysis showing G2/M arrest in cells treated with vitexicarpin at
indicated concentrations. ∗∗𝑃 < 0.01; ∗∗∗𝑃 < 0.001 compared with VEGF control.

cells, we examined the inhibitory effects of vitexicarpin on
the viability of HUVECs stimulated with VEGF165 by using
CCK-8. HUVECs (2 × 104 cells/well) were incubated for
24 h in 96-well microplates with various final concentra-
tions of vitexicarpin (0, 0.1, 1, 2.5, and 5 𝜇M). As shown
in Figure 3(a), vitexicarpin can significantly inhibit VEGF-
mediated HUVECs viability at concentrations as low as
1 𝜇M, with an IC

50
of approximately 2.5 𝜇M. As a solvent

control, we also examined the effect of 0.1% DMSO on
cell viability. Upon supplementation of the culture medium
with 0.1% DMSO, our data indicated that 0.1% DMSO
has no effects on HUVEC proliferation and viability. The

cytotoxic activity of vitexicarpin against HUVECs was
assessed without the supplementation of proangiogenic fac-
tors in 5% FBS-containing endothelial cell medium (condi-
tion did not support proliferation). Vitexicarpin treatment
at 5 𝜇M for 24 h only decreased the percentage of metabol-
ically viable HUVECs by approximately 25% (Figure 3(b)).
To assess whether vitexicarpin regulated cell cycle pro-
gression, we additionally performed PI analysis by FACS.
After HUVECs were treated with 10 ng/mL VEGF in the
presence or absence of various concentrations of vitexicarpin
for 24 h, the percentage of cells in G0/G1, S, and G2-M
phases was monitored. Vitexicarpin reduced the percentage
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of G0–G1 phase cell from 59.24 to 19.81%, and a concomitant
accumulation of cells in G2-M phase from 20.98 to 59.55%
was observed. VEGF induced HUVECs to enter S phase,
whereas the addition of vitexicarpin did not reduce S phase
entry (Figure 3(c)). These results suggest that vitexicarpin
could arrest the cell cycle progression.

3.3. Vitexicarpin Induced the Apoptotic Death of HUVECs.
To verify the proapoptotic effects of vitexicarpin on VEGF-
stimulated HUVECs, we evaluated the apoptotic cell death
effect of vitexicarpin by annexin V-PI staining and flow
cytometry, in which only annexin V-stained cells were
considered as early apoptotic cells (Figure 4(a)). We also
visualized the apoptotic effects of vitexicarpin by using
Hoechst 33342 staining. HUVECs were treated with a range
of concentrations of the vitexicarpin for 24 h. Examination
of the HUVECs upon vitexicarpin treatment revealed that
the appearance of morphologic characteristics of apoptosis,
such as plasmamembrane disintegration, chromatin conden-
sation, and nuclear fragmentation, was significantly induced
by 1 𝜇M vitexicarpin, as indicated in Figure 4(b). These
results suggest that vitexicarpin induces early-stage apoptosis
in HUVECs in the presence of VEGF. DNA electrophore-
sis using samples isolated from vitexicarpin (5𝜇M)-treated
HUVECs confirmed DNA fragmentation (Figure 4(c)). To
gain more insight into how vitexicarpin induces apopto-
sis in endothelial cells, we pretreated cells with the pan-
caspase inhibitor Z-VAD-fmk. This inhibitor reduced the
percentage of annexin V-positive cells among vitexicarpin-
induced apoptotic HUVECs, indicating that the classical
caspase pathway was required for the apoptosis induced
by vitexicarpin (Figure 4(a)). The potential mechanisms of
vitexicarpin-mediated apoptosis were explored by Western
blot analysis of some of the proteins involved in the apoptotic
process (Figure 4(d)). A clear decrease in pro-caspase-3
and pro-caspase-7 expression was observed using 2.5𝜇M
and 5 𝜇M vitexicarpin, respectively. We also observed a
concentration-dependent increase in the expression of the
cleaved-poly (ADP-ribose) polymerase (PARP).These results
demonstrated that vitexicarpin inhibited proliferation and
induced early and late apoptosis in VEGF-inducedHUVECs.

3.4. Vitexicarpin Inhibits VEGF-Induced Angiogenesis Ex and
In Vivo . To assess the effect of vitexicarpin on angiogenesis
in vivo, blood vessel growth was stimulated on the chorioal-
lantoic membranes (CAMs) with VEGF in the presence
or absence of different concentrations of vitexicarpin (0.1–
5 𝜇M).This assay measures developmental angiogenesis, and
it is routinely used to obtain the first indication of angiogenic
activity in vivo. VEGF induced a robust angiogenic response,
whereas vitexicarpin disruptedVEGF-mediated angiogenesis
(Figure 5(a), right panel). Quantitative analysis revealed that
VEGF caused a 3.2-fold increase in the number of newly
formed blood vessels compared with that of medium alone
(Figure 5(a), left panel; 𝑃 < 0.001). The development of
vasculature at day 10 treated with 0.1𝜇M, 1𝜇M, 2.5 𝜇M,
and 5 𝜇M vitexicarpin caused a 24, 36, 45, and 84% reduc-
tion in the infiltration of blood vessels, respectively. These

results suggested that vitexicarpin is a potent antiangiogenic
molecule ex vivo.

To examine the inhibitory effect of vitexicarpin on tumor
angiogenesis and growth, we used an allograft mouse tumor
model. The primary tumors (after 14 days) were dissected,
fixed, and imbedded. Tumors from themice with vitexicarpin
treatment were smaller than that from NS group, suggest-
ing that vitexicarpin inhibits tumor growth in vivo. H&E
staining showed that treatment of tumors with vitexicarpin
appeared to increase the extent of necrosis within tumor
(Figure 5(b)). Furthermore, there were profound differences
in the number of blood vessels in the tumor tissue from
NS and vitexicarpin group (Figure 5(b)). Based on anti-CD31
staining,microvessel density (MVD) in tumor tissue fromNS
group was 34.4 ± 4.4mm2/field, whereas that in vitexicaprin-
treated group was 10 ± 2.7mm2/field (𝑃 value = 6.14𝐸 −
06; Figure 5(b)), indicating that vitexicarpin significantly
inhibited tumor angiogenesis.

3.5. Predicted Target Profiles Reveal the Antitumor andAntian-
giogenic Activities of Vitexicarpin. To identify the target-
related proteins of vitexicarpin, we used drugCIPHER-CS
[29] to calculate its likelihood to bind to all the 13,388
proteins in the interaction network. Here we only assembled
and ranked the 2,039 druggable proteins which are often
known targets in theDrugBank. 204 target proteins (top 10%)
represented the potential targets of vitexicarpin.

Enrichment analysis helps to better understand the bio-
logical functions of target proteins and pathways involved
in the activities of vitexicarpin. By establishing a set of the
known angiogenesis-related drug targets (i.e., the known
targets of angiogenic drugs in DrugBank), we found that
top 10% target proteins are significantly enriched in the set
of known angiogenesis-related drug targets (𝑃 = 3.63𝐸 −
05). By using top 10% targets of vitexicarpin, we also
found significantly enriched KEGG pathways vitexicarpin
may affect cancer-related pathways (e.g., Non-small cell
lung cancer, Prostate cancer, Glioma, Pathways in cancer,
etc.), T cell receptor signaling pathway, and VEGF signaling
pathway. Interestingly, it has been previously reported that
vitexicarpin exhibits broad cytotoxicity against human cancer
cell lines and exerts an inhibitory effect on T-lymphocyte
proliferation. The comparison results with literature suggest
that target profiles predicted by drugCIPHER can reveal the
polypharmacological activities of vitexicarpin.

3.6. Target Network Prediction and Validation of Vitexicarpin
When Inhibiting Angiogenesis. Having shown that the target
profiles predicted by drugCIPHER can help improve the
capacity to comprehensively understand the mechanisms of
herbal compounds, we further set out to elucidate theAntian-
giogenic mechanisms of vitexicarpin by network pharmacol-
ogy approach. According to the principle of drugCIPHER,we
identified the possible target network by which vitexicarpin
can exert inhibition effects on VEGF-induced angiogenesis.
First, we collected 58 FDA-approved drugs directly targeting
18 proteins which can fall into the VEGF pathway. Among
the 18 proteins, 11 of them can link together into one network
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cells treated with vitexicarpin at indicted concentrations for 12 h. (d) Effects of vitexicarpin on pro-casp-3, pro-casp-7, PARP, and cleaved-
PARP. 𝛽-actin is used as a loading control. ∗∗𝑃 < 0.01; ∗∗∗𝑃 < 0.001 compared with VEGF group.
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Figure 5: Vitexicarpin inhibits VEGF-induced angiogenesis ex vivo and in vivo. (a) Vitexicarpin inhibits VEGF-induced angiogenesis in
the CAM assay in vivo. In comparison to DMSO group, the application of VEGF (10 ng/mL) induced a strong vascularization. In contrast,
the simultaneous application of VEGF and vitexicarpin blocked VEGF-induced angiogenesis. ∗∗𝑃 < 0.01; ∗∗∗𝑃 < 0.001 compared with
VEGF group; bars, ± SD. (b) H&E staining (upper panels) and anti-CD31 stained blood vessels (lower panels) of tumor sections fromNS and
vitexicarpin (150mg/kg). Vitexicarpin inhibits tumor angiogenesis in allograft mouse tumor model. All images, ×200 magnification. ∗∗∗𝑃 <
0.001 compared with NS group; Error bars, ± SD.

through direct protein physical interaction at the protein
interaction level (Figure 6(a)). Then, we calculated the cor-
relations between 58 FDA-approved drugs’ and vitexicarpin’s
profiles. Direct target proteins of FDA-approved drugs that
tend to bemore similar to vitexicarpin in profile clustering are
the potential targets of vitexicarpin. We therefore reasoned
that a specific network that can connect all the direct target
proteins of drugs with profiles highly similar to vitexicarpin
could be used to estimate its possible targeting functional

network, for example, VEGF pathway. Using this principle,
we identified the target network composed of 11 proteins,
suggesting that vitexicarpin can achieve the Antiangiogenic
effects through targeting keymolecules in this network target
embedded in the VEGF pathway (Figure 6(a)).

To preliminarily assess the predicted targets of vitexi-
carpin, we selected two key kinase molecules in VEGF-
induced ECs migration and proliferation pathways, SRC and
AKT, whose drugCIPHER scores are ranked top 2 in this
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diagram showing vitexicarpin targeting network when inhibiting angiogenesis. The dot line thickness denoted by drugCIPHER similarities
is the drugCIPHER scores’ correlation coefficients between drugs and vitexicarpin. (b) Western blot analysis was performed to examine
the changes of phosphoprotein levels of p-SRC and p-AKT in the vitexicarpin-treated HUVECs. Proteins were extracted from the cultured
HUVEC at 30min after vitexicarpin treatment and probed with proper dilutions of specific antibodies. Vitexicarpin inhibits VEGF-induced
p-SRC and p-AKT phosphorylation in a dose-dependent manner. (c) Comparison of binding interactions of quinazoline inhibitor (PDB
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AKT1 (lower panel). Vitexicarpin is in stick. Carbon atom for vitexicarpin (yellow). Hydrogen bonds are displayed (dark dashed lines). The
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network target. The experimental results demonstrated that
VEGF significantly increased SRC kinase phosphorylation
at Tyr416, but this increase was blocked by vitexicarpin
in a concentration-dependent manner (Figure 6(b)). Half-
maximal effects were obtained at a concentration of ∼2.5 𝜇M.
Consistently, AKT1, which is a key signal mediator in VEGF-
stimulated HUVECs, was phosphorylated by VEGF, and
AKT1 activation was suppressed by vitexicarpin in a concen-
tration-dependent manner (Figure 6(b)). The result showed
that vitexicarpin significantly inhibited VEGF-induced cell

migration and proliferation and induced apoptosis through
inhibition of the SRC and AKT pathway downstream
molecules.

To evaluate the possibility of SRC and AKT1 as the direct
targets of vitexicarpin, we performed docking analysis to
examine the mode of vitexicarpin-binding SRC and AKT1.
The available X-ray crystal structures of kinases from the
PDB database were used for validation of target prediction
results. We found that the binding energy of vitexicarpin
with SRC and AKT1 is −9.23 kcal/mol and −9.21 kcal/mol,
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respectively. Vitexicarpin was docked into the ligand-binding
sites and occupied the hydrophobic pocket of SRC and
AKT1 (Figure 6(c)). Compared to published complex of SRC
(2H8H), vitexicarpin was able to maintain five hydrogen
bonds with Met341, Lys295, Ile336, and Thr338 at the active site
of SRC. In addition, the vitexicarpin/AKT1 model generated
two hydrogen bonds with Gly159 and Gly162 and two 𝜋-𝜋
interactions compared with AKT1 complex (3MVH). These
results indicate the potential of SRC and AKT1 as direct
targets of vitexicarpin, which deserve further experimental
verifications.

4. Discussion

In recent years, substantial effort has been dedicated to
identifying Antiangiogenic agents from TCM herbs [4, 41].
Vitexicarpin is a bioactive flavonoid from V. rotundifolia,
which can inhibit tumor growth and inflammation. However,
little information is known about its functions in angiogen-
esis. In this study, we demonstrate that vitexicarpin (0.1–
5 𝜇M) exhibited Antiangiogenic activities in vitro, as shown
in the results of endothelial cells migration, proliferation, and
Matrigel tube formation assays (Figures 2 and 3). Further
studies using flow cytometric analysis, DNA fragment, and
caspase-3 blotting indicated that vitexicarpin (0.1–5𝜇M)
inhibited ECs proliferation via cell cycle arrest and induction
of apoptosis (Figure 4). Consistent with our in vitro results,
5 𝜇M vitexicarpin inhibited the angiogenesis sprouting from
CAM (Figure 5(a)). In addition, vitexicarpin impaired vascu-
larization in allograft mouse tumor model (Figure 5(b)). It
should be noted that therapeutic effects of Man Jing Zi as
an antiarthritis herb, described in Ri-Hua-Zi-Ben-Cao, are
deciphered by the Antiangiogenic activity of vitexicarpin.

At present, one of themajor challenges in the use of herbal
compounds in drug discovery is the unexpected interactions
with on-target and off-target proteins due to the less specific
binding characteristics of small molecules [18, 42]. In addi-
tion, herbal compounds have more complex stereochemical
and physicochemical properties compared to synthetic small
molecules [18, 43]. Thus, exploiting the promiscuous targets
of herbal compounds enables a deeper understanding of
the global perturbation of these compounds induced at the
molecular level [44, 45]. Now, an important task is to eluci-
date how these herbal compounds perturb these pathways by
computationally modeling their interactions with their target
proteins [46]. Here, we show that unbiased target profiles
can be systematically predicted through integrating chemical
similarity information and the relatedness of drug targets in
the protein-protein interaction network. The target profiles
identified by drugCIPHER [29] can provide a comprehensive
understanding of the pharmacology effects and side effects
or toxicities for a given herbal compound with rigid chemical
structure. Computational scoring of target proteins using our
approach led to the identification of vitexicarpin-interacting
proteins at a genome-wide level. Themethod is cost effective,
highly flexible, and applicable to all kinds of herbal com-
pounds with known chemical structure, and it can be used
with mechanisms analysis of any herbal compounds or TCM
formulae of interest.

The top 10% target-related proteins of vitexicarpin are
significantly enriched in the 38 KEGG pathways. 14 cancer-
related pathways and T cell receptor signaling pathway
exactly account for the known biological functions of vitexi-
carpin. Interestingly, VEGF signaling pathway can partly
elaborate the Antiangiogenic mechanisms of vitexicarpin,
consistent with our experimental results. Of the remaining
pathways, Neurotrophin signaling pathway, Insulin signaling
pathway, and Type II diabetes mellitus are enriched by target-
related proteins of vitexicarpin, suggesting that it may be
potentially used for the diabetes therapy. Thus, vitexicarpin’s
result provides an example of how “target profiles” predicted
by drugCIPHER can comprehensively shed light on the
mechanisms of action of herbal compounds.

The available target profile makes it possible to infer the
mechanism of a herbal compound of interest by comparing
profiles with existing FDA-approved drugs. As shown in
Figure 6(a), drugs such as vitamin E, dasatinib, arsenic triox-
ide, isoproterenol, sorafenib, and indomethacin have similar
target profiles with vitexicarpin and these drugs also show
certain Antiangiogenic activities [47–52]. The drugCIPHER
method can give the measurement of compound-protein
associations, including information ondirect protein physical
interactions and functional interactions. Recent work has
shown that drug’s effects can pass either within a protein
or across several proteins, to achieve specific interactions
(enhance or inhibit) along a network [53]. Therefore, func-
tionally interacting proteins with the compounds may be
close to directly interacting proteins in the network. In
this study, we show that vitexicarpin can inhibit the phos-
phorylation of SRC and AKT, which partly elucidate the
Antiangiogenic action of vitexicarpin, although the direct
targets of vitexicarpin are still uncertain and need further
investigation.

In summary, this work suggests that vitexicarpin is an
angiogenesis inhibitor in vitro and in vivo. We successfully
applied drugCIPHER to predict and experimentally validate
key proteins SRC and AKT in the target network of vitexi-
carpin, revealing a previously unreported anti-angiogenesis
molecular basis of vitexicarpin on vascular endothelial cell
migration, apoptosis, and proliferation. This work also high-
lights the considerable potential for future herb medicine
researches in terms of TCM network pharmacology.
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Current strategies for drug discovery have reached a bottleneck where the paradigm is generally “one gene, one drug, one disease.”
However, using holistic and systemic views, network pharmacology may be the next paradigm in drug discovery. Based on network
pharmacology, a combinational drug with two or more compounds could offer beneficial synergistic effects for complex diseases.
Interestingly, traditional chinese medicine (TCM) has been practicing holistic views for over 3,000 years, and its distinguished
feature is using herbal formulas to treat diseases based on the unique pattern classification. Though TCM herbal formulas
are acknowledged as a great source for drug discovery, no drug discovery strategies compatible with the multidimensional
complexities of TCM herbal formulas have been developed. In this paper, we highlighted some novel paradigms in TCM-based
network pharmacology and new drug discovery. A multiple compound drug can be discovered by merging herbal formula-based
pharmacological networks with TCM pattern-based disease molecular networks. Herbal formulas would be a source for multiple
compound drug candidates, and the TCM pattern in the disease would be an indication for a new drug.

1. Introduction

Completed in 2003, the human genome project plunged
the world into the postgenomic era aimed at understanding
the global function of the genome through systems biology,
mathematics, and computational techniques [1]. The large-
scale generation and integration of genomic, proteomic, sig-
naling, and metabolomic data suggest that most diseases are
much more complex than initially anticipated and that most
disease genes vary in their expression patterns [2]. Besides,
organic life is a nonlinear system involving all kinds of
interactions between networks of biomacromolecules, cells,
drugs, and each other [3], and the “one drug for one gene for
one disease” model failed to work because one drug often has
many targets, and many protein targets are targeted by more
than one drug [4, 5]. These insights triggered a major change
in the strategies adopted in the new drug discovery: the shift
from single compound drugs to multiple compound drugs.

Based on these concerns, network pharmacology emerged as
the next paradigm in new drug discovery with its elucidation
capacity in the complexity of biological process [6]. Network
pharmacology, a system biology-based methodology, is a
new approach to drug design that encompasses the con-
struction of disease networks, drug-target networks, and
drug-disease networks. In the network pharmacology-based
new drug discovery, a biological network of a disease and a
pharmacological network of the candidate are crucial since
the candidate showing the well-matched its pharmacological
network with some certain disease biological network, would
be developed into a new drug [7, 8].

Multiple component drugs, considered as a future direc-
tion for new drug discovery, have received widely spread
reported [9–11]. Polypill was reported to be an alternative
for real therapeutics [12, 13]. Traditional chinese medicine
(TCM), with its unique theory and long history, identifies the
patients with Bian Zheng (also called pattern or syndrome
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TCM pattern (A)
related subnetworks

Biomedical network about the disease

TCM pattern (B)
related subnetworks

Drug A Drug B

Figure 1: A diagram of drug discovery based on TCM-based network pharmacology. Each circle or diamond represents one gene or protein.
Functionally interconnected genes or proteins are grouped by bioinformatics and shown in different colors. The biological networks in a
disease include the general biological network of the disease (middle part) and TCM pattern network of the disease (Pattern (A) and (B)
as an example). The shared disease biological networks and TCM pattern networks are shown in different colors. Drug A and drug B (in
lower part) is targeting to the general biological network of the disease and molecular network of TCM pattern (A) and (B) in the disease
respectively, and thus the drug A could be good for the disease with TCM pattern (A) and drug B could be good for the disease with pattern
(B).

differentiation) which diagnoses the patients based on TCM
information, such as symptoms, tongue appearances, and
pulse feelings, and TCM treats the patients accordingly
with herbal formulas (which contains multiple components)
targeting to the TCM pattern [14]. In another word, TCM
uses multiple compound herbal products to treat the pattern
in the disease. Thus it is reasonable to suggest finding new
multiple compound drugs from herbal formulas for treating
a subgroup (TCM pattern) of the patients in a certain of
disease.

The major hurdles in the multiple compound new
drug discoveries are how to identify the TCM pattern in a
disease and build up the pharmacological network of herbal
formula. TCM pattern in a disease can be identified with
biological network biomarkers, and the pharmacological
network of herbal formula can be built up with newly net-
work pharmacological approaches. Thus, by integrating the
TCM pattern molecular network and the pharmacological
network of herbal formulas, which we would like to call as
TCM-based network pharmacology, could be a novel way to
lead to multiple compound drug discoveries.

2. TCM Pattern-Based Disease
Molecular Networks

Currently, the integration of TCM pattern classifications
and biomedical diagnoses is becoming a common clinical
diagnostic model in China and has produced better clinical
outcomes [15]. As a case, clinical research on rheumatoid

arthritis (RA) suggests that RA patients should be treated
by different therapies based on their TCM patterns [16].
Thus, TCM pattern classification in a disease could be a
more precise indication when designing and evaluating a
drug candidate. As a diagnostic result in TCM pattern
classification, TCM patterns could link up the corresponding
subnetworks of a specific disease in the context of molecular
medicine. The present information about a disease could
be collected to establish molecular networks underlying the
disease. For example, the molecular network of RA has
been established [17, 18]. The network of a disease could
help identify the corresponding pharmacological network for
therapeutic intervention, by merging the disease molecular
network and the intervention pharmacological networks. In
recent years, many researchers have paid more attention to
the molecular networks built on the TCM pattern in some
diseases [19]. A wide variety of TCM pattern-based disease
molecular network applications have already been reported
and bridged the gap between TCM patterns of Chinese
medicine and diagnostic parameters of western medicine for
example, we and others have surveyed plentiful typical cold
and hot TCM pattern patients and examined omics informa-
tion, such as genomics [20–23] or metabolomics [24, 25].
According to the cold and hot patterns-based bionetwork we
could not only open out the mechanism of TCM pattern,
but also understand the complexity of life processes [26, 27].
Furthermore, at another example, the biochemical changes
are identified in kidney deficiency syndromes animal model
through chemometric analysis [28]. In such a case, the
integration of next generation omics technique will yield
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Figure 2: A conceptual model for multipl compound drug discovery using TCM-based network pharmacology. In the left of the paradigm,
the molecular network of the disease-TCM pattern (lower left) can be constructed by analyzing the omics data from patients classified with
the TCM pattern or related information from public databases. The typical and major TCM patterns (indicated as A, B, and C in the middle
left) can be determined based on an expert consensus or literature analysis. In the right of the diagram, the most commonly used TCM herbal
combinations for the treatment of a disease with specific TCM patterns can be found using text mining based on publications from SinoMed
database (indicated as A, B, and C, middle right). All of the targeted proteins for the active compounds in the TCM herbal formula can be
obtained in PubChem, and these targeted proteins can be used to build up the pharmacological networks for potential multiple-compound
drug candidates from the herbal formulas (lower right). By matching the pharmacological networks of herbal compound combinations from
the herbal formula with the disease-pattern molecular network, those well-matched compound combinations might be found for new drug
candidates (capsule 1, 2, and 3 in lower part).

fundamental insights into the TCM pattern-based disease
molecular networks. Then, with the help of TCM pattern-
based networks in a disease, it seems to not only translate
between different diagnostic readouts in TCM and western
medicine, but also discover potential drug candidates.

3. Herbal Formula-Based
Pharmacological Networks

More studies have shown that herbal formulas are effective in
treating some diseases. As the cases, Lam et al. reported that

a four-herb Chinese medicine PHY906 could reduce gas-
trointestinal toxicity induced by chemotherapy drug CPT-
11 through multiple mechanisms including inhibiting CPT-
11-triggered inflammation, promoting intestinal recovery,
and intestinal progenitor cell repopulation [29]; Wang
et al. explored the molecular mechanism and synergis-
tic effects of each ingredient in Realgar-Indigo naturalis
formula (RIF), a well-known and clinically proven TCM
formulae for leukaemia therapy, and found that arsenic
in Realgar directly attacked the receptor on coprotein in
leukaemia cells, Indirubin in Indigo antagonized the toxicity
of arsenic and slowed leukaemia cell growth and Tanshinone
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Cold pattern Hot pattern

Hot herbs for cold pattern Cold herbs for hot pattern

163

113

79

Cold dampness

Wind cold

Dampness heat

Figure 3: The common herbal formula for the treatment of RA with TCM cold and heat pattern obtained by text mining. All publications
about clinical trials in SinoMed were collected, and common combinations of herbs (herbal formula) for the treatment of RA with TCM
cold and heat pattern were found.

in red sage root restored pathways that stop leukaemia
from spreading [30]. However, the conventional methods
are hard to elucidate the pharmacological mechanism for
multiple compound containing herbal formulas, and it
has been believed that systems biology could be helpful
in pharmacological study. Using a metabolomic method
of reversed-phase liquid chromatography/quadrupole time-
of-flight mass spectrometry (LC-Q-TOF-MS), Jiang et al.
reported that Shexiangbaoxin Pill (SBP) could be used to
treat myocardial infarction (MI) through regulating the per-
turbed pathway of energy metabolism, and five biomarkers,
including creatine, uridine, glutamate, oxalosuccinic acid
and nicotinamide mononucleotide, were completely reversed
to normal levels in MI rats administrated with SBP for 15
days [31]. Li et al. established a method called distance-
based mutual information model (DMIM), and through
which they demonstrated that six herbs in Liu-wei-di-huang
(LWDH) formula connected closely with common respon-
sive genes enriched in cancer pathways and neuroendocrine-
immune pathways, and also LWDH formula-treated diseases
shared an overlapped molecular basis associated with the
angiogenic processes as well as the imbalance of the human
body [32]. In this respect, systems biology could be helpful
in not only pharmacological mechanism study, but also new
drug discovery.

Though still fairly new, researchers have been trying
to explore some new paradigm in drug discovery with the
aid of pharmacology biology, a part of systems biology, in

which comparative reverse systems pharmacology and drug-
combination studies, guided by system response profiles
(SRPs), might be the two effective ways [33]. Another
strategy, targeting at the human genome-microbiome axis,
might also become a novel ways to discover new drugs from
traditional chinese medicine (TCM) using systems biology
[34]. These newly developed pharmacological networks are
not only used to explore the pharmacological activity of
a single compound drug, but they can also be used to
examine combination therapy (drug combinations) [35,
36]. TCM herbal formulas with multiple compounds are
pharmacologically targeting biological networks, instead
of single target. Aided by information from genomics,
proteomics, and metabolomics, researchers are seeking a
methodology to build molecular pharmacological networks
for herbal formulas or combination therapy [37]. For exam-
ple, Salvia miltiorrhiza (SM) and Panax notoginseng (PN)
in combination (SMPN) have been widely used (primarily
in TCM) for the treatment of coronary heart disease, and
we combined text mining with bioinformatics to build
functional networks for SMPN [38]. These results suggest
that the pharmacological activity of SMPN is the outcome
of the interactions between SM and PN in the multiple
pathways and biological processes during the treatment of
coronary heart disease. With the help of pharmacological
networks, we would know more about the pharmacological
activities of the multiple compound drug candidates from
herbal formulas.
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Figure 4: The summary on the network based on the protein targets of Fuzi, Xixin, and Guizhi built up with IPA software. (a) The summary
of network analysis results; (b) the merged networks of the protein targets; (c) the canonical pathways related with the protein targets; (d)
the hot map of biofunctions related with the protein targets.

4. TCM-Based Network Pharmacology in
Multiple Compound New Drug Discovery

Based on the integration of the biological network of a
disease with specific TCM patterns and the pharmacological
network of TCM herbal formulas, TCM-based pharmacol-
ogy network could lead to a new approach for the multiple
compound new drug discoveries. Figure 1 shows a diagram
illustrating the role of the combination of TCM pattern
networks in a disease and TCM herbal formula networks in
the new drug discovery. The biological network in a disease

can be divided into two parts: the biological network of
the disease shared by all TCM patterns in the disease, and
the TCM pattern network of the disease. The common
shared disease biological network can also be divided into
subnetworks, and the biological network of the TCM pattern
can be also divided into different subnetworks. We can
then determine the pharmacological networks of multiple-
compound drug candidates (such as candidate drug A
and B in the lower part of Figure 1). Drug A, with its
pharmacological networks, can regulate a part of the shared
disease networks and all three of the TCM pattern (A)
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Figure 5: The merged networks of identified differentially
expressed genes in RA-cold pattern and protein targets of Fuzi,
Xixin, and Guizhi. Red color shows the upregulated genes in RA-
cold pattern compared with health; green: the downregulated genes
in RA-cold pattern compared with health; Blue color shows the
protein targets of Fuzi, Xixin, and Guizhi; yellow color shows
the common molecular both in networks of RA-cold pattern and
networks of protein targets of Fuzi, Xixin, and Guizhi. (CP: the
common canonical pathways related with differentially expressed
genes in RA-cold pattern and protein targets of Fuzi, Xixin, and
Guizhi both; orange lines: the molecular involved in the common
canonical pathways.)

networks. Thus, drug A could be developed as an effective
treatment for the disease categorized in TCM pattern (A).
Similarly, drug B could be developed as an effective treatment
for the disease categorized in TCM pattern (B). Therefore,
building up the molecular networks of TCM patterns in a
specific disease and herbal formula-based pharmacological
network could lead to a new strategy of multiple compound
drug discoveries. Furthermore, TCM pattern classification
could specify the therapeutic scope of a drug candidate. TCM
herbal formulas, with multiple compounds and clinically
proven effectiveness when used in treating the corresponding
TCM pattern in a disease, could be an important source for
the new drug discovery. The basic process of TCM network
pharmacology-based multiple-component drug discovery
includes several steps (Figure 2), mainly the build-up
of the disease-TCM pattern molecular networks and the
pharmacological networks of the multiple-compound drug
candidates from the TCM herbal formulas, and then merging
of the multiple-compound drug candidate pharmacological
networks with disease-TCM pattern molecular networks. If
the pharmacological networks of multiple-compound drug
candidates from the TCM formula (indicated as A, B, and
C in the right of Figure 2) can be matched to the disease-
TCM pattern networks (indicated as A, B, and C in the left
of Figure 2), then new drugs (indicated as 1, 2, and 3 with
capsules in the bottom of Figure 2) might be discovered.

To give an example of this, take RA for instance.
Following the TCM clinical practice, the RA patients can be
classified into two main patterns: the cold and hot patterns.

The gene expression profiles of blood cell from typical cold
and hot pattern RA patients were performed to obtain
a systematic view of the molecular signatures separately.
The differentially expressed candidate genes from microar-
ray chips were explored using DAVID, GeneSpring, and
ingenuity pathway analysis (IPA) software, to analyze the
protein-protein interactions (PPI)-related network. Thus,
the molecular network of the RA-cold and -hot pattern based
on genomics data could be identified. In addition, many
public databases are available for disease-related network
analysis. In particular, the PubMed, a free service, provides
an access to the medline database of citations, abstracts,
and some full-text articles on life sciences and biomedical
topics. Take all these into consideration, a relatively complete
molecular network of the RA-cold and -hot pattern could be
achieved.

For new drug discovery, the major cold or hot patterns in
RA are used to build up the molecular networks for merging
with the herbal formula pharmacological network. The
following questions are that how to find out best potential
herbal formula candidates. Figure 3 showed the potential
herbal formula used for cold pattern treatment of RA, and
the potential herbal formula used for heat pattern of RA
in TCM by text mining. With the support from PubChem
bioassay [39], we can study polypharmacological behavior
in the PubChem collection via cross-assay analysis [40–
42], which can be an important source of drug discovery.
Based on PubChem bioassay, researchers can develop a
network representation of the assay collection and then
apply a bipartite mapping between this network and various
biological networks as well as artificial networks (i.e.,
drug-target network). Mapping to a drug-target network
allowed researchers to prioritize new selective compounds,
while mapping to other biological networks enabled them
to observe interesting target pairs and their associated
compounds in the context of biological systems [40]. This
approach could be a useful way to build up and investigate
the pharmacological network for the multiple compound
new drug candidates. As a case, we have chosen protein
targets of the compounds in the herbal formula consisting
of Radix Aconiti Praeparata (Fuzi), Herba Asari (Xixin), and
Ramulus Cinnamomi (Guizhi) which were found good for
the treatment of RA with cold pattern by text mining, then
pharmacological networks for the multiple compound new
drug candidates were built up by IPA (ingenuity pathway
analysis software) and protein-protein interaction analysis
after collecting their target proteins from PubChem. Further-
more, the functions of the networks and the relationships
between the herbal formula networks and disease-pattern
networks were analyzed to find new drug candidates for the
cold pattern of RA in TCM. As shown in the result of text
mining, there were 78 target proteins in the herbal formula
(the detail information of every target protein was shown
in Table 1). We uploaded the total 78 target proteins to the
IPA software online and built up the molecular networks of
those target proteins. The analysis results of IPA of the target
proteins of the herbal formula (including Fuzi, Xixin, and
Guizhi) were shown in Figure 4, in which there were shown
the summary of analysis results (Figure 4(a)), the merged



Evidence-Based Complementary and Alternative Medicine 7

Table 1: Target proteins of Fu Zi, Xi Xin, and Gui Zhi searched in PubChem.

Active compounds Homosapiens proteins name GI number

Higenamine D(2) dopamine receptor 118206

Fuziline Orexin receptor type 1 222080095

Caspase 8 2493531

Vitamin D3 receptor isoform VDRA 63054845

Microtubule-associated protein tau 92096784

Safrole Corticotropin-releasing hormone receptor 2 38349113

Aldehyde dehydrogenase 1 family, member A1 30582681

Euchromatic histone-lysine N-methyltransferase 2 168985070

Corticotropin releasing factor-binding protein 30219

Farnesoid X nuclear receptor 325495553

Methyleugenol Sentrin-specific protease 8 262118306

AR protein 124375976

Asaricin Cytochrome P450 3A4 isoform 1 13435386

Sentrin-specific protease 8 262118306

Cytochrome P450 1A2 73915100

Asarinin Cytochrome P450 2D6 isoform 1 40805836

Cytochrome P450 2C9 precursor 13699818

Cytochrome P450 2C19 precursor 4503219

Transient receptor potential cation channel subfamily A member 1 313104269

cGMP-specific 3′,5′-cyclic phosphodiesterase 317373261

Lamin isoform A delta 10 27436948

Cinnamaldehyde
Prothrombin 339641

Glucocorticoid receptor 311348376

Aldehyde dehydrogenase 1 family, member A1 30582681

Chain A, crystal structure of the human 2-oxoglutarate oxygenase Loc390245 221046486

Glucocerebrosidase 496369

Thromboxane-A synthase 254763392

Heat shock protein HSP 90-alpha isoform 2 154146191

Melanocortin receptor 4 119508433

Lysosomal alpha-glucosidase preproprotein 119393891

Alkaline phosphatase, tissue-nonspecific isozyme isoform 1 precursor 116734717

Tyrosine-protein kinase ABL1 isoform a 62362414

Nuclear receptor coactivator 3 isoform a 32307126

Nuclear receptor coactivator 1 isoform 1 22538455

MPI protein 16878311

Glyceraldehyde-3-phosphate dehydrogenase isoform 1 7669492

Glutathione S-transferase omega-1 isoform 1 4758484

Tyrosinase 401235

Arachidonate 5-lipoxygenase 126407

Carbonic anhydrase 2 115456

Cytochrome P450 2A6 308153612

Carbonic anhydrase 3 134047703

Carbonic anhydrase 6 116241278

Carbonic anhydrase 9 83300925

Hydroxycarboxylic acid receptor 2 74762622

Carbonic anhydrase 5B, mitochondrial 8928041

Carbonic anhydrase 14 8928036

5-hydroxytryptamine receptor 7 8488960

Epidermal growth factor receptor 2811086

Carbonic anhydrase 7 1168744

Cinnamic acid Carbonic anhydrase 5A, mitochondrial 461680

Tyrosine-protein phosphatase non-receptor type 1 131467
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Table 1: Continued.

Active compounds Homosapiens proteins name GI number

Carbonic anhydrase 4 115465

Carbonic anhydrase 1 115449

Adenosine receptor A2b 112938

Lethal(3)malignant brain tumor-like protein 1 isoform I 117938328

5-hydroxytryptamine receptor 5A 13236497

potassium voltage-gated channel subfamily H member 2 isoform d 325651834

DNA polymerase iota 154350220

DNA polymerase kappa 7705344

DNA polymerase eta 5729982

DNA polymerase beta 4505931

Estrogen receptor beta isoform 1 10835013

Nuclear receptor subfamily 0 group B member 1 5016090

Thyroid hormone receptor beta 189491771

15-hydroxyprostaglandin dehydrogenase [NAD+] isoform 1 31542939

FAD-linked sulfhydryl oxidase ALR 54112432

Ras and Rab interactor 1 68989256

Integrin alpha-4 precursor 67191027

Chain A, human Ape1 endonuclease with bound abasic DNA And Mn2+ Ion 6980812

Mcl-1 7582271

Chain A, structure of human Recq-like helicase in complex with a DNA Substrate 282403581

Chain A, Jmjd2a tandem tTudor domains in complex with a trimethylated histone H4-K20 peptide 162330054

Euchromatic histone-lysine N-methyltransferase 2 168985070

Chain B, the structure of wild-type human Hadh2 bound to Nad+ At 1.2 A 122921311

Chain A, the structure of wild-type human Hadh2 bound to Nad+ At 1.2 A 122921310

Bromodomain adjacent to zinc finger domain 2B 6683500

Carbonic anhydrase 12 5915866

network (Figure 4(b)), the canonical pathways (Figure 4(c)),
and the hot map of biofunctions related with protein targets
of the herbal formula by IPA platform (Figure 4(d)).

Actually, it is obvious that the literature-derived network
is relatively crude and redundant for the main reason of
the quality control in the text/data mining approaches.
Regarding this, it is important to define criteria of literature
included and excluded. On the other hand, it is helpful to
combine literature mining and omics analysis, such as liter-
ature mining combined microarray analysis system (LMMA
system) [43]. In further, integrating both the experimental
data and the literature knowledge seems to be an effective
way to reduce noises of data in biological network modeling
[44].

5. Merging the Molecular Disease
Network with the Pharmacological
Network of the Candidate Drugs

Recently, the essence of life had increasingly been studied
from a systems perspective across different scientific dis-
ciplines [45]. Plenty of work had been done to provide
the practical frameworks for applying “systems thinking” to
human diseases and drug discovery [45–47]. The published
report showed the relationships between drug targets and

disease-gene products, which measured the shortest distance
between both sets of proteins in current models of the human
protein-protein interaction (PPI) network [4]. Significant
differences in distance were found between etiological and
palliative drugs, and recent trend toward more rational drug
design was observed in the research. Indeed, the method
of using the concepts of network biology to integrate data
of drug targets and disease-related genes or proteins had
been an important way for no matter the discovery of new
drug, or repurposing of old drugs. For example, we merged
the networks of protein targets of Fuzi, Xixin, and Guizhi
and the network of identified differentially expressed genes
in RA with TCM cold pattern versus health. As shown in
Figure 5, two common molecular (TCR and IgM) and seven
common canonical pathways were all found related with the
two networks. We considered that the common molecular
and canonical pathways might be the potential therapeutic
targets of Fuzi, Xixin, and Guizhi to treat RA with cold
pattern.

On the other hand, drug repurposing, which is the use
of established drugs for new indications, would be realized
with network pharmacology approaches. Development of a
new pharmaceutical product requires at least from 10 to
15 years and costs from $500 million to $2 billion [48–
50], yet the number of new drugs approved by the FDA
has been declining year by year [51]. Existing drugs already
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Old drug

Polypharmacology
network

Drug target network

Pattern A

Pattern C

Pattern B

Figure 6: A conceptual paradigm for the repurposing of old drugs based on TCM network pharmacology. The pharmacological networks of
an old drug can be built up with bioinformatics approaches (left). By merging the pharmacological networks of the old drug with the disease-
TCM pattern molecular network (indicated with (A), (B), and (C) in the right), a better indication based on TCM pattern classification might
be found.

have clinical data and therefore require much less time and
money to be approved for a new indication [52]. Researchers
have proposed inverse docking models as a novel method
to evaluate previously approved drugs for new therapeutic
indications [53–55]. Methotrexate (MTX) and sulfasalazine
(SSZ) combination therapy is a common treatment for RA,
and we found that this combination was more effective for
treating RA patients with the TCM cold pattern [56, 57].
In order to find the biological mechanism with network
pharmacology, the pharmacological networks of MTX and
SSZ were matched with the molecular network of RA with
TCM cold pattern, and the network-based pharmacological
mechanism result supports the clinical finding [58]. Similarly
we can apply the model to screen other existed drug and
see which TCM pattern or indication would be better for
the drug. Thus we propose a strategy that uses TCM-based
network pharmacology for repurposing a marketed “old”
drug (Figure 6). Briefly, the pharmacological networks of the
marketed drugs can be built based on the information about
the pharmacological activity of these drugs from established
databases. By matching the pharmacological network of the
old drugs and the TCM pattern molecular networks in the
disease, we can determine which subgroup of patients would
be better candidates for the drugs. In the right of Figure 6,
TCM pattern (A), (B), and (C) indicate the molecular
networks for the disease with TCM pattern (A), (B), and
(C), respectively. If the pharmacological network of the
marketed drug can be matched with pattern (A), then the
marketed drug could be further investigated clinically for the
treatment of the disease with TCM pattern (A). Similarly, we
can find new indications for other marketed drugs. Thus,

the marketed “old” drug can be regarded as a new drug
because it can be used with a new specified indication.

6. Perspectives and Conclusions

TCM pattern classification, as a diagnostic approach, could
be used to classify patients based on their disease diagnosis
in biomedicine. As a result, the TCM pattern could be a
potential drug therapeutic target. Additionally, TCM herbal
formulas are a vast, promising, and natural resource for
drug discovery. More importantly, with their clinically
approved effectiveness and safety, they are containing mul-
tiple compounds and would be the multiple compound drug
candidates. Thus, new drug discovery should put a greater
emphasis on TCM pattern classification in certain disease
and multiple-compound drug candidates from TCM herbal
formulas. We expect that, along the advancement of TCM
based network pharmacology, a novel multiple compound
drugs would be discovered in the near future.
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