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The exponential growth in generation of large amounts
of genomic data from biological samples has driven the
emerging field of systems medicine. This field is promising
because it improves our understanding of disease processes
at the systems level. However, the field is still in its young
stage. There exists a great need for novel computational
methods and approaches to effectively utilize and integrate
various -omics data.

Systems medicine has been growing rapidly in part due
to the emerging technologies to gather high-volume meas-
urements from biological samples. One of the first such
technologies, themRNAmicroarray, is being replaced by next
generation sequencing (NGS), which provides amuch higher
resolution (digital measurement) of genetic information
(e.g., at the mRNA transcript level). Array and NGS-based
methods to characterize genetic variation (single nucleotide
polymorphisms, short insertions and deletions, copy num-
ber variation, and structural variants), DNA methylation
changes, microRNAs (miRNAs) differential expression, and
other types of biological information have dramatically
expanded the generation of biological data. Other sources
of data from mass spectrometry-based proteomics and
metabolomics to high-throughput determination of protein-
protein interactions and regulatory relationships provide
further information for a systems-level understanding of
disease. Finally, collection of clinical data and electronic
medical records (EMRs) has made modern biomedical

research possible on the full scale of data integration, that
is, an integration scenario of using genomic, transcriptomic,
proteomic, metabolomic, and phenotypic data.

The rationale of discovery-based high-throughput inves-
tigation of disease is that there aremolecular signatures (com-
posed of genes, transcripts, proteins, and small molecules)
that can be identified for better diagnosis, prognosis, and/or
treatment of disease. However, challenges arise in the analysis
of high-throughput data because of the large number of
possible variables raising the very real potential for false-
positive predictions and overfitting of data, as well as many
other potential problems (e.g., data quality, missingness, lack
of power, etc.). To ameliorate these problems, computa-
tional approaches have been developed that utilize existing
knowledge, such as overlaying high-throughput observations
on regulatory or protein-protein interaction networks or
canonical biological pathways.

For this special issue we solicited manuscripts in sev-
eral different subject areas including data integration from
multiple high-throughput sources, NGS data analysis and
applications, personalized medicine and translational bioin-
formatics, modeling of pathways and networks, and data
mining and pattern recognition in biomedical applications.
We briefly describe the accepted papers in this special issue
in the remainder of this editorial.

Two papers, “MultiRankSeq: multi-perspective approach
for RNAseq differential expression analysis and quality control”
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by Y. Guo et al. and “QPLOT: a quality assessment tool for next
generation sequencing data” by B. Li et al., describe algorithms
for analysis of NGS data. Y. Guo et al. introduce a novel tool,
namely, MultiRankSeq, which combines the output of three
independent programs to determine differential expression
from RNAseq data to provide a single improved output.
QPLOT is a tool for assessing the quality of NGS runs
by providing both summary quality metrics and graphical
representations of these metrics. In another paper, entitled
“Comparative study of exome copy number variation estima-
tion tools using array comparative genomic hybridization as
control,” Y. Guo et al. systematically compare four different
tools for detecting copy number variations (CNVs) from
whole exome sequencing (WES) against a standard array-
based method for CNV evaluation.

In “Computational analysis of transcriptional circuitries in
human embryonic stem cells reveals multiple and independent
networks,” X. Wang and C. Guda assess the role of core
transcription factors in the pluripotency of embryonic stem
(ES) cells. Their computational analyses identified several
additional transcriptional regulatory networks that might be
involved in this complex regulatory process, providing inter-
esting hypotheses aboutmechanisms of fate determination in
ES cells. The paper “Network-assisted prediction of potential
drugs for addiction” by J. Sun et al. describes computational
analyses of drug-target networks for addictive and nonaddic-
tive drugs. The authors analyzed the topology of these net-
works and found that drugs with similar effects could cluster
together and identified a set of nonaddictive drugs that might
have therapeutic benefits for treatment of addiction. This
paperwas called out in the recent “Translational Bioinformat-
ics Year-in-Review” in 2014 Joint Summits on Translational
Science (http://www.amia.org/jointsummits2014). In “DeG-
NServer: deciphering genome-scale gene networks through high
performance reverse engineering analysis,” J. Li et al. describe
their webserver to infer transcriptional regulatory networks
from large-scale datasets.The servermakes use of a computer
cluster to run a number of network inference algorithms and
return the results to the user very quickly, thus facilitating
genome-scale network reconstruction.

Two papers from M. Goyal et al., “Development of dual
inhibitors against Alzheimer’s disease using fragment-based
QSAR and molecular docking” and “Novel natural structure
corrector of ApoE4 for checking Alzheimer’s disease: benefits
from high throughput screening and molecular dynamics sim-
ulations,” deal with molecular docking simulations to deter-
mine small-molecule inhibitors targeting Alzheimer’s dis-
ease. In the first paper, M. Goyal et al. used a fragment-based
quantitative structure activity relationship (QSAR) analysis
to identify lead compounds that might inhibit interaction
of proteins that drive Alzheimer’s disease pathogenesis. In
the second paper, the authors describe large-scale docking
simulations to screen for inhibitors of the conformational
change of apolipoprotein E4 (ApoE4) that is thought to
drive Alzheimer’s pathogenesis. They further show the value
of molecular dynamics simulations to screen candidates
to eliminate molecules that do not have stable binding
properties with targets. In “HGF accelerates wound healing
by promoting the dedifferentiation of epidermal cells through

𝛽
1
-integrin/ILK pathway,” J.-F. Li et al. experimentally inves-

tigate the contribution of hepatocyte growth factor (HGF) to
wound healing. They showed that treatment of diabetic mice
promoted proliferation and migration of epithelial cells and
that this effect could be blocked by silencing the 𝛽

1
-integrin

signaling pathway.
In the paper “Integrative analysis of miRNA-mRNA and

miRNA-miRNA interactions,” the authors first generated
RNAseq data for normal and tumor cell lines and then
identified aberrantly expressedmRNAs andmiRNAs.Groups
of similarly expressed miRNAs and mRNAs were analyzed
to highlight examples of flexible and selective regulatory net-
works underlying these interactions. In “A diverse stochastic
search algorithm for combination therapeutics,” M. U. Caglar
and R. Pal show how the use of a stochastic search algorithm
can be useful in identification of optimal combinations of
drugs for therapy, the so-called drug cocktails. Their novel
method greatly reduces the number of experimental steps
needed to assess the optimal combination of drugs for a
particular therapy. In “Evaluating word representation features
in biomedical named entity recognition tasks” by B. Tang et al.,
the authors present a comparative analysis of three different
methods for word representation in recognition of named
entities from biomedical literature. Their findings indicate
that a combination of the complementary approaches can
improve results on benchmark recognition tasks.

In the paper by F. Zhang et al., “Multiple biomarker panels
for early detection of breast cancer in peripheral blood,” the
authors describe the use of machine-learning approaches to
identify a five-gene panel that can identify breast cancer from
peripheral blood samples. In the paper by Jiang et al., “New
aQTL SNPs for the CYP2D6 identified by a novel mediation
analysis of genome-wide SNP arrays, gene expression arrays,
and CYP2D6 activity,” the authors develop a novel approach
for the detection of transexpression quantitative trait loci
(eQTLs) from genome-wide association studies by consid-
ering indirect effects introduced by a mediator gene. They
apply their method to analyze indirect regulatory effects on
the important liver enzyme, CYP2D6. Finally, in “Expression
sensitivity analysis of human disease related genes,” L.-X. Ma
et al. examine the expression of genes implicated in a range
of diseases.They report that genes that are robustly expressed
under different perturbations are more likely to be associated
with lethal diseases, whereas less robustly expressed genes are
associated with nonlethal diseases.
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Alzheimer’s (AD) is the leading cause of dementia among elderly people. Considering the complex heterogeneous etiology
of AD, there is an urgent need to develop multitargeted drugs for its suppression. 𝛽-amyloid cleavage enzyme (BACE-1) and
acetylcholinesterase (AChE), being important for AD progression, have been considered as promising drug targets. In this study, a
robust and highly predictive group-based QSAR (GQSAR) model has been developed based on the descriptors calculated for the
fragments of 20 1,4-dihydropyridine (DHP) derivatives. A large combinatorial library of DHP analogues was created, the activity
of each compound was predicted, and the top compounds were analyzed using refined molecular docking. A detailed interaction
analysis was carried out for the top two compounds (EDC and FDC) which showed significant binding affinity for BACE-1 and
AChE.This study paves way for consideration of these leadmolecules as prospective drugs for the effective dual inhibition of BACE-
1 andAChE.TheGQSARmodel provides site-specific clues about themolecules where certainmodifications can result in increased
biological activity.This information could be of high value for design and development of multifunctional drugs for combating AD.

1. Introduction

Alzheimer’s disease (AD) is an irreversible chronic brain
disorder among elderly people [1–3]. AD is characterized
by steady cognitive impairment, memory loss, and decline
in language. It is one of the leading causes of death in
the world. For instance, it was estimated that 5.2 million
Americans of all ages were suffering from AD in 2013
making it the sixth leading cause of death in the United
States (Alzheimer’s association; http://www.alz.org/). The
devastating pathological hallmarks of AD are extracellular
accumulation of neurotoxic amyloid 𝛽 (A𝛽) peptides [4], loss
of the presynaptic markers of the cholinergic system in the
brain, mitochondrial dysfunction, and formation of dense
neurofibrillary tangles of hyperphosphorylated tau protein in
the central nervous system [5–7].

Most of theU.S. Food andDrugAdministration approved
drugs are available for the symptomatic treatment of AD.

Among these drugs, donepezil, tacrine, rivastigmine, and
galantamine are based on cholinergic hypothesis [8–11].
Furthermore, memantine is an antagonist drug of N-methyl-
D-aspartate receptor [12–14]. However, the observable toxic
issues such as hepatotoxicity, vomiting, diarrhea, and nausea
forced these drugs tomove out from the pharmaceuticalmar-
ket [15]. Moreover, medicational pharmacokinetic effects of
these drugs are just for marginally alleviating the symptoms
and not to have interruption in neurodegenerative cascade
which is the root pathophysiology of AD [16–18]. Consider-
ing the complex heterogeneous etiology ofAD,modulation of
one enzyme might not be sufficient enough for the effective
treatment of AD. Therefore, the present day research in
AD drug development is shifting towards identification and
design of multitargeted novel molecules instead of single
targeted molecules for the long term suppression of AD.
For instance, Piazzi et al. report AChE inhibitor purposely
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designed to bind at both the catalytic and the peripheral sites
of the human enzyme [19].

Most of the experimental evidences suggest that deposi-
tion of amyloid plaques in the brain of Alzheimer’s patients is
the key factor of pathogenic cascade of the disease [16, 20].
A𝛽, which is the core component of the amyloid plaques
[15], is produced by subsequent cleavage of a large trans-
membrane protein—amyloid precursor protein (APP)—by
two different proteolytic enzymes 𝛽- and 𝛾-secretase [21].
The complete biochemical mechanism of proteolytic cleavage
depends on the protein-protein interactions between APP
and 𝛽-amyloid cleavage enzymes (BACE-1) [22]. Blocking
the interface between these protein interactions has huge
therapeutic potential for slowing down the long termprogres-
sion of AD. It has been reported that acetylcholine esterase
(AChE) also plays an important role in accumulation of A𝛽
and acts as a promoter of A𝛽 fibril production [23]. This
activity of AChE is associated with its peripheral anionic site
(PAS). Since BACE-1 plays a major role in the initiation of
neuropathological cascade of plaque formation and AChE
accelerates A𝛽 deposition in brain, both of these enzymes
hold considerable promise as therapeutic targets of AD.
Thus, dual target directed strategy is more likely to show
comprehensive obliteration of AD in synergistic manner.
Multitarget drugs aremore efficient as they prevent unwanted
compensatory mechanisms, which might result in cellular
redundancy, from developing [24].

Discovery of small molecules for targeting protein-
protein interfaces beholds enormous challenges and is
accounted by various factors, namely, shape of typical
protein-protein interface and flexibility of proteins among
others. To speed up the drug discovery process, various
fast and accurate computational methods have been illus-
trated which assist the development of novel therapeutic
drugs to interrupt the interaction between proteins [25, 26].
Usage of quantitative structure activity relationship- (QSAR)
based approaches is worthwhile when knowledge of ligand
molecules for a particular target is available. Group-based
QSAR (GQSAR) is one of the most recent and effective
ligand-based drug designing approaches which uses descrip-
tors evaluated specifically for the substituent groups or
fragments of the ligands.This approach identifies the specific
sites where the groups need to be modified for designing
optimized molecules with enhanced biological activity [27].
GQSAR model can be developed by applying statistical
methods like partial least square (PLS), principle component
regression,multiple regression, continuum regression, and k-
Nearest Neighbour on a series of congeneric compounds in
order to gain insights into the effects of descriptors on their
biological activity [27, 28].

Herein, our attempts are focused on the discovery of
novel small molecules that can compete to bind with one
of the interacting proteins with higher binding affinity in
order to disrupt the interactions between APP and BACE-
1 and simultaneously are able to bind to the PAS site of
AChE. Present study describes a detailed GQSAR analysis on
1,4-dihydropyridine (DHP) derivatives, reported as potential
inhibitors of BACE-1 [4], in order to elucidate the structural
features of the molecular fragments of these molecules that

Table 1: Unicolumn statistical parameters for the selected biological
dataset.

Average Max. Min. Std. dev. Sum
Training set 4.74 5.10 4.50 0.20 71.13
Test set 4.65 4.83 4.41 0.17 23.27

lay significant contribution towards their biological activity.
GQSAR model was further used to develop a combinato-
rial library of novel molecules followed by their activity
prediction. Mechanistic analysis of binding modes of these
identified leads within the active site of both targets was
performed using docking studies. Thus, our study delineates
identification of novel leads having dual inhibiting effects due
to binding to both, BACE-1 and the PAS of AChE.

2. Materials and Methods

2.1. Biological Dataset. Abiological data set of 20 compounds
of DHP derivatives was chosen in the present study to carry
out the GQSAR analysis. DHP were found to have strong
inhibitory capability against BACE-1 [4]. The experimentally
reported inhibitory activity [IC

50
(𝜇M)] of all the 20 com-

pounds was converted into pIC
50

[−log
10

IC
50
], which was

then subsequently used as response or dependent variable for
GQSAR model building. The 2D structures of compounds
were drawn using Marvin Sketch (v 5.12.1, ChemAxon) [21].
2D chemical structures of DHP analogues along with their
biological activities are presented in Table 1. Molecules were
converted into 3D format and then energetically optimized
using Vlife Engine module of Vlife Molecular Design Suite
(Vlife MDS) [29]. The optimized molecules were generated
using Merck Molecular force field, distance dependent func-
tion, and energy gradient of 0.01 kcal/mol.

2.2. Fragmentation andDescriptor Calculation. Allmolecules
considered here had a common DHP scaffold and 4 sub-
stitution sites where different R-groups were attached. On
the basis of different R-groups, each molecule was divided
into 4 fragments or groups in order to perform GQSAR
analysis. Optimized dataset of all molecules was considered
for GQSAR analysis on the basis of common DHP template.
A total of 705 physicochemical descriptors were calculated
for various groups present at each substitution site using
Vlife MDS. These included 2D descriptors such as element
count, extended topological indices, Merck molecular force
field atom type count, and electrotopological and alignment
independent descriptors among others [30]. Independent
variable calculation was further followed by removal of
invariable columns containing constant values for more than
90% molecules, which finally resulted in 311 independent
variables from the large pool of descriptors.

2.3. Selection of Test Set and Training Set. With an aim
to develop a GQSAR model, the dataset was split into
two optimal training and test sets using random selection
method. The robustness of these sets was evaluated by
generating unicolumn statistical parameters such as mean,
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standard deviation, maximum, and minimum for both test
and training sets. The dataset division satisfied the criteria
of an appropriate model; namely, the maximum of the test
set was less than the maximum of the training set and the
minimum of the training set was greater than the minimum
of the test set.This analysis validated the selected training and
test sets.

2.4. GQSAR Model Generation. To select the optimal subset
of variables (descriptors) that can significantly correlate with
biological activity of molecules from the pool of descrip-
tors, various variable selection methods such as step-wise
search algorithm, genetic algorithm, and simulated annealing
among others can be used. A number of statistical methods
such as partial least square (PLS), multiple regression, and
principle component regression can be used for model
building. Herein, simulated annealing combined with PLS
regression was used to generate the GQSAR model. Simula-
tion of a physical process is known as simulated annealing,
which involves heating the system to a high temperature
and then gradually cooling it down to room temperature
[31]. All the values of statistical parameters for simulated
annealingwere kept as default.The number of terms (number
of descriptors) to be included in the final GQSAR model was
kept as 3.

2.5. Model Evaluation and Validation. The developed
GQSARmodel was evaluated using two types of validation—
internal and external validations. Internal (cross) validation
was carried out using leave-one-out method [32]. Cross-
validation coefficient q2 was calculated as

𝑞2 = 1 −
∑ (𝑦
𝑖
− 𝑦
𝑖
)
2

∑(𝑦
𝑖
− 𝑦mean)

2
, (1)

where 𝑦
𝑖
and 𝑦
𝑖
are the actual and the predicted activity of the

𝑖th molecule in the training set, respectively, and 𝑦mean is the
average activity of all molecules in the training set.

For external validation of the model, the pIC
50
values of

the test set molecules were predicted and the pred r2 value
that provides the statistical correlation between predicted and
actual activities of the test set compounds was calculated as
follows:

pred 𝑟2 = 1 −
∑ (𝑦
𝑖
− 𝑦
𝑖
)
2

∑(𝑦
𝑖
− 𝑦mean)

2
, (2)

where 𝑦
𝑖
and 𝑦

𝑖
are the actual and the predicted activity of

the 𝑖th molecule in the test set, respectively, and 𝑦mean is the
average activity of all molecules in the training set.

All these statistical parameters were used to evaluate the
quality of the model. Correlation coefficient (r2) described
the fitness of training set data whereas predictive correlation
coefficient (pred-r2) was used to evaluate the fitness of test
set. Cross-validation coefficient (q2) and F-test (Fischer’s
value) showed the statistical significance of the regression
model and the standard errors (pred r2 se, q2 se, and r2 se)
gave an idea of the quality and fitness of the model. Low

standard error values indicated that themodel is absolute and
robust. The model is said to be robust and predictive if these
statistical parameters satisfy the following conditions: r2 >
0.6, pred r2 > 0.5, and q2 > 0.6 [33, 34].

2.6. Combinatorial Library Generation and Activity Predic-
tion. A combinatorial library was generated using Leadgrow
module of Vlife MDS. For library generation a number of
substitutions were made using various atoms and groups
like alkyl, alkene, acids, aromatic rings, rings, carbonyl,
cyanate, –O–CH

3
, –O–C

2
H
5
, amide, benz, and hydrzo at all

substitution sites (R1, R2, R3, and R4) of DHP template. The
final GQSARmodel generatedwas used for biological activity
prediction of the compounds of the combinatorial library.

2.7. Docking Studies. The 3D structure of human BACE-1
(resolution: 1.70 Å) was obtained from PDB (PDB ID: 2B8L)
[35]. The water molecules and all other heteroatoms were
removed from the protein crystal structure. The protein
was further prepared using Schrodinger’s protein preparation
wizard [36]. Conversion of all combinatorial structures to 3D
form and further optimizationwere carried out using LigPrep
module of the Schrodinger suite. All possible conformers for
eachmoleculewere generated using LigPrep.Docking studies
were performed using Glide module of Schrodinger suite
by creating a cubic grid (10 × 10 × 10 Å) around the active
site residues of BACE-1 that are involved in cleavage of APP.
The molecules of combinatorial library with high predicted
activity were subjected to high throughput virtual screening
(HTVS) protocol followed by Glide’s extra precision (XP)
docking protocol for futher docking refinement.

2.8. Dual Inhibition Effect Studies. Keeping in mind our aim
to discover potent novel dual inhibitors of AChE and BACE-
1, the above screened molecules were again subjected to
docking at PAS site of AChE. This PAS site is involved in
accumulation of A𝛽 in the human brain. Crystal structure
of human AChE (resolution: 2.0 Å) was obtained from PDB
(PDB ID: 4M0E) [35]. Protein preparation and optimiza-
tion was done using Schrodinger suite. Selected molecules
having high XP scores were then checked for their drug-
like properties using Lipinski filters. The two top scoring
compounds showing dual inhibitory property were analyzed
to observe the molecular mode of interaction between the
target proteins and the ligands using ligplot program [37].

3. Results and Discussion

Here we have attempted to identify a novel GQSAR model
depicting robust statistical correlation between structure and
activity of DHP analogues which have been reported as
potent suppressors of BACE-1. The adopted strategy initially
identified a pool of 311 molecular descriptors to be used
as independent variables. The pIC

50
value was used as the

dependent variable.Thedataset of 20 compoundswas divided
into two groups: test set including 5 molecules and training
set including the rest of the molecules. The training set was
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Figure 1: (a) The contribution of descriptors to the enhancement of biological activity of molecules. (b) Linear scatter plot depicting the
distance of training and test data points from the regression line.

used for model building (Supplementary Table 1 available
online at http://dx.doi.org/10.1155/2014/979606).

3.1. Dataset Evaluation. Before proceeding towards the next
step, evaluation of the chosen test set is always a beneficial
option to obtain a good predictive model. This was done by
interpreting the unicolumn statistics mentioned in Table 1.
Unicolumn statistics are stated in terms of min., max.,
average, std. dev. (standard deviation), and sum. The min. of
test set should be equal or higher than the min. of training
set and the max. of test set should be equal or lower than the
max. of training set. Here, the dataset was found satisfying
the required conditions, thus suggesting that the test set was
interpolative. Along with these parameters, average and std.
dev. determines the density distribution of both the test and
the training sets. Interestingly, in this dataset, higher values of
mean and std. dev. for training set indicated the presence of
comparably high number of active molecules rather than the
inactive ones and the presence of highly distributed activity
of the molecules in the training set.

3.2. Generated GQSAR Model. The GQSAR model was gen-
erated using simulated annealing variable selection method
in combination with PLS regression model building method.
The statistical measurements of generated PLS regression
model of GQSAR are summarized in Table 2. PLSR method

predicts the correlation between the molecular fields and
the inhibitory activity of the compounds [38]. It specifies
the linear relationship between dependent variables (pIC

50
)

and the predictor variables (descriptors). Predicted activity
of the dataset and the values of calculated descriptors for
each molecule are mentioned in Supplementary Table 2.
The reported GQSAR model can be stated in the form of a
polynomial equation as follows:

pIC
50
= 3.48219 (R2-DeltaEpsilonA)

− 0.409885 (R1-NitrogensCount)

− 0.279723 (R3-k3alpha) + 4.56912,

(3)

where R1, R2, and R3 are the 2D descriptors along with their
respective coefficient and the last numerical term in this
equation is the regression constant. This equation explains
that the descriptor DeltaEpsilonA shows positive contribu-
tion at substitution site R2 ofDHP commonmoiety.However,
the other two descriptors, NitrogensCount and K3alpha at R1
and R3 substitution sites, respectively, contribute negatively
towards the biological activity of molecules.The contribution
of these descriptors is illustrated in Figure 1. Below is the brief
description of these molecular descriptors.

R2-DeltaEpsilonA. DeltaEpsilonA falls into the category of
extended topochemical atom (ETA) indices which is an
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Figure 2: (a) Radar plot showing fitness of predicted and actual activity values of training set. (b) Radar plot exploring fitness of predicted
and actual activity values of test set.

Table 2: Statistical parameters of generated GQSAR model.

Statistical parameter Value
𝑟2 0.85
𝑞2 0.68
𝐹-test 34.39
𝑟2 se 0.08
𝑞2 se 0.12
pred 𝑟2 0.75
pred 𝑟2se 0.1
𝑍score𝑅2 5.29
Best rand 𝑅2 0.52

extension of topochemically arrived unique parameters [39,
40]. Among the various basic parameters of ETA, DeltaEp-
silonA is a measure of contribution of unsaturation and
electronegative atom count [41] which is extensively applied
for modelling various toxicity end-points in the quantitative
domain of structure-activity relationships [42]. Here, it was
observed that DeltaEpsilonA showed 46.98% contribution
in activity enhancement of molecule when present at R2
site. Originally, R2 site was occupied by three different
groups, namely, methylbenzylamine [NH-(𝛼) methylBn],
benzyl ester (OBn), and acetyl group.

R1-NitrogensCount. This physicochemical descriptor lies in
the section of element count descriptors. As the name
suggests, it indicates the number of nitrogen atoms present
in a compound. This descriptor was observed to provide a

37.25%negative contribution at R1 substitution site whichwas
originally engaged with different alkyl groups.

R3-k3alpha.TheKier andHall Kappamolecular shape indices
are intended to capture the overall aspects of molecular shape
[43]. Third order Kappa Alpha (K3alpha) shape index is a
subset of Kappa indices and the information encoded in
it specifically refers to attributes of the shape of molecule.
In present GQSAR model, K3alpha was found to have
15.74% negative participation at R3 substitution site for the
enhancement of biological activity of molecules.This site was
originally occupied by sulphonamide group, amide group,
and ester group.

3.3. GQSAR Model Validation. The quality of the GQSAR
model was judged on the basis of standard values of sta-
tistical parameters calculated during model generation. In
this study, the convincing parametric values for GQSAR
model were observed in terms of correlation coefficient r2
(0.8514), predicted correlation coefficient pred r2 (0.7525),
cross-correlation coefficient q2 (0.6817), low standard error
r2 se (0.0847), q2 se (0.1239), and pred r2se (0.0976) which
implied that themodel can be considered stable and accurate.
Moreover, high values of other statistical parameters like F-
test (34.3899) provided additional support that the model
was significant and robust with minimum chance of failure.
For better understanding of the relationship between the
structural features of DHP derived molecules and their
biological activity, two different graphical representations of
predicted and actual activity values are shown in Figures
1(b) and 2. Two separate radar plots describe the fitness
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Figure 3: (a) 2D structure of common moiety of DHP derivatives. (b) 2D structures of selected molecules (EDC and FDC) possessing dual
inhibitory property.

of predicted over actual values for training and test sets,
respectively, and the linear scatter plot depicts the distance of
training and test data points from the regression line which
relatively gives an idea about the difference between actual
and predicted activity values of both sets.

3.4. Combinatorial Library Preparation and Activity Predic-
tion. The common moiety (Figure 3(a)) of DHP derivatives
was taken into account for generation of the combinatorial
library of novel compounds. This works by putting different
chemical groups or atoms at four different substitution
sites, namely, R1, R2, R3, and R4 of common template. At
R1 site, different groups like alkyl, vinyl, and allyl acetate
were added. At R2 site, alkyl, phenyl, pyrrole, benzopyrrole,

thiophenone, oxazolyl, pyrimidinyl groups, and aromatic
rings were placed. Number of different atoms as in S, N,
H, He, Li, F, alkyl groups, and other groups such as –O–
CH
3
, –O–C

2
H
5
, amide, cyanide, cyanate, isocyanate, –C=N,

–N=C, azo, and hydrazo were added at R3 site. R4 site was
filled with atoms (O, N, F, Be.) and different cyclic rings. All
possible combinations of different chemical groups at four
substitution sites resulted in a large combinatorial library of
86,400 compounds. The complete library was than subjected
to biological activity prediction using the generated GQSAR
model. 3405 compounds possessing higher activity values
(>5.0) were chosen for further binding analysis against AChE
and BACE-1. Compound 4 was observed to have maximum
activity (6.51) in which R1 site was occupied by 2-thiophene
group; R2 site was found to have F, with ethyl group and N
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Figure 4: (a) Residues involved in hydrogen bond formation in EDC-BACE-1 complex. (b) Hydrophobically interacting amino acids in
EDC-BACE-1 complex. (c) EDC bound in the active site of BACE-1.

at R3 and R4 site, respectively. Surprisingly, approximately all
the high activity molecules were found to bear F atom at R2
site suggesting that the presence of F atom at R2 site plays
a crucial role in activity enhancement. Therefore, constant
value of 0.557 for extended topochemical descriptor R2-
DeltaEpsilonAwas observed.The constant low values of 1 and
0 for negatively contributing descriptors R1-NitrogensCount
and R3-K3alpha depicted their role in activity enhancement.

3.5. Docking Analysis. Docking studies for 3405 molecules
of combinatorial library were carried out against AChE
and BACE-1. To filter out the chemically correct structures,
molecules were converted into 3D format and then opti-
mized using LigPrep module of Schrodinger suite which
reduced the number of molecules for further analysis to
3238. Among these molecules, a total of 1310 and 1482
compounds having good binding affinity for BACE-1 and
AChE, respectively, were identified usingHTVS.AfterHTVS,
the highest docking scores for both targets, BACE-1 and
AChE, were found to be −10 kcal/mol and −12 kcal/mol,
respectively. Compounds with Glide score above −8 kcal/mol
for BACE-1 and −6 kcal/mol for AChEwere then subjected to
XPprotocol for further refinement ofGlide score.The two top
scoring compounds showing dual inhibitory property against
both targets were
selected for further evaluation of their mechanisticmolecular
mode of interaction with the target proteins.

3.6. InteractionMode Analysis of Docked Complexes. The two
top scoring compounds, namely, (4R)-1-ethyl-4-fluoro-N-
[(2R,3S)-4-hydrazinyl-3-hydroxy-1-phenylbutan-2-yl]-2,6-
dimethyl-5-(1,3-oxazole-5-carbonyl)-1,4-dihydropyridine-3-
carboxamide and (4R)-4-fluoro-N-[(2R,3S)-4-hydrazinyl-3-
hydroxy-1-phenylbutan-2-yl]-2,6-dimethyl-5-(1,2-oxazole-3-
carbonyl)-1-(prop-2-en-1-yl)-1,4-dihydropyridine-3-car-
boxamide (further referred to as EDC and FDC, resp.)
were found possessing dual target inhibitory capability.
2D structures of these compounds along with the common
moiety are shown in Figure 3(b).The docking results revealed
that EDC had the highest XP score of −15.20 kcal/mol against
BACE-1 and a significant XP score of −11.92 kcal/mol against
AChE. On the other hand, FDC was found to interact with
strong binding affinity of −14.39 kcal/mol with BACE-1
and of −11.85 kcal/mol with AChE. Rest of all the docking
parameters for these two ligand molecules with respect to
both the targets were also taken into consideration and are
summarized in Table 3. The pIC

50
value of both these lead

compounds was 6.10 as predicted by the generated GQSAR
model. The drug-like properties of the chosen compounds
were also taken into account and both of the leads were
found to have satisfactory values for all the essential drug-
like properties such as logP value and molecular weight
which are listed in Table 4.

EDC-BACE-1 Complex. In case of EDC-BACE-1 complex,
EDC was found interacting with active site residues (Asp32,



8 BioMed Research International

Gln 73

Gly 230

Gly 34

Thr 72

Asp 228

BACE-1

FDC

3.15A
∘

2.65A
∘

2.86A
∘

2.54A
∘

2.97A
∘

(a)

Gln 12 Gly 13

Leu 30

Trp 115

Thr 231

Thr 232

Tyr 71

Arg 235

Asn233

Ala 335

Asp 32

Phe 108

BACE-1

FDC

lle 118

(b)

BACE-1cavity

FDC

(c)

Figure 5: (a)Hydrogen bonds involved in the binding of FDCwith BACE-1. (b) Residues of BACE-1 involved in the formation of hydrophobic
contacts with FDC. (c) Binding of FDC molecule inside the cavity of BACE-1.

Table 3: Docking parameters for the complexes chosen after Lipinski filter.

Complexes Glide XP score
(kcal/mol)

Glide Evdw
(kcal/mol)

Glide Ecoul
(kcal/mol)

Glide Emodel
(kcal/mol)

Glide Energy
(kcal/mol)

EDC-BACE −15.20 −32.97 −23.79 −96.58 −56.76
FDC-BACE −14.39 −28.88 −30.66 −97.88 −59.55
EDC-AChE −11.92 −46.03 −18.82 −106.16 −64.85
FDC-AChE −11.85 −42.17 −16.71 −86.54 −58.88

Table 4: Molecular properties of two top scoring compounds.

Molecular properties Molecules
EDC FDC

log𝑃 1.21 1.54
HBD 4 4
HBA 7 7
Mol. wt. (Dalton) 471.52 483.53
Mol. refractivity 124.69 129.09
HBD: hydrogen bond donar; HBA: hydrogen bond acceptor; Mol.: molecu-
lar; wt.: weight.

Gln73, Asp228, Gly230, Thr232, Asn233, and Arg235) of
BACE-1 [4] with formation of four hydrogen bonds and
12 hydrophobic contacts. Among the residues lining the

binding site, Asp228 and Gly230 were found participating
in hydrogen bond formation with the ligand. The other
residue participating in H bond formation was Thr72. The
residues Asp32, Gln73, Thr232, Asn233, and Arg235 of the
binding cleft along with numerous neighbouring amino
acids, namely, Gly34, Tyr71, Phe108, Trp115, Ile118, Thr231,
and Ser325, were observed to be involved in hydrophobic
interactions with EDC. The involvement of binding site
residues of BACE-1 with EDC would block the BACE-1 APP
interaction, thereby preventing the processing of APP for
A𝛽 plaque formation. The binding mode of interactions can
be well understood through the pictorial representation as
shown in Figure 4.

FDC-BACE-1 Complex. Interaction analysis of this complex
showed 5 hydrogen bonds and 13 hydrophobic interactions
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Figure 6: (a) Hydrogen bonds and their lengths as found in EDC-AChE complex. (b) Hydrophobic contacts formed between AChE residues
and EDC ligand. (c) Binding of EDC molecule inside the peripheral anionic gorge of AChE.

between FDC and the binding site residues of BACE-1 as
well as with some neighbouring amino acids that can be seen
in Figure 5. BACE-1 residues involved in H-bond formation
included Gly34, Thr72, Gln73, Asp228, and Gly230. Amino
acids, Gln12, Gly13, Leu30, Asp32, Tyr71, Trp115, Ile118,
Phe108, Thr231, Thr232, Asn233, Arg235, and Ser325, were
making hydrophobic contacts. Binding of the ligand at this
site would lead to blocking of protein-protein interactions
between BACE-1 and APP.

EDC-AChE Complex. Since EDC was evaluated as a dual
inhibitor of two different targets BACE-1 and AChE, the
mechanistic mode of interaction was also analysed for EDC-
AChE complex. In this complex, EDC was observed to form
four hydrogen bonds and numerous hydrophobic contacts
with PAS residues [23] along with some other surrounding
amino acids. Two amino acids Tyr124 and Ser293 were
involved in the formation of hydrogen bonds. The residues
involved in hydrophobic contacts were Tyr72, Asp74, Trp286,
His287, Leu289, Gln291, Glu292, Phe295, Arg296, Phe297,
Tyr 337, Phe338, and Tyr341. Convincing docking score and
high number of hydrogen bonds as well as hydrophobic
interactions suggested EDC to be a significant inhibitor of

AChE. Binding of EDC within the PAS of AChE is illustrated
in Figure 6.

FDC-AChE Complex. Similar to EDC, the second lead
molecule FDC was also evaluated for its dual inhibition
property. Docking analysis for FDC-AChE complex showed
that FDC was interacting with the PAS cavity of AChE. For
this docked complex, three hydrogen bonds formed by two
AChE residues (Glu292 and Tyr341) and FDC atoms were
detected. A total of 13 hydrophobic contacts were identi-
fied with residues Tyr72, Asp74, Tyr124, Trp286, Leu289,
Gln291, Ser293, Phe295, Arg296, Phe297, Tyr337, Phe338,
and Gly342. The interaction mode of FDC-AChE complex
showing hydrogen bonds with their respective bond length
and hydrophobic interactions is illustrated in Figure 7.

4. Conclusion

This study is an attempt to identify novel dual inhibitors tar-
geting BACE-1 and AChE enzymes. Structural characteristics
of a set of dihydropyridine derivatives were studied using
a novel group-based QSAR analysis. The GQSAR analysis
revealed the importance of 2D descriptors and showed that
the chemical group variations in the molecules substantially
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Figure 7: (a) Observed hydrogen bonds with their respective bond length in FDC-AChE complex. (b) FDC surrounded by hydrophobically
interacting residues of AChE. (c) Ligand binding inside the PAS of FDC-AChE complex.

influenced their biological activity. We also generated a
large combinatorial library of 86400 compounds by carrying
out substitutions at four different sites of DHP. GQSAR
model was utilized further for activity prediction of prepared
combinatorial library. The two compounds (EDC and FDC)
having high predicted inhibitory activity and the highest
docking scores against both of the targets were identified as
possessing dual inhibitory properties. We have also provided
mechanistic insights into the binding mode of action of these
leads. The enhanced predicted activity, high binding score,
and the presence of crucial drug like molecular properties
provide substantial evidence for consideration of these com-
pounds as potent dual inhibitors for future prospective of AD
treatment.This information could be of high value for design
and development of novel multitargeted drugs against AD
possessing improved binding properties and low toxicity to
human cells.
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Background. After a decade of microarray technology dominating the field of high-throughput gene expression profiling, the
introduction of RNAseq has revolutionized gene expression research. While RNAseq provides more abundant information than
microarray, its analysis has proved considerably more complicated. To date, no consensus has been reached on the best approach
for RNAseq-based differential expression analysis. Not surprisingly, different studies have drawn different conclusions as to the best
approach to identify differentially expressed genes based upon their own criteria and scenarios considered. Furthermore, the lack
of effective quality control may lead to misleading results interpretation and erroneous conclusions. To solve these aforementioned
problems, we propose a simple yet safe and practical rank-sum approach for RNAseq-based differential gene expression analysis
named MultiRankSeq. MultiRankSeq first performs quality control assessment. For data meeting the quality control criteria,
MultiRankSeq compares the study groups using several of the most commonly applied analytical methods and combines their
results to generate a new rank-sum interpretation. MultiRankSeq provides a unique analysis approach to RNAseq differential
expression analysis. MultiRankSeq is written in R, and it is easily applicable. Detailed graphical and tabular analysis reports can be
generated with a single command line.

1. Introduction

Gene expression refers to the appearance of a characteristic or
effect in the phenotype that can be attributed to a particular
gene.Thedevelopment ofmicroarray technologies has helped
biomedical researchers make significant advances in the
last decade by allowing high-throughput gene expression
screening on all known genes. The introduction of RNAseq
technology further revolutionized the field of gene expression
research with accurate measurements of transcripts instead
of estimating relative measures and with the detection of
structural variants such as splicing and gene fusion. RNAseq
uses next-generation sequencing (NGS) technologies to
sequence cDNA that has been reverse transcribed from
RNA. It is commonly believed to be superior to microarray
technology due to its ability to quantify gene expression at
higher resolution (exon and CDS level) and detect structural
variations. As early as 2008 [1], RNAseq has been hailed
as the eventual replacement of microarray technology, and
since then, multiple studies [2–6] have also illustrated the

advantages of RNAseq and come to similar conclusions by
analyzing real data or through thorough simulation study.

RNAseq technology introduces new and exciting oppor-
tunities to researchers in the field of biomedical research
as well as stiff analysis challenges for bioinformaticians.
The rich genomic information RNAseq technology contains
gives RNAseq the decisive advantage over microarray but
adds complication in the analysis phase. Several unique
characteristics contribute to the difficulty of RNAseq data
analysis. First, in RNAseq, the expression values are usually
directly represented by the number of reads or adjusted
number of reads aligned to a gene. For a nonexpressed gene,
zero reads are aligned to the gene’s genomic span. Because
microarray technology is based on fluorescence intensity,
there is always a nonzero background intensity, allowing
microarray data to be log-transformed. In contrast, due to
the large number of zeros for nonexpressed genes in RNAseq
data (often around 50%), log transformation results in many
invalid mathematical operations. The typical range of an
RNAseq dataset is huge, between 0 and 10,000+ compared
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to microarray’s 2 to 15 after RMA normalization (with log 2
transformation). Because RNAseq’s expression value starts
from 0, large fold change can result from two very small
expression values. For example, the fold change between 0.1
and 0.001 is 100, but both 0.1 and 0.001 should be considered
nonexpressed. In addition, there are many sequencing and
alignment artifact that can skew RNAseq data such as errors
from demultiplexing and alignment ambiguity caused by
highly homologous genomic regions.

These bioinformatic challenges create difficulty for
RNAseq data analysis. In this study, we focus on the
inconsistency of differential expression analyses and the lack
of multiperspective quality control. First and foremost, to
date the research community has yet to come to a consensus
on the best of a multitude of different approaches for
differential gene expression analysis of RNAseq data. The
pioneer of RNAseq differential expression analysis, Cufflinks,
is based on reads per kilobase per million mapped reads
(RPKM) [7] and fragments per kilobase of transcript per
million mapped reads (FPKM) [8]. A similar approach is
RNAseq by expectation-maximization (RSEM) [9]. RPKM,
FPKM, and RSEM can be classified as read normalization-
based methods.

Another type of RNAseq differential gene expression
analysis is based on read count. Many read count-based
methods have been developed includingDESeq [10], DEGseq
[11], edgeR [12], baySeq [13], TSPM [14], NBPSeq [15], SAM-
seq [16], andNOIseq [17]. Since they are dealingwith RNAseq
count data, the majority of them are based on Poisson or neg-
ative binomial distributions. But there are implementation
details that separate them. For example, edgeR moderates
dispersion estimates toward a trended mean, whereas DESeq
takes the maximum of the individual dispersion estimates
and the dispersion-mean trend, and baySeq uses an empirical
Bayes approach assuming a negative binomial distribution of
the data. Several studies [4, 18–21] have attempted to evaluate
different normalization and differential gene comparison
methods for RNAseq data. Although no final conclusion
can be reached, through simulation analysis of real data,
it has been found by multiple sources that DESeq, edgeR,
and baySeq were able to maintain a reasonable false-positive
rate without any loss of power. More recently, nonparametric
approaches, such as SAMseq and NOIseq, were proposed
aiming to overcome limitations of aforementioned paramet-
ric as they can be influenced by “outliers” in the data. In this
paper, we focus on the currently widely applied parametric
methods for RNAseq gene expression analysis, but it is
easy to incorporate other methods including nonparametric
approaches in MultiRankSeq.

In addition to the lack of consensus on the best statistical
method, another issue associated with RNAseq data analysis
is the lack of complete quality control. The majority of high-
throughput sequencing quality control tools were designed
exclusively for rawdata. Previously, we have proposed a three-
stage quality control [22] strategy for exome sequencing
analysis that emphasizes the need to implement quality
control at all stages of exome sequencing processing: rawdata,
alignment, and variant calling. The same idea can be easily
adapted to the three stages of RNAseq analysis as well: raw

data, expression quantification, and differential expression
analysis. There have been several tools designed for RNAseq
quality control such as RNA-SeQC [23] and RSeQC [24].
These tools generally target the raw data and expression
quantification steps by calculating quality control parameters
such as read coverage, and GC bias. However, quality control
on differential expression analysis is often not considered.

In this paper, we propose a multimethod rank-sum
approach for RNAseq expression analysis that combines
multiple RNAseq differential expression analysis packages.
Combining multiple methods of RNAseq data analysis
has been previously suggested. For example, Robles et al.
suggested that using a combination of multiple packages
may overcome the possible bias susceptibility of a given
package to a particular dataset of interest [20]. In another
study by Soneson et al., the authors suggested the use of
transformation-based approaches (the variance stabilizing
transformation provided in the DESeq R package and the
voom transformation from the limma R package) combined
with LIMMA [25], which performed well under many
conditions. In this study, we present a tool, MultiRankSeq,
for RNAseq differential gene expression analysis. This tool
offers rank-sum-based differential gene expression analysis,
comprehensive diagnostic quality control assessment, and
automated graphical reports. The input of MultiRankSeq is
a read-count matrix. MultiRankSeq is implemented in R,
and it is freely available for public use. MultiRankSeq can be
downloaded from https://github.com/slzhao/MultiRankSeq.

2. Materials and Methods

Differential expression analysis can only be conducted
between two phenotypes such as tumor versus normal or
treated versus untreated. The ideal assumption for conduct-
ing differential expression analysis is that gene expression
patterns are similar for samples within the same phenotype
group (i.e., relatively homogeneous). Sometimes, however,
this assumption does not hold true. A sample from one
phenotype group may be more similar to the samples from
the other phenotype groups based merely on expression
profile. Unfortunately, the homogeneity of gene expression
patterns within the same group is not always checked before
conducting differential gene expression analysis. One simple
yet effective way to check this assumption is through cluster
analysis. Clustering refers to the task of grouping together
a set of samples with similar gene expression patterns.
To determine the pairwise sample gene expression pattern
similarity, a similarity or distance measurement must be
employed. In MultiRankSeq, we chose to use Spearman’s
correlation coefficient. Because the input of MultiRankSeq
is read count, Spearman’s correlation coefficient is used as
it is more robust to handle skewness and outliers than a
parametric method. MultiRankSeq performs unsupervised
clustering using all genes to best represent the raw expression
pattern of each sample. Samples clustered outside the true
phenotype group are considered to be misclassified. This
could occur due to sample contamination or other technical
reasons. If the majority of the genes lack variation among
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samples, the cluster may be unrepresentative of the true
phenotype group. To alleviate this, MultiRankSeq performs
additional cluster analyses on read counts filtered by the top
5% and 10% coefficient of variation. In theory, the clustering
should improve as more stringent coefficient of variation
cutoffs is used.

MultiRankSeq performs a gene expression integrity check
by drawing the read count distribution and the normalized
read count distribution. Normalization is done by dividing
each gene’s read count by the total read count of all genes
in this sample. One of the unique optional features offered
by MultiRankSeq is the ability to detect batch effect. Batch
effects can be a problem with RNAseq data [26]. The most
common sequencing failures often occur nonrandomly by
lane, flow cell, run, ormachine.MultiRankSeq recognizes and
records the machine name, run ID, flow cell ID, and lane
ID of an experiment from either the FASTQ file or BAM
file. Based on this information, MultiRankSeq determines
whether batch effect exists using the nonparametric Kruskal-
Wallis [27] test and Fligner-Killeen test of homogeneity of
variances [28]. MultiRankSeq uses boxplots and correlation
matrices to demonstrate the expression variation between
samples.

The idea behindMultiRankSeq’s algorithm for integrating
the results from multiple RNAseq analysis tools is based
on the same analytic principle as the weighted flexible
compound covariate method (WFCCM) [29]. WFCCM was
designed to integrate the findings of multiple analysis meth-
ods (e.g., Kruskal-Wallis test, Fisher’s exact test, permutation
𝑡-test, SAM, WGA, and modified info score) to identify the
most significant gene expression associated with biological
status and thereby allow for class-prediction modeling based
on differential gene expression. In other words, WFCCM
extends the compound covariate method by allowing for
more than one statistical analysis method to be considered in
the covariate and reduces the dimensionality of an analytic
problem by generating a single covariate calculated as a
weighted sum of the class predictors identified as most
important.

Based on previous studies [18–21] and our own evaluation
[30], we selected three methods for MultiRankSeq—DESeq,
edgeR, and baySeq—and combined their algorithms in Mul-
tiRankSeq. The tabular report provided by MultiRankSeq
includes log 2 fold change, raw 𝑃-value, and false discovery
rate (FDR) adjusted 𝑃 value from all three methods except
for baySeq because the Bayesian-based method does not
calculate fold change. We rank the genes based on the raw
𝑃 value rather than FDR-adjusted 𝑃 value because the latter
often has a large number of tied values. The sum of the
rankings from all three methods is reported in the last
column of the tabular report to serve as an overall ranking
of genes. The sum of ranks can be used as a confidence level
of differential expression. The smallest rank sums indicate
differentially expressed genes are consistent among the three
methods.

MultiRankSeq provides concordance analysis of the
results from the three methods and detailed visualizations
using various figures such as Venn diagram, heatmap, and
scalable volcano plot to summarize and illustrate the analysis

results. Venn diagrams demonstrate the logical relations
between the three methods based on parameters such as fold
change, adjusted 𝑃 value, and top ranked genes.The heatmap
is used for visualization of gene expression patterns in a
color scale. The correlation scatter plots depict the general
consistency between the methods. The scalable volcano plot
can help the user visualize the genes based on fold change,
𝑃 value, and ranking simultaneously. The rank of the gene is
reflected by the size of the corresponding dot on the volcano
plot.

3. Result and Discussion

3.1. Results. We demonstrateMultiRankSeq using two exam-
ple datasets from the TCGA breast cancer and performed
analysis using MultiRankSeq V1.1.2. This version of Multi-
RankSeq uses edgeR 3.4.2, DESeq 1.14.0, and baySeq 1.16.0 as
the primary three differential expression analysis packages.
The first example dataset contains RNAseq data from 3
tumors and 3 adjacent normal tissues from same patients
(TCGA-A7-A0D9, TCGA-BH-A0B3, and TCGA-BH-A0BJ).
This example is used to show the MultiRankSeq’s cluster
functionality.

When using unfiltered data, an adjacent normal sample
was clustered with the tumor group (Figure 1(a)). Normally,
we may consider this sample problematic and remove it from
the analysis; however, cluster result using genes with the
top 5% coefficient of variation showed the correct grouping
(Figure 1(b)). The misclassified sample in Figure 1(a) is likely
due to noise caused by genes that lack variation among
samples.Therefore, part of its information can be used for the
analysis instead of completely removing the sample. Figure 2
shows additional quality control matrix produced based on
the example of dataset 1.

The second example dataset also contains RNAseq data
from 3 tumors and 3 adjacent normal tissues from same
patients (TCGA-BH-A0BM, TCGA-BH-A0C0, and TCGA-
BH-A0DK). Using this example, we demonstrate the com-
plete MultiRankSeq’s functionality.

The example result figure produced by MultiRankseq
using this example can be seen in Figure 3. The full HTML
reports ofMultiRankSeq from the example data can be found
at the tool’s hosting website. The complete R command used
to generate the results can be viewed as follows:

library(MultiRankSeq);
#Load the downloaded data into R, and generate
group definition;
Figure 1<read.csv(“TcgaFigure 1.csv”,header=T,row
.names=1,check.names=F);
Figure 3<read.csv(“TcgaFigure 3.csv”,header=T,row
.names=1,check.names=F);
group=c(0,0,0,1,1,1);
#Generate report;
reportF1<-MultiRankSeqReport; (output=“report
Figure 1.html”,rawCounts=TcgaFigure 1, group=
group);
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Figure 1: (a) Cluster result using all genes shows control 1 clustered together with disease group. (b) Cluster results using genes with top 5%
coefficient of variation, control group, and disease group are now clustered correctly.

reportF3<-MultiRankSeqReport; (output=“report
Figure 3.html”,rawCounts=TcgaFigure 3, group=
group).

Even though, majority of the time, DESeq, edgeR, and
baySeq agree with each other, there is still occasional dis-
agreement. This can be demonstrated through the second
example. We observed that when there is a large varia-
tion in the read counts, especially when the homogeneity
assumption seems to be violated, the 3 methods can disagree
with each other significantly. One particular example is
the gene IGHG2 (Table 1). Based on the FDR-adjusted 𝑃
value, only edgeR considered it to be significant. The FDR-
adjusted 𝑃 values were 0.047, 0.28, and 0.91, respectively, for
edgeR, DESeq, and baySeq.We then performed an additional
analysis using Cuffdiff [31]. Cuffdiff agreed with edgeR with
an FDR-adjusted 𝑃 value <0.001. The log 2 fold changes of
IGHG2 produced also spans a large range (from 2.92 to
5.83). After adjusting for the total number of reads, the
variation becomes less obvious with each of the methods
(Table 2). However, in this particular case, edgeR seems to
have performed more effective variation stabilization.

In terms of number of winner genes (adjusted 𝑃 < 0.05)
identified, the three methods differ hugely in example 2

Table 1: Analysis difference for IGHG2.

Method Adjusted 𝑃 value log 2 FC Rank
DESeq 0.278 3.00 2572
edgeR 0.047 2.92 712
baySeq 0.907 NA 24962
Cuffdiff <0.001 5.83 13

(DESeq = 1118, edgeR = 743, and baySeq = 63). We performed
network, pathway, and biological functionality analysis using
ingenuity. The results are split into seven categories: genes
identified by DESeq, edgeR, baySeq, singleton genes that
identified each of the three methods, and overlapped genes
among the three methods. Singleton gene means this gene is
only identified by one method. The top five networks, bio-
logical functionalities, and canonical pathways are reported
(see Table S1 in Supplementary Material available online
at http://dx.doi.org/10.1155/2014/248090). The functionality
results of DESeq and edgeR are similar because they have
large overlap; the results of baySeq are more unique because
of less overlap with other methods.
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Figure 2: (a) Boxplots of gene raw read count. (b) Correlation matrix of all genes between all pairs of samples using raw read count.
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Figure 3: (a) Venn diagram of differential expression analyses by DESeq, edgeR, and baySeq. The Venn diagram can be drawn based on 𝑃
value, fold change, or rank. (b) Scalable volcano plot representing fold change, 𝑃 value, and rank. Rank is presented as the size of the circle,
and larger size denotes higher ranking. (c) Heatmap of top differentially expressed genes. MultiRankSeq produces heatmap based on 𝑃 value,
fold change, and rank; only genes selected by fold change are shown here.
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Table 2: Read count of samples for IGHG2 gene.

Disease 1 Disease 2 Disease 3 Control 1 Control 2 Control 3
Read count (IGHG2) 391 2038 338 634 10282 1764
Total read count 49870084 65550902 71454121 35641084 44863975 49052840
Adjusted read Count1 78 311 47 178 2292 360
1Adjusted read count of gene A is computed as read count of a gene A divided by total read count of the sample times a constant.

3.2. Discussion. Performing traditional comparative statisti-
cal analysis methods such as 𝑡-test or Wilcoxon rank-sum
test requires at least 3 samples for variation to generate
meaningful results. Such limitations also apply to DESeq,
edgeR, and baySeq. Cuffdiff, however, can assign 𝑃 values
even for 1 sample versus 1 sample. In order to do this, it makes
the assumption that similarly expressed genes have similar
variance and the majority of the genes are not differentially
expressed. In many studies, these assumptions will hold true,
but includingmultiple samples in a groupwill always generate
more robust results. The current version of MultiRankSeq
only considers methods based on read count data. However,
it is our goal to incorporate Cuffdiff in the future research.

RNAseq data is difficult to analyze and sometimes
is methodology-dependent as previously discussed. Multi-
RankSeq tackles this problem from a different perspective by
combining ranked results from multiple well-rated RNAseq
analysis methods. This approach brings more confidence to
the selection of truly differentially expressed genes. Another
novelty that MultiRankSeq brings is the bridging of the gap
between quality control and statistical analysis. The report
generated by MultiRankSeq is comprehensive and helps the
user better appreciate the power and complexity of RNAseq
data.MultiRankSeq is based on an intuitive idea of combining
multiple methods yet very practical. Because MultiRankSeq
is designed with user friendliness and flexibility in mind,
additional RNAseq analysis programs can be easily added to
it in the future if needed. In conclusion, MultiRankSeq is a
simple framework of RNAseq data analysis which provides
tremendous convenience and an alternative perspective for
researchers who conduct routine RNAseq analysis.

We do not claim that combining the results of multiple
methods will always produce more accurate result. There are
the scenarios when the minority method is corrected. Thus
combining three methods may still produce false positive
results. However, if multiple methods agree, the probability
of generating the true positive results will most likely to
increase. The goal of MultiRankSeq is to provide the user
with higher confidence to pick a gene that is significantly
differentially expressed with high probability.

Conflict of Interests

The authors declare that there is no conflict of interests
regarding the publication of this paper.

Authors’ Contribution

Yan Guo and Shilin Zhao contributed equally to this paper.

References

[1] J. Shendure, “The beginning of the end formicroarrays?”Nature
Methods, vol. 5, no. 7, pp. 585–587, 2008.

[2] Y. W. Asmann, E. W. Klee, E. A. Thompson et al., “3 tag digital
gene expression profiling of human brain and universal refer-
ence RNA using illumina genome analyzer,” BMC Genomics,
vol. 10, article 531, 2009.

[3] N. Cloonan, A. R. Forrest, G. Kolle et al., “Stem cell transcrip-
tome profiling via massive-scale mRNA sequencing,” Nature
Methods, vol. 5, no. 7, pp. 613–619, 2008.

[4] Y. Guo, Q. Sheng, J. Li, F. Ye, D. C. Samuels, and Y. Shyr, “Large
scale comparison of gene expression levels by microarrays and
RNAseq using TCGA data,” PLoS ONE, vol. 8, no. 8, Article ID
e71462, 2013.

[5] J. C. Marioni, C. E. Mason, S. M. Mane, M. Stephens, and Y.
Gilad, “RNA-seq: an assessment of technical reproducibility and
comparisonwith gene expression arrays,”GenomeResearch, vol.
18, no. 9, pp. 1509–1517, 2008.

[6] Z. Wang, M. Gerstein, and M. Snyder, “RNA-seq: a revolution-
ary tool for transcriptomics,” Nature Reviews Genetics, vol. 10,
no. 1, pp. 57–63, 2009.

[7] A. Mortazavi, B. A. Williams, K. McCue, L. Schaeffer, and B.
Wold, “Mapping and quantifying mammalian transcriptomes
by RNA-seq,” Nature Methods, vol. 5, no. 7, pp. 621–628, 2008.

[8] C. Trapnell, B. A. Williams, G. Pertea et al., “Transcript
assembly and quantification by RNA-seq reveals unannotated
transcripts and isoform switching during cell differentiation,”
Nature Biotechnology, vol. 28, no. 5, pp. 511–515, 2010.

[9] B. Li and C. N. Dewey, “RSEM: accurate transcript quantifica-
tion from RNA-seq data with or without a reference genome,”
BMC Bioinformatics, vol. 12, article 323, 2011.

[10] S. Anders and W. Huber, “Differential expression analysis for
sequence count data,” Genome Biology, vol. 11, no. 10, article
R106, 2010.

[11] L. Wang, Z. Feng, X. Wang, X. Wang, and X. Zhang, “DEGseq:
an R package for identifying differentially expressed genes from
RNA-seq data,” Bioinformatics, vol. 26, no. 1, pp. 136–138, 2009.

[12] M. D. Robinson, D. J. McCarthy, and G. K. Smyth, “edgeR:
a bioconductor package for differential expression analysis of
digital gene expression data,” Bioinformatics, vol. 26, no. 1, pp.
139–140, 2010.

[13] T. J. Hardcastle and K. A. Kelly, “BaySeq: empirical Bayesian
methods for identifying differential expression in sequence
count data,” BMC Bioinformatics, vol. 11, article 422, 2010.

[14] P. L. Auer and R. W. Doerge, “A two-stage poisson model for
testing RNA-seq data,” Statistical Applications in Genetics and
Molecular Biology, vol. 10, no. 1, article 26, 2011.

[15] Y. Di, D. W. Schafer, J. S. Cumbie, and J. H. Chang, “The
NBP negative binomial model for assessing differential gene
expression from RNA-seq,” Statistical Applications in Genetics
and Molecular Biology, vol. 10, no. 1, article 24, 2011.



8 BioMed Research International

[16] J. Li and R. Tibshirani, “Finding consistent patterns: a nonpara-
metric approach for identifying differential expression in RNA-
seq data,” Statistical Methods in Medical Research, vol. 22, no. 5,
pp. 519–536, 2011.
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Background. Design of drug combination cocktails to maximize sensitivity for individual patients presents a challenge in terms
of minimizing the number of experiments to attain the desired objective. The enormous number of possible drug combinations
constrains exhaustive experimentation approaches, and personal variations in genetic diseases restrict the use of prior knowledge
in optimization. Results. We present a stochastic search algorithm that consisted of a parallel experimentation phase followed by a
combination of focused and diversified sequential search. We evaluated our approach on seven synthetic examples; four of them
were evaluated twice with different parameters, and two biological examples of bacterial and lung cancer cell inhibition response
to combination drugs. The performance of our approach as compared to recently proposed adaptive reference update approach
was superior for all the examples considered, achieving an average of 45% reduction in the number of experimental iterations.
Conclusions. As the results illustrate, the proposed diverse stochastic search algorithm can produce optimized combinations in
relatively smaller number of iterative steps.This approach can be combined with available knowledge on the genetic makeup of the
patient to design optimal selection of drug cocktails.

1. Introduction

Biological networks are complex and stochastic by nature.
They are also robust and incorporate redundancy in their
functionality.Thus, from the perspective of intervention, tar-
geting individual proteins or pathways may not be sufficient
for achieving a desirable outcome. For instance, solid tumors
often fail to respond to monotherapy due to redundant
pathways being able to carry on proliferation [1, 2]. Thus,
combination therapy is often considered where multiple
proteins and pathways are targeted to reduce tumor growth
and avoid resistance to therapy [3, 4]. The primary concern
with this approach is the enormous increase in the possible
candidate concentrations that needs to be experimentally
tested. One possible solution can be detailed modeling of
the cellular system and design of the combination therapy
based on analytical optimization and simulation. However,
the kind of detailed model that captures the synergy or
antagonism of drugs at different levels can require enormous

amount of experimentation to infer the model parameters.
Furthermore, this kind of approach may only work for
molecularly targeted drugs where the specific drug targets
are known, but modeling chemotherapeutic drug synergies
can often be difficult. Existing approaches to drug sensitivity
prediction based on genomic signatures often suffer from
low accuracy [5–7]. Thus for generation of optimal drug
cocktails, systematic empirical approaches tested on in-vitro
patient tumor cultures are often considered. Some existing
approaches include (i) systematic screening of combinations
[8–10] which requires numerous test combinations, (ii)
medicinal algorithmic combinatorial screen (MACS) based
on laboratory drug screen for multiple drug combinations
guided by sequential search using a fitness function [11], and
(iii) deterministic and stochastic optimized search algorithms
[12–15]. The systematic search approach should be focused
on locating the global maximum instead of getting stuck in
a local maximum. Furthermore, the optimization algorithm
needs to be effective in search spaces, without existing prior
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knowledge, and easily adaptable to higher dimensional sys-
tems. Since the knowledge of the drug sensitivity distribution
is unknown, the algorithm should be effective over a number
of unrelated search spaces. A common problem related to the
stochastic search algorithms in the literature is the normaliza-
tion issue mentioned in [15]. Some of the search algorithms
like Gur Game require proper normalization of the search
space without having any prior information about it [13]. In
order to overcome this problem, proposed algorithms should
be adaptive to nonnormalized search spaces.

In this paper, we propose a diversified stochastic search
algorithm (termed DSS) that does not require prior nor-
malization of the search space and can find optimum drug
concentrations efficiently. At this point, it is important to
emphasize that the primary objective of the algorithm is to
minimize the number of experimental steps and not the CPU
time. The critical problem is the cost of the experiments that
are necessary to find the most efficient combination, since
the cost of biological experiments is significantly higher than
the cost of computation in terms of time and money. As the
number of biological experiments necessary to find the global
maximum is equal to the number of steps, the objective is
to minimize the experimental steps in order to reduce the
cost of the overall process. With our proposed algorithm,
we significantly decrease the number of steps necessary to
find the maximum.The proposed iterative algorithm is based
on estimating the sensitivity surface and incorporating the
response of previous experimental iterations. By generating
an estimate of the sensitivity distribution based on currently
available response data, we are able to make larger moves in
the search space as compared to smaller steps for gradient
based approaches. The proposed algorithm is composed of
two parts: (a) the first part consists of generating a rudimen-
tary knowledge of the search space, (b) and in the secondpart,
we utilize the crude knowledge of the sensitivity distribution
to run a focused search to locate the exactmaximums or run a
diverse search to gather further information on the sensitivity
distribution.

For comparing the accuracy of our proposed approach,
we compare the performance of our algorithm to the recently
proposed adaptive reference update (ARU) [15] algorithm
which has been shown to outperform earlier stochastic search
approaches for drug cocktail generation [13, 14]. We consider
seven diverse example functions that represent possible drug
interaction surfaces and also test our algorithm on two exper-
imentally generated synergistic drug combinations. Even
though our algorithm is not constrained to discretized drug
levels, we have considered discretized drug concentration
levels for our examples to be able to compare our results
with previous studies. The results illustrate that the proposed
algorithm is more efficient than the ARU algorithm for
all the considered drug response surfaces. We also present
a theoretical analysis of the proposed search algorithm to
explain the algorithm performance.

The paper is organized as follows: the Results section con-
tains the detailed performance analysis for the 9 examples,
and 4 of them were analyzed for 2 different parameter sets;
the Discussion section includes the theoretical analysis of the
algorithm along with conclusions; and the search algorithm

along with the surface estimation algorithm are presented in
theMethods section.

2. Results

In this section, we present the performance of our proposed
algorithm for nine different examples. The numbers of drugs
considered in the examples are 2, 3, 4, and 5 with 21, 11, 11,
and 11 discretized concentration levels, respectively, resulting
in search space sizes of 212, 113, 114, and 115 for the
synthetic examples and search grid sizes of 92 and 102 for
the experimentally generated examples with two drugs and
number of discretization levels of 9 and 10. As mentioned
earlier, our results are compared with the latest stochastic
search algorithm for drug cocktail generation (termed ARU
algorithm) [15] which was shown to outperform earlier
approaches [13, 14]. Similar to comparisons in [15], two
parameters are primarily considered (a) Cost: average num-
ber of steps required to reach within 95% of the maximum
sensitivity and (b) Success Rate: percentage of times that the
search algorithm reaches 95% of the maximum sensitivity
within a fixed number of steps. The details of the exam-
ple functions, search parameters, and performance of our
approach and ARU approach are shown in supplementary
Tables 1–9 (see Supplementary Material available online at
http://dx.doi.org/10.1155/2014/873436). Each table contains
the problem dimensions, intervals, grid points, algorithmic
parameters, and the performance comparison in terms of
success percentage and average number of iterations (termed
score) for our proposed approach and ARU. Two of the pre-
sented examples are based on experimentally generated data.
(i) Supplementary Table 8 reports the results for bacterial (S.
aureus) inhibition response for the drugs Trimethoprim and
Sulfamethoxazole that has a synergistic effect as shown in
[10]. The data surface is shown in supplementary Table 10.
(ii) Supplementary Table 9 considers lung cancer inhibition
response using the drugs Pentamidine and Chlorpromazine
[16]. Both of these compounds have moderate antiprolifera-
tive activities on their own in-vitro in A549 lung carcinoma
cells. But neither pentamidine (an antiprotozoal agent) nor
chlorpromazine (an antipsychotic agent) is used clinically as
a cancer drug. On the other hand, because of the synergy
between them, they can prevent the growth of A549 lung
carcinoma cells; in addition to that, in proper concentrations,
combination is more effective than some of the commonly
used cancer drugs. The data surface is shown in supplemen-
tary Table 11. The performance of our approach as compared
to ARU algorithm for the nine examples is summarized in
Table 1.The results indicate that we achieve 100% success rate
for all nine examples (thirteen different evaluations), whereas
ARUhas slightly lower success rate in 2 of these examples.The
primary benefit of our approach is the lower average number
of iterations to reach within 95% of the maximum sensitivity.
For all the examples considered, we require significantly
lower average number of iterations to reach within 95%
of the maximum. Note that the standard deviation of the
number of iterations required to reach within 95% of the
maximum is relatively small as compared to the difference
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Table 1: Summary of the results for seven synthetic and two experiment based examples. The table illustrates that the cost for our proposed
algorithm is significantly lower than theARUalgorithm [15]which has been shown to be efficient than other existing algorithms. Furthermore,
the success rate for our algorithm is also better than the ARU algorithm.

Number of points with
≥ 0.95 × Maxefficacy

Search
grid size

ARU
[15] cost

ARU [15]
Success Rate DSS cost DSS STD DSS worst

case
DSS Success

Rate
Initial LHC

points
Synthetic examples

2 DeJong 2 212 46.2 99% 16.0 7.99 48 100% 5
3a 4 113 74 100% 24.7 11.73 72 100% 10
3b 1 113 79.4 100% 52.9 32.20 149 100% 10
4a 1 114 136.8 100% 65.3 14.11 106 100% 40
4a 1 114 136.8 100% 50.7 21.81 159 100% 10
4b 12 114 91.6 100% 52.7 8.80 85 100% 40
4b 12 114 91.6 100% 28.3 9.17 57 100% 10
5a 4 115 80.6 100% 79.3 23.25 157 100% 40
5a 4 115 80.6 100% 61.8 27.58 176 100% 10
5b 8 115 216.8 100% 159.5 90.51 402 100% 40
5b 8 115 216.8 100% 194.2 150.15 647 100% 10

Experiment based examples
Bacterial
inhibition [10] 34 92 4.8 100% 1.85 0.78 3 100% 3

Lung cancer [16] 7 102 12.4 98% 5.97 4.74 23 100% 3

in average iterations between ARU and DSS. For instance,
the first example in 2 dimensions requires an average of 16
iterations for our proposed approach as compared to 46.2
iterations for ARU approach. The standard deviation (𝜎) in
100 runs of DSS algorithm is 7.99 and thus the difference in
the mean runs between DSS and ARU is more than 3.7𝜎. The
ARU algorithm has earlier been shown to outperform other
existing algorithms such as Gurgame and its variants. Please
refer to Tables 1 and 2 of [15] for the detailed comparison
results of ARU with Gurgame. This strongly illustrates that
the proposed algorithm is able to generate high sensitivity
drug combinations in lower number of average iterations
than existing approaches.

To further illustrate the significance of the proposed
approach, let us consider one of the experimental example
results. The experimental data on lung cancer contains the
sensitivity for 102 = 100 drug concentration combinations
where each drug is assumed to have one of 10 discrete con-
centrations. This data has been utilized to study the efficacy
of the proposed algorithm. For instance, an exhaustive search
approach will experimentally test the sensitivity of each of
these 100 concentrations and select the one with the highest
sensitivity and thus it will require 100 experimental steps.
On the other hand, the stochastic search algorithms such as
ARU and proposed DSS will start with random drug con-
centration combinations and try to sequentially select drug
concentrations that will provide an improved knowledge of
the sensitivity surface over these two drugs. As Table 1 shows,
ARU will require an average of 12.4 sequential steps to reach
a drug combination that has sensitivity within 95% of the
maximum sensitivity, whereas the proposed DSS will require
an average of 5.97 sequential steps to reach within 95% of
the maximum sensitivity. Thus, DSS will reach within 95% of
the maximum sensitivity on an average of 5.97 experimental

steps, whereas ARU will require 12.4 experimental steps
and exhaustive search will require 100 experimental steps.
Note that since ARU and DSS are stochastic approaches,
the number of sequential steps required can vary with each
experimental run and the numbers 12.4 and 5.97 represent
the mean of multiple experimental runs. The experimental
data has been used here to provide the sensitivities for specific
drug concentrations requested by the algorithms.

For analyzing the behavior of our algorithm during the
iteration process, we analyzed the minimal distance of the
optimal point(s) from theDSS selected points. Let us consider
𝑛 drugs and 0 to 𝑇 discretization levels for each drug. Figure 1
represents the minimum 𝐿

1
distance of the points selected

for experimentation to any of the optimal point(s) for the
synthetic Example 6 (the simulation details are included in
supplementary Table 6) with two different parameter sets
(the number of initial points is 40 and 10, resp.) for 100
repeated experiments. Note that 𝑛 = 4 and 𝑇 = 10 for
the example and thus the maximum possible 𝐿

1
distance is

40. The number of optimal points for this example is 1. The
red vertical line represents the value of 𝑚 which is 40 and
10, respectively, for two different solutions of this example.
The black vertical line represents the average number of
iterations required to reach an optimal point for the specific
response function. The cyan vertical dotted line represents
the worst situation out of 100 different runs. The average
minimum distance of the experimental points to the optimal
point is shown in green in Figure 2. The solid blue line
represents the analytically calculated expected minimum 𝐿

1

distance. The theoretical analysis of the minimum distance
is included in Section 3. Note that there is a change in
the shape of the blue curve after the end of Step 1 (iter-
ation 40 for Figure 2(a) and iteration 10 for Figure 2(b)).
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Figure 1: Minimum distance to optimal points for function f4a.We simulate the f4a function (see Supplementary Table 6) 100 times with two
different LHC numbers. First figure represents the simulation with LHC equal to 40 and second figure represents the simulation LHC equal
to 10.The analyzed function has 1 optimal point. The blue line represents the minimum norm 1 distance between the optimal points and DSS
selected points. The red vertical line represents the end of Step 1, that is, Latin Hypercube Numbers, which is equal to 40th iteration in first
simulation set and 10th iteration in the second simulation set; and the black vertical dotted line represents the average value of iterations (cost
of proposed algorithm) required to find one of the points with ≥ 0.95 × Maxefficacy (equal to 79.25). The cyan vertical dotted line represents
the worst situation out of 100 different runs.
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Figure 2: Simulation average and theoretical expected minimum distance to optimal points for function f4a (Supplementary Table 6). The
blue line represents the theoretical values for 𝐿

1
distance and the dashed blue lines represent the error margins (𝜇 ± 𝜎) for the analytically

calculated values for Step 1 of the iteration. First figure represents the simulation with LHC equal to 40 and second figure represents the
simulation LHC equal to 10. The red vertical line represents the end of Step 1, that is, Latin Hypercube Numbers, which is equal to 40th
iteration; and the black vertical line represents the average value of iterations (cost of proposed algorithm) required to find one of the points
with ≥ 0.95 × Maxefficacy. The perpendicular cyan line represents the worst situation out of 100 different runs.

The dotted blue curve denotes the analytically calculated 𝜇 ±
𝜎 where 𝜇 and 𝜎 denote the mean and standard deviation
for the minimum distance. Figures 1 and 2 illustrate that
the minimum distance of the selected points to the optimal
points decreases with successive iteration and closelymatches
the analytical predictions.

3. Discussion

In this section, we provide a generalized analysis of the
proposed search algorithm followed by conclusions and
future research directions.

3.1. Theoretical Analysis. In this subsection, we will attempt
to theoretically analyze the distance of the point with the

global sensitivity maximum from the points that are tested
by the proposed algorithm. We will consider that each drug
is discretized from 0 to 𝑇 levels and that we are considering
𝑛 drugs. Thus, any drug cocktail can be represented by a
𝑛 length vector 𝑉 = {𝑉(1), 𝑉(2), . . . , 𝑉(𝑛)}, where 𝑉(𝑖) ∈
{0, 1, 2, . . . , 𝑇} for 𝑖 ∈ {0, 1, . . . , 𝑛}. Thus, the search space
of drug cocktails (denoted by Ω) is of size (𝑇 + 1)𝑛 and
represents points in an 𝑛-dimensional hypercube of length
𝑇. Let 𝑉max denote the drug cocktail with the maximum
sensitivity among the (𝑇 + 1)𝑛 points. The mapping from the
drug cocktail to sensitivity will be denoted by the function
𝑓 : Ω → [0 1]; that is, the maximum sensitivity will be
given by 𝑓(𝑉max). We will assume that if the distance of the
test point (𝑉) from the point with the globalmaximum (𝑉max)
is small, the sensitivity will be close to the global maximum;
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Figure 3: Distribution of random variable 𝑅
1
(denoting 𝐿

1
distance

from optimal point) for 𝑇 = 10 and different values of 𝑛.

that is, a small |𝑉max − 𝑉| will imply a small |𝑓(𝑉max) − 𝑓(𝑉)|.
We will primarily analyze the 𝐿

1
norm of |𝑉max − 𝑉|.

Note that |𝑉max − 𝑉|
1

= ∑
𝑛

𝑖=1
|𝑉max(𝑖) − 𝑉(𝑖)|. The first 𝑚

points in our algorithm are chosen randomly in the search
space and thus we will consider that 𝑉(𝑖) has a uniform
distribution between 0 and 𝑇. 𝑉max can also be situated in
any portion of the search space and thus we will consider
𝑉max to have a uniform distribution between 0 and 𝑇. Thus,
the probability mass function of the random variable 𝑍 =
𝑉(𝑖) − 𝑉max(𝑖) will be given by

𝑓
𝑍

(𝑧) =
{
{
{

𝑇 + 1 − |𝑧|

(𝑇 + 1)2
𝑧 = {−𝑇, −𝑇 + 1, . . . , 𝑇 − 1, 𝑇}

0 otherwise.
(1)

Subsequently, the PMF of the random variable 𝑊 = |𝑍|
will be given by

𝑓
𝑊

(𝑤) =

{{{{{
{{{{{
{

2 (𝑇 + 1 − 𝑤)

(𝑇 + 1)2
𝑤 = {0, . . . , 𝑇 − 1, 𝑇}

1

𝑇 + 1
𝑤 = 0

0 otherwise.

(2)

The random variable 𝑅
1
denoting the 𝐿

1
norm |𝑉max −

𝑉|
1

= ∑
𝑛

𝑖=1
|𝑉max(𝑖) − 𝑉(𝑖)| will be a sum of 𝑛 random

variables with PMF given by (2).The distribution for the sum
of any two random variables consists of the convolution of
the individual distributions of the randomvariables.Thus, the
probability distribution of 𝑅

1
can be calculated by convolving

𝑓
𝑊

𝑛 times. The distribution of 𝑅
1
for 𝑇 = 10 and 𝑛 =

{1, . . . , 15} is shown in Figure 3.
At the beginning of our algorithm, we are selecting 𝑚

points in random. Thus, the nearest neighbor distance from
the optimal point will be given by the random variable𝑅

2
that

denotes the minimum of 𝑚 random variables 𝑋
1
, 𝑋
2
, . . . , 𝑋

𝑚

selected independently based on the distribution of 𝑅
1
. Thus,

Table 2: Expectation and variance of the minimum distances from
the optimal point for various values of 𝑛, 𝑇, and 𝑚.

n T m Mean Variance
5 5 20 4.15 1.77
5 5 40 3.42 1.29
5 5 60 3.04 1.09
10 5 20 11.35 4.29
10 5 40 10.20 3.32
10 5 60 9.59 2.90
15 5 20 19.16 6.88
15 5 40 17.69 5.43
15 5 60 16.92 4.79
5 10 20 8.15 5.25
5 10 40 6.86 3.71
5 10 60 6.21 3.06
10 10 20 21.75 13.35
10 10 40 19.70 10.21
10 10 60 18.62 8.83
15 10 20 36.45 21.76
15 10 40 33.83 17.02
15 10 60 32.45 14.94
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Figure 4:Distribution of randomvariable𝑅
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(denoting theminimal

𝐿
1
distance from the optimal point for 𝑚 = 40) for 𝑇 = 10 and

different values of 𝑛.

the cumulative distribution function (CDF) of 𝑅
2
is given by

[17]

𝑃 (𝑅
2

≤ 𝑥) = 1 − 𝑃 (𝑋
1

> 𝑥, . . . , 𝑋
𝑚

> 𝑥)

= 1 − 𝑃 (𝑋
1

> 𝑥) ∗ ⋅ ⋅ ⋅ ∗ 𝑃 (𝑋
𝑚

> 𝑥)

= 1 − (1 − CDF
𝑅
1

(𝑥))
𝑚

.

(3)

The PMF of 𝑅
2
given by PMF

𝑅
2

(𝑥) = CDF
𝑅
2

(𝑥) −
CDF
𝑅
2

(𝑥 − 1) for 𝑖 = 1, 2, . . . 𝑛𝑇 and PMF
𝑅
2

(0) = CDF
𝑅
2

(0) is
shown in Figure 4.

For example, the expected minimum distance from the
optimal point for 𝑚 = 40, 𝑇 = 10 is 6.86 for 𝑛 = 5. The
mean 𝜇(𝑛, 𝑇, 𝑚) and variance 𝜎(𝑛, 𝑇, 𝑚)2 of the minimum
distance from the optimal point for different values of 𝑛, 𝑇,
and 𝑚 are shown in Table 2. Note that if there are 𝑘 optimal
points in diverse locations, themean 𝜇

𝑘
(𝑛, 𝑇, 𝑚) and variance
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𝜎
𝑘
(𝑛, 𝑇, 𝑚)2 of the minimum distance of the selected points

from any of the optimal points are given by 𝜇
𝑘
(𝑛, 𝑇, 𝑚) =

𝜇(𝑛, 𝑇, 𝑘 ∗ 𝑚) and 𝜎
𝑘
(𝑛, 𝑇, 𝑚)2 = 𝜎(𝑛, 𝑇, 𝑘 ∗ 𝑚)2. This

is because when there are 𝑘 optimal points, the minimum
distance will consist of the minimum of 𝑚 × 𝑘 distances
(𝑚 distances from each optimal point). If there are multiple
optimal points in one hill with small distances between each
other, they will be considered as one single optimal point for
the minimum distance analysis.

As Table 2 shows, the 𝐿
1
distance will increase with

increasing 𝑛 and 𝑇 and following Step 1 of the algorithm, our
point with highest experimental sensitivity may not be close
to the optimal point but rather may belong to another hill
with a local optima. However, based on the nearest neighbor
𝐿
1
distances, we would expect to have at least one point close

to the optimal point in the top 𝑘 optimal points. Thus, if
we keep selecting 𝜌 points for further experimentation from
around the top 𝑘 experimental points sequentially, we expect
that on an average 𝜌

1
= 𝜌/𝑘 points will be selected around the

optimal point.
Consider that the 𝐿

1
distance from the optimal point was

given by the random variable 𝑅
2
and if a point is selected

randomly between the experimental point and the randomly
selected point, the subsequent nearest neighbor distance from
the optimal point will be given by the random variable 𝑅

3
=

𝑅
2

∗ 𝐺
1
, where 𝐺

1
is a uniform random variable between 0

and 1. The distance in each dimension will be reduced by a
number selected based on a uniform random variable, and
consequently, we will approximate the 𝐿

1
distance (sum of 𝑛

such distances) to be reduced by a number selected based on
a uniform random variable. Thus, after 𝜌

1
points have been

selected sequentially around the optimal point, the distance
to the optimal point will be given by the random variable
𝑅
𝜌
1

= 𝑅
2

∗ 𝐺
1

∗ 𝐺
2

∗ ⋅ ⋅ ⋅ ∗ 𝐺
𝜌
1

. The probability distribution
function of the multiplication of 𝜌

1
random variables with

uniform distribution between [0, 1] is given by [18]

𝑓
𝐺
1
∗⋅⋅⋅∗𝐺

𝜌1

(𝑥) =
(ln (1/𝑥))𝑛−1

(𝑛 − 1)!
. (4)

Thus, if the expected distance from the optimal point after
the initial selection of 𝑚 points is 𝐷 and we select 𝜌

1
points

sequentially between the optimal point and its current nearest
neighbor, the expected nearest neighbor distance from the
optimal point will be 𝐷/2𝜌1 .

As an example, if 𝑛 = 10, 𝑇 = 10, and 𝑚 = 40, we have
𝐷 = 19.7 from Table 2. The expected 𝐿

1
distance from the

optimal point at the end of 40 + 20 = 60 iterative steps
will be 19.7/26 = 0.3078 assuming a single hill and a 0.3
probability for the focused search (path 𝑎 of Step 2 of the
algorithm). Based on the focused search probability, at the
end of 60 iterations, we expect to have (60 − 40) ∗ 0.3 = 6
points selected around the optimal point.

3.2. Conclusions. In this paper, we proposed a diverse
stochastic search (DSS) algorithm that consisted of a parallel
and sequential phase that outperformed existing efficient
algorithms for drug cocktail generations on nine different
examples (thirteen different evaluations). Our results show

that the DSS algorithm is more efficient than the previous
algorithms in terms of decreasing the number of experiments
required to generate the optimum drug combination (i.e.,
cost of the algorithm) which in turn reduces the total cost
of the drug combination search process in terms of time
and money. Note that the primary costs in each sequential
biological experimental step are in personnel effort to prepare
the drug combination and the time involved to generate the
combination drug response and thus the goal is to reduce
the number of sequential steps. One of the limitations of the
current approach is the computational complexity when the
number of drugs (𝑛) is large. The proposed method is suit-
able for selection of optimal drug concentrations when the
number of candidate drugs has been reduced from hundreds
to around ten. A number of approaches can be applied to
achieve the selection of candidate drugs. For instance, an
application of a drug screen to measure cell viability of the
tumor culture can be utilized to narrow down the drugs to be
included in a combination drug cocktail [19, 20]. Note that
algorithms [19, 20] are convenient for selecting the small set
of drugs for combination therapy but not for deciding on
the optimal drug concentrations of the selected drugs. For
possible clinical application, available genetic information
can be utilized to narrow down the possible drugs to be tested
and the proposed DSS algorithm can be applied to tumor
cell cultures to generate the optimal concentrations of the
drugs. In this paper, we also presented a theoretical analysis of
the search based on minimum distance between the optimal
point and the DSS selected points. Future research directions
will consider incorporating the cost of drug application in the
optimization process and the effect of data extractionnoise on
the search algorithm. The cost will be a measure of toxicity
or side effects of the drug combination. One approach to
incorporate the cost can consist of changing the sensitivity
surface by negating the cost from the sensitivity. The cost
can be simplified to be proportional to the linear addition
of the individual drug concentrations. Another approach for
incorporating the cost entails restricting the search space by
limiting the search to areas that have cost lower than a toxicity
threshold.

4. Methods

In this section, we present the search algorithm along with
the surface mapping algorithm based on currently available
information. Finally, we discuss the reasoning behind the
selection of the algorithm related parameters.

4.1. The Search Algorithm. The primary objective of the
search algorithm is to locate the global maximum in mini-
mum number of iteration steps. Numerous approaches can
be considered for this purpose and our proposed method
is based on a combination of stochastic and deterministic
approaches. We expect that the efficiency in terms of average
number of iteration steps can be increased by large jumps
over the search space rather than using traditional step-by-
step gradient descent approach. Our algorithm consists of
two parts: an initial parallel part and a subsequent iterative
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segment. The objective of the initial part is to generate a
rudimentary idea of the search space. The objective of the
iteration part is twofold: (a) it tries to find the exactmaximum
using the currently available knowledge and (b) it searches
the space further to add new knowledge, that is, it attempts
to find new hills that the previous iterations could not locate.

Step-by-step schema of the search algorithm is described
as follows.

Step 1. Generation of Latin Hypercube Numbers (LHNs)

(1) In this step, 𝑚 points in the given grid are selected
for drug response experiments. We first generate 𝑚
points in the continuous search space based on LHN
generation approachwith the criterion ofmaximizing
the minimum distance between these points. This
approach assists in distributing the points homoge-
neously in the search space such that the maximum
possible distance between a given target point and
the nearest point whose coordinates are represented
by LHN will be minimum. Consequently, we map
these points to the nearest grid points and term
these mapped points as approximate Latin hypercube
points. We considered this continuous-discrete grid
mapping to compare our results with the previous
studies that utilized a grid structure for the search
space.

(2) In this step, experiments are conducted to determine
the efficiency of the𝑚 drug combinations determined
by the approximate Latin hypercube points.

Step 2. Iterative Segment

(1) Normalize the experimental drug efficacy results to
numbers between 0 and 1.Then the (𝑛 − 1)th power of
the normalized drug efficacies are considered where
𝑛 denotes the number of drugs. The power step
emphasizes the hills of the distribution and the value
𝑛 − 1 is termed as Power used for the inputs.

(2) Estimate the drug efficacies of the unknown grid
points using the sensitivity surface estimation algo-
rithm.The details of the surface estimation algorithm
are explained in subsequent sections. At the end of
this procedure, we have estimates for the efficacies
of each and every point on the search grid. The grid
points are classified into two groups: known points
from experimental data and estimated points based
on interpolation and extrapolation.

(3) Decide the objective of the iteration step based on a
probabilistic approach. For our case, the algorithm
follows path a to find the exact maximum based on
previous knowledge with a 0.3 probability and follows
path b with a 0.7 probability to explore the search
space with a diversified approach.

(4) Path a (Focused Search)

(a) The main idea of the focused search is to
experimentally search the estimatedmaximums

generated following the surface estimationmap-
ping. The algorithm also tries to avoid focusing
on an individual local maximum by exploring
geographically apart multiple estimated local
maximums. To achieve this purpose, we employ
a tracking algorithm to label the local maxi-
mums and avoid prolonged emphasis on indi-
vidual maximum points. The individual steps
of the Focused Search part are described as
follows.

(b) Sort the grid sensitivities (both experimental
and estimated sensitivities) fromhigher to lower
sensitivity values.

(c) Check if the location corresponding to the
highest sensitivity is an experimental point or
an estimated point. If it is an estimated point,
generate the experimental sensitivity for this
grid location.

(d) If the highest sensitivity point is an experimental
point, check the second highest point. If the
second highest point is an estimated point,
generate the experimental value for this grid
location.

(e) If the second highest point is also an experimen-
tal point, generate the gradient from the second
highest point based on the mapped surface. If
the upward path from the second highest point
leads up to the highest point, label both the
points as 1, which implies that they belong to the
same hill. Otherwise, label the highest point as
1 and label the second highest point as 2, which
indicates that they belong to different hills.

(f) Repeat this procedure till an estimated point
is located. Meanwhile, keep labeling the exper-
imental points with respect to the hill they
belong to and the order of the point on the hill
(ex: 3rd highest point in hill 2, etc.).

(g) If a hill’s highest 𝜉 points are experimental
points, then label the hill as discovered, which
indicates that we have enough information on
this hill and collecting information on other
hills might be more beneficial.

(h) If the search continues till 1% of grid points
without finding a suitable candidate for exper-
imentation, halt the search. Locate all the con-
sidered points that are inside a sphere of volume
1/500 of the whole search space with center
being the highest sensitivity point. Assign a
value of “0” for the sensitivities of all points
inside this sphere. (Maintain the record of their
actual values in another place). Then go to the
beginning of Step 2.

(5) Path b (Diverse Search)

(a) The aim of the diverse search is to explore the
space to locate new possible candidate hills that
were not discovered in the previous searches.
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(b) Assume that the surface generated by the exper-
imental and estimated points is a probability
distribution function (PDF).

(c) Generate points by sampling this distribution.
For the generation process, we use the Gibbs
sampling algorithm.The number of points gen-
erated by the Gibbs algorithm is termed as
Number of points to generate the Gibbs sampling.
Since the points are generated from sampling
the PDF, the points are denser around the hills
and less dense at locations where the efficacy
estimate is close to 0.

(d) Randomly select one of the generated points as
the candidate point and generate its sensitivity
experimentally.

4.2. Sensitivity Surface Estimation Algorithm. The sensitivity
surface estimation algorithm used for our approach is estab-
lished on the 𝑛 dimensional application of the penalized least
square regression analysis based on discrete cosine transform
(LS-DTC) proposed by Garcia [21, 22]. The code is generated
to compute missing values in data sets. The estimation algo-
rithm contains a parameter 𝑠, termed as smoothing parameter
that determines the smoothness of the output. For our case,
the smoothness parameter is adjusted to a small value so
that the result of surface estimation goes through the actual
experimental points. The core of the algorithm is based on
minimizing the equation 𝐹(𝑦) = 𝑤𝑅𝑆𝑆 + 𝑠 ∗ 𝑃(𝑦), where
wRSS corresponds to weighted residual sum of squares and
𝑃 is the penalty function related to the smoothness of the
output. wRSS can be written explicitly as ‖𝑊1/2 ⋅ (𝑦 − 𝑦)‖

2

,
where 𝑦 represents the actual data with missing values and 𝑦
provides the estimate of the data without any missing values.
𝑊 is a diagonal matrix, whose entries represent the reliability
of the points and can take values between 0 and 1. For our
case, the missing values represent unknown points and are
assigned a value of 0 and the experimental points are reliable
points which are assigned a value of 1. The solution to 𝑦
that minimizes 𝐹(𝑦) can be generated based on an iterative
process starting from an arbitrary initial point 𝑦

0
.

4.3. Choice of Parameters. The implementation of the pro-
posed algorithm includes several parameters that can affect
the performance of the search process. In this subsection,
we present the guiding principles behind the selection of the
parameters based on the dimensionality and the total number
of grid points in the search space.

4.3.1. Latin Hypercube Numbers (LHNs). Denote the number
of points that will be tested in Step 1 of the algorithm.
These points are supposed to provide an initial estimate
of the search space. Based on simulations and theoretical
analysis, we observe that increasing the number of LHNs
provides limited benefit in terms of reaching the maximum
sensitivity combination after a certain point. On the other
hand, keeping this number too low will cause the program
to start the second step with limited knowledge and to search
low sensitivity locations. Thus, there is an optimum number

of Latin hypercube numbers to maximize the benefit of the
algorithm. Although this optimum number depends on the
search space; our simulations for 4 surfaces with two different
LHNs (10 and 40) illustrate that the proposed algorithm
provides better results than ARU algorithm for a fairly large
interval of LHNs.

4.3.2. Latin Hypercube Iterations. The Latin hypercube num-
bers are distributed homogeneously through an iterative
algorithm. The iterations maximize the minimum distance
between the points. It is desirable to have a higher number
of iterations, but after a point, the benefits of increasing
the iterations become negligible. For our simulations, we
selected a threshold point following which the increase in the
maximumminimum distance is negligible.

4.3.3. Number of Iterations to Generate the Sensitivity Surface
Estimate. This parameter is related to sensitivity surface esti-
mation algorithmanddescribes the number of iterations used
to find a smooth surface passing through the given points in
high dimensional space. A higher value for this parameter
will provide a smoothed surface (that still passes through the
experimental points) butwill carry a high computational time
cost. Furthermore, the benefits of increasing the iterations
become negligible after a threshold and the output surface
becomes more stable. For our examples, we have fixed this
number to 100.

4.3.4. Probability of Focused Search. Denote the probability
that the search algorithm follows 𝑝𝑎𝑡ℎ 𝑎. 𝑃𝑎𝑡ℎ 𝑎 attempts
to discover the exact local maximum of a hill, and 𝑝𝑎𝑡ℎ 𝑏
attempts to learn new hills. For all our simulations, this
parameter has been assigned a value of 0.3.

4.3.5. Power Used by Inputs. This parameter attempts to
emphasize the hills. After normalizing the experimental
points, we take the (𝑛 − 1)th power of the values so that
the high peaks are emphasized as compared to dips or grid
points with average values in the estimated surface. Thus, the
probability of point selection around hills is increased during
the Gibbs sampling process.

4.3.6. Number of Points Generated by the Gibbs Sampling.
This parameter describes the number of points generated
by the Gibbs sampling in 𝑝𝑎𝑡ℎ 𝑏 of Step 2 of the algorithm.
More points provide a better representation of the estimated
surface. After a level, the number of points is sufficient
to represent the probability distribution and the benefits
of increasing the iterations become negligible. We achieve
better sampling by increasing this parameter. This parameter
is required to be large for problems in higher dimensions
or problems containing a huge number of grid points. For
our examples, if the number of grid points is below 7500,
this parameter has been assigned a value equal to twice the
number of grid points. Otherwise, we have fixed the number
of the Gibbs sampling points to 15,000.

4.3.7. Clustering Related Parameters. The clustering concept
is introduced to avoid the search being stuck in one dominant
hill.
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4.3.8. Cluster Threshold 𝜉. This denotes the maximum num-
ber of experimental points in an individual hill. Further
exploration of the hill is paused once this value is reached.
For our examples, if the number of drugs (dimensions) 𝑛 is
less than 5, 𝜉 is assigned a value of 2𝑛 − 1. Otherwise, the
parameter is fixed at 7.

4.3.9. Cluster Break. This parameter denotes the maximum
number of high efficacy point estimates in a single hill. If this
condition is reached, we assign a value of 0 sensitivity for
points around the known top of the hill. This parameter is
considered to be around 1% of the total grid points.

4.3.10. Cluster Distance. This parameter represents the radius
of the sphere around the hill top for which any grid point
within the sphere is assigned a value of 0. The Cluster
Distance is selected such that the volume of the sphere is
0.2% of the total volume. The parameter considers that the
algorithm has no knowledge of the hills that are narrower
than the 0.2% of the total search space.
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Biomedical Named Entity Recognition (BNER), which extracts important entities such as genes and proteins, is a crucial step of
natural language processing in the biomedical domain. Various machine learning-based approaches have been applied to BNER
tasks and showed good performance. In this paper, we systematically investigated three different types of word representation (WR)
features for BNER, including clustering-based representation, distributional representation, and word embeddings. We selected
one algorithm from each of the three types of WR features and applied them to the JNLPBA and BioCreAtIvE II BNER tasks. Our
results showed that all the three WR algorithms were beneficial to machine learning-based BNER systems. Moreover, combining
these different types of WR features further improved BNER performance, indicating that they are complementary to each other.
By combining all the three types of WR features, the improvements in 𝐹-measure on the BioCreAtIvE II GM and JNLPBA corpora
were 3.75% and 1.39%, respectively, when compared with the systems using baseline features. To the best of our knowledge, this is
the first study to systematically evaluate the effect of three different types of WR features for BNER tasks.

1. Introduction

Biomedical Named Entity Recognition (BNER), which
extracts important biomedical concepts such as genes and
proteins, is a crucial step of natural language processing
(NLP) in the biomedical domain. Because of the complexity
of biomedical nomenclature, BNER has been a challenging
task. First, the same biomedical named entities can be
expressed in various forms. For example, gene names often
contain alphabets, digits, hyphens, and other characters,
thus having many variants (e.g., “HIV-1 enhancer” versus
“HIV 1 enhancer”).Moreover, many abbreviations (e.g., “IL2”
for “Interleukin 2”) have been used for biomedical named
entities. Sometimes, the same entity can have very different
aliases (e.g., “PTEN” and “MMAC1” refer to the same gene)
[1]. Another challenge of BNER is the ambiguity problem.
The same word or phrase can refer to more than one type of
entities or does not refer to an entity depending on context
(e.g., “TNF alpha” can refer to a protein or DNA). All these

phenomena make the named entity recognition (NER) task
in the biomedical domain more difficult than that in open
domains such as newswire.

Considerable efforts have been devoted to BNER
research, including some shared-task challenges, such as
JNLPBA (Joint Workshop on Natural Language Processing
in Biomedicine and its Applications) in 2004 [2] and
BioCreAtIvE (Critical Assessment for Information Extrac-
tion in Biology Challenge) II GM (genemention) in 2007 [3].
Different methods have been developed for BNER, mainly
falling into three categories: (1) dictionary-based methods
[4]; (2) rule-based methods [5, 6]; and (3) machine learning-
based approaches [7]. Among them, machine learning-based
methods have demonstrated their advantage and showed
better performance than the other two categories of methods
when a large annotated corpus is available. For example,
all the systems in the JNLPBA challenge used one or more
machine learning algorithms and greatly outperformed the
dictionary-based baseline system [2].
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Various machine learning algorithms have been used
in BNER, including hidden Markov models (HMM) [8, 9],
maximum entropy Markov models (MEMM) [10, 11], con-
ditional random fields (CRF) [12, 13], and support vector
machines (SVM) [14, 15]. Among them, CRF have been
recognized as a reliable, high-performance algorithm for
different BNER-shared tasks [12, 16, 17]. Another important
aspect for machine learning-based BNER approaches is
features used for building the classification models. Current
BNER systems often use different types of linguistic features
including morphological, syntactic, semantic information
of words, and domain-specific features from biomedical
terminologies such as BioThesaurus [18] and UMLS (Unified
Medical Language System) [19]. More recently, there is an
interest in using new features from unlabeled corpora to
improve machine learning-based NER systems. One of the
most representative techniques is word representation (WR)
[20], which uses unsupervised learning algorithms to gener-
ate word-level back-off features from an unlabeled corpus.
Those WR features could contain latent syntactic/semantic
information of a word. Currently, only very few studies have
applied WR features to BNER tasks. For example, Kuksa and
Qi investigated the effect of distributedWR features for BNER
and their evaluation using BioCreativeII GM corpus showed
a significant improvement when adding these features [21].

A large number of techniques have been proposed to
extract WR features, such as hyperspace analogue to lan-
guage (HAL) [22], LSA (latent semantic analysis) [23], latent
Dirichlet allocation (LDA) [24], random indexing (RI) [25],
canonical correlation analysis (CCA) [26], Brown clustering
[27], and neural language models [28–32]. According to a
review by Turian et al. [20], WR features can be divided into
three categories: (1) clustering-based methods such as Brown
clustering [27]; (2) distributional representations, such as
LSA [23], LDA [24], and random indexing [25]; and (3) word
embeddings (also called distributed representations), such as
neural language models [28]. Recently, WR techniques have
been widely used to improve variousmachine learning-based
NLP tasks, such as part-of-speech (POS), chunking, andNER
in newswire domain [20], and entity recognition in clinical
text [33–35]. Word embeddings have also been applied to
the biomedical domain and showed improvement on entity
recognition in biomedical literature [21]. Nevertheless, the
contribution of different types of WR features to BNER has
not been extensively investigated yet.

The goal of this study is to systematically evaluate three
types ofWR features, as well as their combinations, on BNER
tasks. We selected one algorithm from each of the three
types of WR features and applied them to the JNLPBA and
BioCreAtIvE II BNER tasks. Our results showed that all the
three WR algorithms were beneficial to machine learning-
based BNER systems. Moreover, these different WR features
were also complementary to each other. By combining all the
three types of WR features, the improvements in F-measure
on the BioCreAtIvE II GM and JNLPBA corpora were 3.75%
and 1.39%, respectively, when compared with the systems
using baseline features. To the best of our knowledge, this
is the first study to systematically evaluate the effect of three
different types of WR features for BNER tasks.

2. Materials and Methods

2.1. Data Sets. Our experiments were conducted on the
BioCreAtIvE II GM corpus and JNLPBA corpus.The BioCre-
AtIvE II GM corpus consists of 20,000 sentences (15,000
sentences for training and 5,000 sentences for test) from
MEDLINE citations, where gene/protein names were man-
ually annotated. The JNLPBA corpus consists of 22,402
sentences fromMEDLINE (18,546 sentences for training and
3,856 for test), where five categories of entities (protein, DNA,
RNA, cell line, and cell type) were manually annotated. Table
1 shows the counts of different types of entities in two corpora.
Sentences are pretokenized in the JNLPBA but not in the
BioCreAtIvE II GM corpus. In our experiments, we used
GENIA tagger (http://www.nactem.ac.uk/GENIA/tagger/) to
perform tokenization for the BioCreAtIvE II GM corpus.

2.2. Machine Learning Algorithm. Given the tokenized text,
the NER task can be modeled as a sequence labeling problem
by assigning each token to a label to determinate the bound-
aries of named entities, such as B = beginning of an entity, I
= inside an entity, and O = outside of an entity (see examples
in Table 2). In this study, we used conditional random fields
(CRF), a probabilistic undirected graphical model, for two
BNER tasks. CRF have been widely used in NER tasks in
various domains including biomedicine and have shown the
state-of-the-art performance. For example, almost all top-
ranked teams in BioCreAtIvE II GM and JNLPBA challenges
utilized CRF [2, 3].

2.3. Features. In this study, we included four types of features:
one set of basic features such as bag-of-word and part-of-
speech (POS) and three types of WR features. Although any
unlabeled MEDLINE corpus can be used to generate WR
features, in this study, we treated the BioCreAtIvE II GM
and JNLPBA corpora as unlabeled collections to generate
WR features. Details of each type of features are described as
follows.

2.3.1. Basic Features. Basic features include stemmed words
in a context window of [−2, 2], including unigrams, bigrams,
and trigrams. Porter stemming algorithm was used to extract
the stem of each normalized word. In addition, we also
added part-of-speech (POS) tags of words in the same
window as features. POS tagging was done by GENIA tagger
(http://www.nactem.ac.uk/GENIA/tagger/).

2.3.2. Clustering-Based WR. The clustering-based WR
induces clusters over words in an unlabeled corpus and repre-
sents a word by cluster(s) it belongs to. The idea is that words
that are semantically/syntactically similar tend to be in the
same or close clusters. Similar to [34], we adopted the Brown
clustering algorithm [27] (https://github.com/percyliang/
brown-cluster/), a hierarchical clustering algorithm. We ran
the Brown clustering algorithm and generated hierarchical
clusters of all the words in each corpus, represented by a
binary tree, whose leaf nodes are all the words. Figure 1
shows a fragment of a hierarchical cluster containing 7
words from the JNLPBA corpus. The numbers in the squares
(e.g., 00) represent the subpaths starting from the root of
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Table 1: Counts of different types of entities in two corpora used in this study.

Corpus BioCreAtIvE II GM JNLPBA
Gene/protein Total Protein DNA RNA Cell line Cell type Total

Training 18,265 18,265 30,269 9,534 951 3,830 6,718 51,301
Test 6,331 6,331 5,067 1,056 118 500 1,921 8,662

Table 2: Examples of named entities represented by BIO labels. The first sentence comes from the JNLPBA corpus and the second sentence
comes from the BioCreAtIvE II GM corpus.

Example 1 Token IL-2 gene expression and NF-kappa B activation ⋅ ⋅ ⋅

Label B-DNA I-DNA O O B-protein I-protein O ⋅ ⋅ ⋅

Example 2 Token Comparison with alkaline phosphatases and 5 — nucleotidase
Label O O B-GM I-GM O B-GM I-GM I-GM

000: “of ”

00

001

0010 001010: for

0011 00110: “in”

00100

00101

001000: with 

001001: between 

001011: “to,” “method” 

0

1 0

1

0

1

1

1
0

0
1

· · ·

Figure 1: A hierarchical structure fragment generated by Brown
clustering for 7 words from the JNLPBA corpus.

the cluster encoded with a binary sequence, and words that
share more similar subpaths are semantically closer. In our
experiments, all subpaths from the root to a word (i.e., a leaf
node) were used as its features. For example, the following
features were extracted for the word “for” (001010): {“0,” “00,”
“001,” “0010,” “00101,” and “001010”}. The number of clusters
for running Brown clustering algorithm was selected from
the set of {50, 100, 200, 500, 1000, and 2000}. The optimized
cluster numbers were 500 and 200 on the BioCreAtIvE II
GM and JNLPBA corpora, respectively.

2.3.3. Distributional WR. The distributional WR is a word
cooccurrence-based approach to latent semantics, which uses
statistical approximations to reduce a word cooccurrence
matrix of high dimensionality to a latent semantic matrix of
low dimensionality. Then, a semantic thesaurus can be con-
structed from the semantic matrix by computing similarities
of each word pair or clusters by clustering algorithms. Finally,
a word can be represented by other words in the semantic
thesaurus or cluster(s) it belongs to. In this study, we reduced
dimension of cooccurrence matrix using random indexing
[25] and then built a semantic thesaurus using cosine func-
tion for semantic similarity computing. Finally, a word was
represented by its nearest semantic words (with similarity)
in the semantic thesaurus. Table 3 shows a fragment of the
semantic thesaurus of 3 words in the JNLPBA corpus. The
word in the first row of each column (e.g., “zymosan-tr”) is
a word in the corpus, and other words in the same column
(e.g., “interferon-tr”) are words in the semantic thesaurus,

sorted by semantic similarity score (e.g., “0.276595744681”).
In our experiments, each word was represented by 𝑁-
nearest semantic words, where 𝑁 was selected from the set
of {5, 10, 20, and 50}. The optimized 𝑁s were 10 and 50
on the BioCreAtIvE II GM and JNLPBA corpora, respec-
tively. For example, the following features were extracted
for the word “zymosan-tr”: {“interferon-tr”: 0.276595744681,
“jak-1-defici”: 0.243902439024, “p388”: 0.236842105263, “ald-
induc”: 0.228571428571, and “alpha-prolif ”: 0.22}.

2.3.4. Word Embeddings. Word embeddings (also called dis-
tributed word representations) induce a real valued latent
syntactic/semantic vector for each word from large unlabeled
corpus by continuous space language models. A word can
be directly represented by its vector and similar words are
likely to have similar vectors. In our experiments, we adopted
the method in [32] (https://code.google.com/p/word2vec/),
a neural network language model to generate word embed-
dings (shown in Table 4).The dimension of each word vector
was selected from the set of {50, 100, 200, and 300}. The
optimized dimensions of each word vector were 50 and 100
on the BioCreAtIvE II GM and JNLPBA corpora, respect-
ively.

2.4. Experiments and Evaluation. In this study, we started
with a baseline system that adopted basic features such as
bag-of-word and POS mentioned in the previous section.
Then, we evaluated the effect of three types of WR features:
clustering-based, distributional word representations, and
word embeddings, by adding each of them individually to the
baseline system. Furthermore, we evaluated different combi-
nations of three types of WR features. All WR features were
derived from the entire unlabeled corpora of BioCreAtIvE II
GM and JNLPBA.

We used CRFsuite (http://www.chokkan.org/software/
crfsuite/) as an implementation of CRF and optimized its
parameters on the training set of each corpus by 10-fold
crossvalidation. The optimum number for each type of WR
features was also determined during 10-fold crossvalidation.
The performance of different approaches was evaluated using
the test set of each corpus and reported as standard precision,
recall and 𝐹-measure, calculated using the official evaluation
tool provided by the organizers of the two challenges [2, 3].
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Table 3: A fragment of the semantic thesaurus of 3 words in the JNLPBA corpus, after running random indexing.

zymosan-tr zymogen ym268
interferon-tr: 0.276595744681
jak-l-defici: 0.243902439024
p388: 0.236842105263
ald-induc: 0.228571428571
alpha-prolif: 0.22
⋅ ⋅ ⋅

monocyte/b-cell-specif: 0.359477124183
tubulointerstitium: 0.314720812183
c-fms: 0.284768211921
simplest: 0.282608695652
isotype-specif: 0.277777777778
⋅ ⋅ ⋅

jak-l: 0.272425249169
forskolin: 0.272388059701
nf-a 1: 0.265560165975
icp0: 0.261467889908
betal: 0.25
⋅ ⋅ ⋅

Table 4: Word embeddings of 4 words in the JNLPBA corpus. Each number denotes the feature value in a latent semantic/syntactic space.

the: 0.067476 −0.017934 0.036855 0.348073 0.063362 −0.138005 −0.144527 −0.014324 0.161269 0.152643 . . .
of: 0.067905 −0.074922 0.012121 0.050542 0.327945 0.098191 −0.087244 0.194758 0.218592 −0.115941 . . .
gene: −0.254542 0.100417 −0.124032 0.084818 −0.279409 0.081752 −0.378949 −0.068434 −0.050847 0.142284 . . .
transcript: −0.157966 −0.303626 0.010010 −0.081133 −0.111763 −0.088829 −0.160671 0.185505 0.097515 −0.014036 . . .

3. Results

Table 5 shows the performance of CRF-based BNER ap-
proaches on the test sets of BioCreAtIvE II GM and JNLPBA
corpora, when three different types of WR features were
added individually or in combination. As shown in the
table, each individual type of WR features improved the
performance of BNER systems. When the clustering-based,
distributional, and word embedding WR features were indi-
vidually added to the basic features, the 𝐹-measures were
improved by 2.1%, 2.86%, and 1.53% on the BioCreAtIvE II
GM corpus and by 1.2%, 0.55%, and 0.49% on the JNLPBA
corpus, respectively. Different types of WR features seemed
to be complementary to each other. BNER systems with any
two types of WR features outperformed these with a single
type of WR features. For example, when both clustering-
based and distributional WR features were used, the 𝐹-
measures were improved by 3.38% on the BioCreAtIvE II GM
corpus (versus improvements of 2.1% and 2.86% when either
clustering-based or distributional WR features were added
to the baseline) and 1.38% on the JNLPBA corpus (versus
improvements of 1.2% and 0.55% when either clustering-
based or distributional WR features were individually added
to the baseline). When all three types of WR features were
used, the BNER systems achieved the best performance on
both the BioCreAtIvE II GM and JNLPBA corpora, with the
highest 𝐹-measures of 80.96% and 71.39% (improvements of
3.75% and 1.39% compared to the baseline), respectively.

4. Discussion

In this paper, we investigated the effect of three types
of WR features, including clustering-based representation,
distributional representation, and word embeddings, on
machine learning-based BNER systems. Evaluation on both
the BioCreAtIvE II GM and JNLPBA corpora showed that
each type of WR features was beneficial to the CRF-based
BNER systems, with an 𝐹-measure improvement ranging
from 0.49% to 2.86%. Moreover, our results also demon-
strated that combining different types of WR features further
improved BNER performance, indicating that these different

types of WR features were complementary to each other. All
these findings provide valuable insight into efficient use of
WR features in BNER tasks.

Another interesting finding is that the improvements by
different WR features varied among different corpora. For
example, the distributional WR features achieved the highest
improvement on the BioCreAtIvE II GM corpus (i.e., 2.86%
in 𝐹-measure), while it was the clustering-based features
that achieved the highest improvement on the JNLPBA
corpus (i.e., 1.2% in 𝐹-measure). We also noticed that the
performance gain by WR features was mainly from higher
recalls, because unsupervised word representation features
could help detectmore entities that do not appear in the train-
ing data set. For example, the “Baseline+WR1+WR2+WR3”
system detected additional 476 entities (288 entities were
correct) on the JNLPBA corpus, when compared with the
“Baseline” system.

To compare our system with other state-of-the-art BNER
systems, we further included additional features to our best
systems, including word shape, prefixes, suffixes, ortho-
graphic features, and morphological features, all of which
were widely used in previously developed BNER systems [9].
The best 𝐹-measures with all the features were 85.83% and
72.74% on the BioCreAtIvE II GM and JNLPBA corpora,
respectively. As expected, WR features were still helpful,
though the improvements by WR features were much less
(0.2% and 0.3% 𝐹-measures, resp.) when all other features
were used. Anyway, these results are competitive; for exam-
ple, the 𝐹-measure on the JNLPBA corpus (72.74%) was
higher than the best system in the JNLPBA 2004 challenge.
However, our system’s performance on BioCreAtIvE II GM
was still not as good as others such as [3, 18, 36, 37].Themain
reason is that those systems used extensive domain knowl-
edge, ensemble approaches, or postprocessing modules. We
believe that adding WR features to these existing systems
would further improve their performance.

This study has limitations. For each type of WR features,
only one algorithm was implemented and evaluated. It is
worth investigating other algorithms in each type of WR fea-
tures, which is one of our futureworks. In addition, we treated
the annotated corpora as unlabeled data sets to generate WR
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Table 5: Performance of CRF-based BNER systems when different types of WR features were used.

System BioCreAtIvE II GM (%) JNLPBA (%)
Precision Recall 𝐹-measure Precision Recall 𝐹-measure

Baseline 87.31 69.20 77.21 71.37 68.68 70.00
Baseline + WR1 86.55 73.18 79.31 70.96 71.44 71.20
Baseline + WR2 87.34 73.91 80.07 71.59 69.55 70.55
Baseline + WR3 86.56 72.22 78.74 71.11 69.88 70.49
Baseline + WR1 +WR2 86.56 75.39 80.59 70.99 71.77 71.38
Baseline + WR1 +WR3 85.77 74.65 79.82 70.77 71.87 71.31
Baseline + WR2 +WR3 87.03 74.90 80.51 71.19 70.41 70.80
Baseline + WR1 +WR2 +WR3 86.54 76.05 80.96 70.78 72.00 71.39
∗WR1, WR2, and WR3 denote three different types of word representation features: clustering-based, distributional, and word embeddings features, respect-
ively.

features. In reality, we could generate WR features from a
much larger unlabeled corpus such asMEDLINE, whichmay
achieve even higher performance.

5. Conclusions

In this study, we investigated the use of three different types of
WR features in biomedical entity recognition. Our evaluation
on the BioCreAtIvE II GM and JNLPBA corpora showed that
not only individual types of WR features were beneficial to
BNER tasks but also different types of WR features could
be combined and further improve the performance of BNER
systems.
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MicroRNAs (miRNAs) are small, noncoding regulatory molecules. They are involved in many essential biological processes
and act by suppressing gene expression. The present work reports an integrative analysis of miRNA-mRNA and miRNA-
miRNA interactions and their regulatory patterns using high-throughput miRNA and mRNA datasets. Aberrantly expressed
miRNA and mRNA profiles were obtained based on fold change analysis, and qRT-PCR was used for further validation of
deregulated miRNAs. miRNAs and target mRNAs were found to show various expression patterns. miRNA-miRNA interactions
and clustered/homologous miRNAs were also found to contribute to the flexible and selective regulatory network. Interacting
miRNAs (e.g., miRNA-103a and miR-103b) showed more pronounced differences in expression, which suggests the potential
“restricted interaction” in themiRNAworld. miRNAs from the same gene clusters (e.g., miR-23b gene cluster) or gene families (e.g.,
miR-10 gene family) always showed the same types of deregulation patterns, although they sometimes differed in expression levels.
These clustered and homologous miRNAs may have close functional relationships, which may indicate collaborative interactions
between miRNAs. The integrative analysis of miRNA-mRNA based on biological characteristics of miRNA will further enrich
miRNA study.

1. Introduction

MicroRNAs (miRNAs) are small (∼22 nts) endogenous non-
coding RNAs (ncRNAs).They havemany biological roles and
act by negatively regulating mRNA expression at the post-
transcriptional level [1–3]. They suppress gene expression via
interaction with their target messenger RNAs (mRNAs) and
either block the translation process or initiate cleavage.These
small regulators have important roles in multiple essential
biological processes, including cell differentiation and apop-
tosis [4]. They are also involved in pathological processes
and contribute to occurrence and the development of some
cancers [5–7]. Abnormal expression of the small ncRNAsmay
lead to cell death or abnormal cell phenotypes via miRNA-
mRNA interactions [8]. Specifically, abnormally expressed
miRNAs have been shown to be crucial contributors andmay
serve as biomarkers in many human diseases.

Bioinformatics analysis indicates that a specific miRNA
can regulate expression of up to thousand mRNAs through

miRNA-mRNA association, and a specific mRNA can be
regulated by multiple miRNAs. miRNAs may also be regu-
lated as potential targets in vivo [9]. The flexible regulatory
pattern should exist between the two coding (mRNA) and
noncoding (miRNA) RNA molecules. Numerous reports
have shown that miRNA-mRNA interaction is more complex
than we had believed, and a series of studies have been
performed to predict miRNA-mRNA modules and correla-
tion networks using miRNA and mRNA expression profiles
[10–13]. miRNA-miRNA interactions can also be observed
between natural sense and antisense miRNAs [14–18]. These
miRNAs alwaysmore pronounced divergences in expression,
because they may complementarily bind and restrict each
other. ManymiRNAs are not randomly distributed but rather
clustered on chromosomes and cotranscribed as a single
polycistronic transcript [19, 20]. Some of these clustered
miRNAs can be considered homologous miRNAs (members
of the same miRNA gene family). Their sequences are more
similar to each other than those of other miRNAs. This is
especially true of miRNAs with conserved seed sequences
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(nucleotides 2–8) [21]. These miRNA gene clusters and gene
families always have close functional relationships and coreg-
ulate or coordinately regulate multiple biological processes
[22–24].

Integrative analyses that are based on miRNA-mRNA
interactions always aim to develop algorithms or tools [25,
26]. Few studies have addressed the biological characteristics
of miRNA in miRNA-mRNA interactions. For example,
miRNAs are prone to cluster on the chromosomes, some
miRNAs show more sequence similarity than others, and
a single miRNA locus can yield a cluster of isomiRs with
various 5 and 3 ends and length distributions [23, 27, 28]. In
the present study, an integrative analysis of miRNA-mRNA
was performed based on miRNA and mRNA expression
profiles in human HepG2 and L02 cells by applying high-
throughput techniques. HepG2 cells are human hepatoma
cell lines, and they are a suitablemodel to study occurrence of
development of humanhepatocellular carcinoma in vitro. L02
is the normal human liver cell line, which is always used as
control cell lines ofHepG2 cells.Thepurpose of this studywas
to improve understanding of miRNA-mRNA interactions in
regulatory networks. The patterns of expression of potential
miRNA-miRNA pairs were also analyzed comprehensively,
and the patterns of expression of miRNAs with potential
functional relationships, including members of the same
miRNA gene clusters and gene families, were surveyed.

2. Materials and Methods

2.1. miRNA andmRNAProfiling Using High-Throughput Tech-
niques. HepG2 and L02 cells were obtained from the
American Type Tissue Collection. miRNA expression
profiles were generated from Illumina Genome Analyzer IIx,
and then analyzed using Novoalign software (http://www
.novocraft.com/, v2.07011) based on the latest known
human pre-miRNAs in the miRBase database (Release 19.0,
http://www.mirbase.org/) [29]. To further understand
expression patterns of target mRNAs of miRNAs, mRNA
expression profiles were assessed using microarray hybri-
dization. Hybridization was performed in Agilent’s SureHyb
Hybridization Chambers (Human LncRNA Array v2.0,
8 × 60K, Arraystar).

2.2. Data Analysis. Aberrantly expressed miRNAs and
mRNAs in HepG2 cells were surveyed and identified via fold
change analysis. To filter out rare species with lower levels
of relative expression, fold change values were estimated
by adding additional units (10 units). A detailed flow chart
showing the integrative analysis of miRNA-mRNA is given in
Figure 1. The main steps were as follows: (1) Abnormal miR-
NAs and mRNAs were first surveyed through bioinformatics
analysis. miRNA expression analysis was also performed at
the isomiR level, including the different selections of isomiRs
(the most abundant isomiR, sum of all isomiRs, and the
canonical miRNA sequence) [28]. (2) Several deregulated
miRNAs were further experimentally validated using qRT-
PCR. (3) The potential expression and functional relation-
ships among miRNAs were evaluated through analysis of the
patterns of expression of clustered and homologous miRNAs

based on miRNA gene clusters and families. miRNA-miRNA
pairs with potential interactions were also screened and
analyzed. (4) GO/pathway terms were enriched based on
deregulated mRNAs and the target mRNAs of miRNAs, and
miRNA-mRNA regulatory patterns were predicted based on
expression profiles.

The experimentally validated target mRNAs of those
abnormal miRNAs were obtained from the miRTarBase
and Tarbase databases [30]. Common target mRNAs were
subjected to functional enrichment analysis using Capi-
talBio Molecule Annotation System V4.0 and compared
to abnormally expressed mRNA profiles from microarray
datasets (MAS, http://bioinfo.capitalbio.com/mas3/). GOand
pathway analyses were used to determine the biological
roles of deregulated miRNA and mRNA species. Poten-
tial miRNA-mRNA and miRNA-miRNA interactions and
miRNA/mRNA expression profiles were used to construct
functional interaction networks using Cytoscape v2.8.2 Plat-
form [31].

2.3. qRT-PCR Validation. Abnormal miRNAs were further
validated using quantitative real-time reverse transcription
PCR (qRT-PCR) using SYBR premix Ex Taq (Takara, Japan).
Samples were amplified using the Mastercycler ep realplex2
system (Eppendorf, Hamburg, Germany). qPCR was per-
formed using specifically designed primers and used to
detect hsa-miR-15b/103a/106b (Bulge-Loop miRNA qRT-
PCRPrimer Set, RiboBio, Guangzhou, China), andU6 served
as an internal control. The relative amount of each miRNA
was measured using the 2(−ΔΔCT) method [32]. All qRT-
PCR reactions were carried out in triplicate, and data were
presented as the mean ± standard deviation. The two-tailed
Student’s 𝑡 test was used to compare the expression difference
between tumor and normal cells.

3. Results

3.1. Overview of miRNA/mRNA Expression Profiles and Fur-
ther Experimental Validation. Upregulated and downregu-
lated miRNAs/mRNAs were identified using the fold change
values (log 2) based on the control sample. Many miRNAs
and mRNAs were found to be differentially expressed (see
Figure S1 in the Supplementary Material available online
at http://dx.doi.org/10.1155/2014/907420). miRNA expression
patterns were further analyzed at the isomiR level. Fold
change values were found to diverge based on the dif-
ferent selections of isomiRs (the most abundant isomiR,
sum of all isomiRs, and the canonical miRNA sequence)
(Figure 2(a)). Differences in fold change values rarely affected
the selection of deregulated miRNA species. The canonical
or annotated miRNA sequences were not always the most
dominant species in the miRNA locus. They had even lower
levels of expression. The qRT-PCR primers used here were
designed according to the canonical miRNA sequences in the
miRBase database (Release 19.0, http://www.mirbase.org/)
[29]. For this reason, in order to further validate deregulated
miRNAs using qRT-PCR technique, we randomly selected
several abnormally expressed miRNAs (miR-15b, miR-103a,
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Figure 2: (a) miRNA expression analysis and (b) and further qRT-PCR validation. (a) The fold change values (log 2) differ in the variety
of miRNA sequences involved. “The-most” indicates the most abundant and dominant isomiR sequence. “All-isomiRs” indicates sum of
all isomiRs. “The-canonical” indicates the reference miRNA sequence in the miRBase database. The canonical miRNA sequence may be
consistent or inconsistent with the most abundant isomiR sequence. Different methods of estimation may produce different fold change
values (log 2), but they always show consistent deregulation patterns. (b) Further RT-PCR validation is performed for miR-15b, miR-103a,
and miR-106b, and the experimental results show consistent deregulation patterns. “∗” indicates that the 𝑃 value is less than 0.05.

and miR-106b; their canonical miRNA sequences were the
most abundant isomiRs) for further experimental validation
(Figure 2). Bioinformatic analysis showed that miR-103a and
miR-106b were upregulated in tumor cells, while miR-15b
was identified as downregulated species (Figure 2(a)). As
expected, qRT-PCR experimental validation showed consis-
tent results (Figure 2(b)).

3.2. Expression Patterns of miRNA-miRNA Pairs and miRNA
Gene Clusters and Families. The expression patterns of
miRNA-miRNA pairs that can form miRNA-miRNA
duplexes were also analyzed [18]. Eight miRNA-miRNA
pairs were found to be abundantly expressed in HepG2 or
L02 cells. Expression analysis showed one member of each
natural miRNA-miRNA pair to be abundantly expressed
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Table 1: Differences in expression between natural sense and antisense miRNAs.

miRNA/miRNA The most abundant isomiR Sum of all isomiRs The canonical miRNA
HepG2 L02 HepG2 L02 HepG2 L02

103a/103b 9232/— 1833/— 10639/— 2525/— 9232/— 1833/—
122/3591 163/— 938/— 837/— 3550/— 10/— 17/—
203/3545 —/— 216/— —/— 705/— —/— 12/—
24/3074 787/2 14998/— 6618/3 29094/— 3592/— 1597/—
423-5p/3184-3p 1208/— 3159/— 1882/— 5790/— 1208/— 3159/—
423-3p/3184-5p 981/— 5036/1 1934/— 8290/1 981/— 5036/—
7-5p/3529-3p 1132/— 939/— 1931/— 2397/— 238/— 386/—
374b-5p/374c-3p 137/— 67/— 318/— 203/— 137/— 67/—
Based on the different methods of estimation, the most abundant isomiR, sum of all isomiRs, and the canonical miRNA, relative expression levels of these pairs
of miRNA pairs were determined. They are presented here using normalized data. One member of each pair was always far more abundantly expressed than
the other. “—” indicates an undetectable miRNA.
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Figure 3: Examples of (a) deregulated miRNA gene clusters and (b) gene families. (a) Clustered and (b) homologous miRNAs are always
consistently upregulated or downregulated in tumor cells, although they can differ in fold change values (log 2) and relative expression levels.
miRNAs shown here to have zero change (such asmiR-25) are not detected or did not show significant differences between tumor and normal
cells.

and the other to be quite rare (Table 1). For example, the
miR-103a/miR-103b pairs showed a pronounced difference
in the degree of expression: miR-103a was abundantly
expressed (normalized sequence count was more than 9,232
in tumor cells), and miR-103b was not detected. Pronounced
differences in degree of expression were quite common
between these two members of each miRNA-miRNA pair
(Table 1).

The expression patterns of miRNAs that might have
potential functional relationships were also analyzed. Clus-
tered and homologous miRNAs always showed consistent
patterns of deregulation (Figure 3), although they could differ
in relative level of expression, sometimes showing large
differences. These differences in expression may have led to
the various fold change values observed between these related
miRNAmembers (Figure 3). For example, the miRNA in the
miR-23b gene cluster were downregulated, showing similar
fold change values, and those of the miR-106b gene cluster
showed highly different fold change values (Figure 3(a)).

3.3. Expression and Regulatory Patterns of miRNAs/mRNAs
and Functional Enrichment Analysis. Although each aber-
rantly expressed miRNA can negatively regulate target
mRNAs via miRNA-mRNA association, their potential tar-
gets always show dramatically different expression pat-
terns (Figure 4). Common target mRNAs might be detected
between different deregulated miRNAs, even between upreg-
ulated and downregulated miRNAs (according to validated
miRNA-mRNA interaction, E2F3 can be negatively regu-
lated by upregulatedmiR-106b and downregulatedmiR-125b,
Figure 4). Targets of miRNAs of the same gene clusters and
families also showed complex expression patterns, although
these related miRNAs were downregulated in tumor cells
(Figure 4(b)).These homologous and clusteredmiRNAswere
always simultaneously upregulated or downregulated. They
might negatively target the same mRNAs (Figure 4(b)).

Functional enrichment analysis based on the deregulated
targetmRNAs suggestedmultiple biological roles (Figures S2,
S3, and S4).Theywere found to contribute tomany biological
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Figure 4: Examples of flexible and selective regulatory network between miRNAs and mRNAs. (a) Selected overexpressed (miR-103a,
miR-106b, and miR-194) and underexpressed (miR-15b, miR-100, and miR-125b) miRNAs are used to reconstruct the regulatory network.
Their experimentally validated target mRNAs show various expression patterns: some are stably expressed, and others are upregulated or
downregulated. Overexpressed miRNAs and mRNAs are here highlighted in red octagons and ellipse, respectively, and underexpressed
miRNAs and mRNAs are highlighted in green octagon and ellipse, respectively. Grey ellipses indicate stably expressed mRNAs and mRNAs
are not detected in the present study.The targets common to differentmiRNAs are highlighted in blue rectangles. (b) Selected underexpressed
miRNA gene clusters (miR-23b and let-7a-1) and gene families (miR-23 andmiR-27) also show complex regulatory networks.These clustered
and homologous members are consistently downregulated in tumor cells, and their validated targets show various expression patterns.
miRNAs in the let-7a-1 gene cluster are also members of the let-7 gene family.The targets common to these miRNAs have shown upregulated,
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processes, such as the cell cycle, calcium signaling pathway,
p53 signaling pathway, and T cell receptor signaling pathway.
These aberrantly expressed mRNA species are also involved
in some human diseases, including pancreatic cancer, renal
cell carcinoma, prostate cancer, and colorectal cancer.

4. Discussion

In the study, integrative analysis of miRNA-mRNA is per-
formed using biological characteristic of miRNAs, and
miRNA-miRNA interaction is simultaneously analyzed based
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on the relationships between different miRNAs (Figure 1).
Compared to other algorithms or tools of miRNA-mRNA
analysis [25, 26], the approach aims to track miRNA-mRNA
and miRNA-miRNA interactions based on characteristic of
miRNAs. Specifically, (1) miRNAs are prone to detected
homologous miRNAs with higher level of sequence simi-
larity, (2) miRNAs are prone to cluster together with close
physical distance, (3) some miRNAs are located on sense
and antisense strands of specific genomic regions, and (4)
miRNA locus can generate multiple isomiRs with various
sequences and expression levels, and so forth. Although these
specific features of miRNAs have been widely concerned
in miRNA study, they are rarely mentioned or involved
in miRNA-mRNA analysis. Indeed, many miRNAs coordi-
nately contribute to biological processes, and one specific
biological pathway will involved in a series of mRNAs
and regulatory miRNAs. Therefore, it is quite necessary
to study miRNA-mRNA interactions using characteristic of
miRNAs, especially homologous and/or clustered miRNAs
are prone to have functional relationships. More importantly,
the canonical or annotated miRNA sequence is only one
specific member of the multiple isomiRs, and the study at
the isomiR level will enrich miRNA study. IsomiR expression
patterns contribute to tracking pre-miRNA processing and
miRNA maturation processes and understanding regulatory
network at the isomiR levels.

According to the integrative analysismethod, firstly, aber-
rantly expressed miRNA and mRNA profiles were collected
based on fold change analysis. To further validate these
deregulated miRNA species, several deregulated miRNAs
that had been experimentally validated using qRT-PCR
were randomly selected. As expected, qRT-PCR experiments
showed results consistent with those of bioinformatic analysis
(Figure 2). As in other reports, miR-103a, and miR-106b were
overexpressed in hepatocellular carcinoma (HCC) and served
as important negative regulators [33, 34]. However, miR-15b
was found to be upregulated [35].The overexpression ofmiR-
15b may restrict cell proliferation and increase the rate of
cellular apoptosis, and abundant expression may indicate a
low risk of HCC recurrence [36]. The dynamic expression of
miR-15b may play multiple biological roles in tumorigenesis.

Many reports have shown that multiple isomiRs (miRNA
variants) can be detected at the same miRNA locus. This
is due to imprecise and alternative cleavage of Drosha and
Dicer [23, 27, 28]. According to three different methods of
estimation methods, the most abundant isomiR, the sum
of all isomiRs, and the canonical miRNA, the phenomenon
of the multiple miRNA variants may influence the relative
expression levels and lead to various fold change values
(Figure 2(a)) [24, 28]. This is mainly because of differences
among isomiR repertoires and expression patterns, although
they are always well conserved across different tissues and
animal species [28, 37, 38]. Differences in isomiR expression
profiles may play a role in occurrence and development of
disease [28]. Generally, consistent deregulatedmiRNAs could
be identified using different methods of estimation methods,
even if they have different fold change values (Figure 2(a)).
However, if abnormal miRNA expression profiles are col-
lected using the typical methods of analysis of canonical

miRNA or the sum of all isomiRs, the difference in fold
change valuesmay affect the collection of deregulatedmiRNA
species and may require further experimental validation.
Among multiple isomiRs, the canonical miRNAs are not
always the most abundant (Figure 2(a)). Some of them can
be very rare. Other abundant isomiR species, especially
isomiRs with novel 5 ends and seed sequences (5 isomiRs),
may also be regulatory molecules. These 5 isomiRs may
have novel potential target mRNAs and may contribute to
the regulation of previously unknown biological processes.
Collectively, it may be best to observe deregulated miRNAs
through bioinformatic analysis at the miRNA level using the
most abundant and dominant isomiR sequence and isomiR
profiles through bioinformatic analysis at the isomiR level
based on variations in sequence and expression levels.

miRNAs negatively regulate mRNA expression and con-
tribute to many biological processes through complementary
binding to their target mRNAs. Some miRNAs can interact
with the 3-untranslated region (UTR) of target mRNA
and reduce the level of mRNA expression [39]. An attempt
was here made to reconstruct the coding-noncoding RNA
regulatory network according to negative regulation and
the deregulation of miRNAs and target mRNAs. Although
miRNAs can be either downregulated or upregulated in
tumor cells, their experimentally validated and predicted
targets may show consistent or inconsistent deregulation pat-
terns (Figure 4). Abnormal miRNA and mRNA expression
profiles complicate the regulatory network, although they
showed close functional relationships by forming miRNA-
mRNA duplexes. A single miRNA can regulate multiple
target mRNAs and vice versa. The fact that a single miRNA
can engage inmany possible miRNA-mRNA interactions can
render regulatory networks highly complex. Flexible regu-
latory patterns indicate that a specific miRNA may regulate
selected specific targets and so contribute to specific stages of
development.miRNA-mRNAmay affect the spatial-temporal
expression patterns of miRNAs, but these interactions can
also be more strictly regulated during specific stages of
development. The selection of regulated target mRNAs may
have been driven by functional pressure in cellular envi-
ronments through complex regulatory mechanisms. In this
way, overexpressed, underexpressed, and stably expressed
target mRNAs can be identified for specific upregulated
and downregulated miRNAs (Figure 4). A single mRNA can
be negatively regulated by selected specific miRNAs. The
coding-noncoding RNA regulatory network is more com-
plexity than previously thought, especially for complicated
and selective multiple interactions of miRNAs and mRNAs
(Figure 4).

Functional miRNA groups also contribute to the com-
plexity of regulatory networks. miRNAs that have completely
or partially complementary structures can form miRNA-
miRNA duplexes through reverse complementary binding
events. They can also form miRNA:miRNA∗ or miRNA-#-
5p:mRNA-#-3p duplexes [14, 16–18]. miRNA:miRNA inter-
actions are specific phenomenon. They are especially com-
mon between natural or endogenous sense and anti-
sense miRNAs. Possibly because of restricted interactions,
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these miRNA-miRNA pairs show greater differences in the
level expression than other miRNAs do: one member typ-
ically has a far higher level of enrichment than the other,
which can be quite rare (Table 1).This indicates that restricted
interactions may be a regulatory pattern in the miRNA
world. Another, very different, type of interaction between
miRNAs, termed coordinated interaction, also contributes to
the pronounced efficiency of the regulatory process. Some
miRNAs, such as clustered and homologous miRNA species,
may coregulate or coordinately regulate biological processes
[19, 40]. They may be located close to another (clustered in
the same genomic region, miRNA gene cluster) or may share
sequence similarity (homologous miRNAs, miRNA gene
family). Some clustered miRNAs share sequence similarity
and are identified as both members of the same cluster and of
the same family.These phenomena are not randombut rather
derived from functional and evolutionary pressures. These
related miRNAs always show similar or consistent patterns
of deregulation (Figure 3), although they may have different
levels of enrichment because of maturation and degradation
mechanisms. Deregulation patterns may cause functional
relationships. This indicates that collaborative interactions
may take place within the coding-noncoding RNA regulatory
network. Therefore, related miRNAs further complicate the
regulatory patterns, especially when they share specific target
mRNAs. In summary, coordinated interactions and restricted
interactions both exist in the world of small, noncoding
RNA. Although they can be thought of as indirect and direct
interactions, respectively, these interactions represent the
versatility and complexity of the functional and evolution-
ary relationships among different miRNAs. miRNA-miRNA
interactions enrich and complicate the coding-noncoding
RNA regulatory network and contribute to the robustness of
the regulatory network in organism.
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Drug addiction is a chronic and complex brain disease, adding much burden on the community. Though numerous efforts have
been made to identify the effective treatment, it is necessary to find more novel therapeutics for this complex disease. As network
pharmacology has become a promising approach for drug repurposing, we proposed to apply the approach to drug addiction,
which might provide new clues for the development of effective addiction treatment drugs. We first extracted 44 addictive drugs
from the NIDA and their targets from DrugBank. Then, we constructed two networks: an addictive drug-target network and an
expanded addictive drug-target network by adding other drugs that have at least one common target with these addictive drugs. By
performing network analyses, we found that those addictive drugs with similar actions tended to cluster together. Additionally, we
predicted 94 nonaddictive drugs with potential pharmacological functions to the addictive drugs. By examining the PubMed data,
51 drugs significantly cooccurred with addictive keywords than expected. Thus, the network analyses provide a list of candidate
drugs for further investigation of their potential in addiction treatment or risk.

1. Introduction

Drug addiction is a chronic and relapsing brain disease
that causes compulsive drug seeking and abuse. The disease
affects the brain functions and behavior of many people of
all ages. The subjects suffer harmful consequences of drug
addiction, which generates an enormous medical, financial,
social, and emotional burden on individuals, their families,
and our society. During the past several decades, investigators
have made numerous efforts to understand the neuronal
effects of addictive drugs and the molecular mechanisms
of addiction. Such knowledge has facilitated the uncovering
of novel targets and drugs for both treating and preventing
addictive disorders.

The large body of studies has revealed that genetic and
environmental factors contribute to the development of
addiction [1]. The genetic studies of twins and families have
suggested that genetic factors might account for 30–60%
of the overall risk for the development of drug addiction

[2, 3]. The recent advent of high-throughput experimental
technologies, such as gene expression profiling, genome-wide
association studies (GWAS), and next-generation sequencing
(NGS), has revolutionized biomedical research and generated
a massive amount of data for addiction research [4, 5]. This
provides valuable information for further development of
addiction treatment. Even so, an effective treatment of drug
addiction patients is still unavailable.

Currently, medication and behavioral therapy, espe-
cially when combined, are the major therapeutic treatment
approaches for addiction [6]. Thus, the discovery of effective
drugs with fewer side effects is crucial to provide effective
treatment and prevent relapse. During the past decade,
advancements in target-based approaches have provided us
with a promising direction for further treatment develop-
ment [7]. Therefore, systematic investigations of addictive
drugs and their targets might provide deeper insights into
the relationship between individual addictive drugs and
nonaddictive drugs. However, the absence of comprehensive
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drug-target data is a major limitation in performing a
systematic investigation. Recently, DrugBank has provided
a comprehensive collection of drugs and their targets [8],
which largely eases this problem.Other drug-target databases
have become available to assist further computational analy-
ses [9, 10]. Furthermore, the concept of networkmedicine has
been proposed and various approaches have been developed
to assist with drug-drug and drug-target discovery [11–14].
We recently applied network pharmacology approach to
exploring the features of antipsychotic and illicit drugs as
well as their targets and found some interesting drug-target
interaction features [13–15]. Here, we expanded our work
to perform a systematic investigation of the relationships
between multiple addictive drugs and their targets, as well as
other drugs that have targets in commonwith these addictive
drugs. The inclusion of addiction-related drugs might help
us predict other addiction-related drugs from available drugs
through drug repurposing approaches. We hypothesize that
some of the addiction-related drugs that have not been
assigned as addictive drugs might have the potential to treat
addiction, while others might cause addictive effects.

We mainly focused on the addictive drugs annotated by
the National Institute on Drug Abuse (NIDA). We extracted
their targets from the DrugBank database. We first con-
structed a basic addictive drug-target network from which
we attempted to find the unique connectivity as a proof
of the concept of the network pharmacology approach for
addictive drugs. Next, we built an expanded addictive drug-
target network by recruiting non-addictive drugs.These non-
addictive drugs have at least one target in common with at
least one addictive drug. We analyzed these two networks by
examining their network topological characteristics, which
allowed us to explore whether some of the non-addictive
drugs in the network might have the potential to either be
addictive themselves or have the potential to treat addiction.
Finally, to explore some lines of evidence from previous
studies, we examined cooccurrence of drugs and addiction-
related keywords to evaluate the association of non-addictive
drugs with addiction. This preliminary study demonstrated
that the network-assisted approach is promising in the
prediction of drug repurposing.

2. Materials and Methods

2.1. Addictive Drugs and Drug Targets. In this study, we
define addictive drugs as those abused drugs and prescribed
drugs that can cause addiction disease once they are abused
by humans. We manually obtained a list of the abused
drugs from the Commonly Abused Drugs Chart and the
prescribed drugs from the Prescription Drugs Abuse Chart
created by the National Institute on Drug Abuse (NIDA)
(http://drugabuse.gov/). The two charts contain addictive
drugs along with their common and street names. These
addictive drugs could be grouped into six categories accord-
ing to similarities between how they work and what effects
they produce in the human body, especially in the brain.
These six categories are depressants, dissociative anesthetics,

hallucinogens, opioids and morphine derivatives, stimulants,
and other compounds.

We extracted the drug target data from DrugBank, a
publically available database [8]. DrugBank includes 6712
drugs and 150 corresponding data fields for each drug. To
match the addictive drugs collected from NIDA to Drug-
Bank, we first manually searched the DrugBank website
(http://www.drugbank.ca/) by using the drugs’ common
names and then collected their DrugBank accession num-
bers. The “Accession Number” is the unique DrugBank ID
consisting of a two-letter prefix (DB) and a five-digit suffix.
Next, we obtained their targets and the non-addictive drugs
that share at least one target with at least one addictive
drug from the DrugBank XML file (version 3.0) down-
loaded in July, 2013. We extracted the corresponding data
from the following fields: “Name,” “Groups,” and “Targets.”
The “Name” field includes the standard name of a drug
as provided by the drug manufacturer. The “Groups” field
represents the legal status of a drug such as “Approved,”
“Experimental,” “Nutraceutical,” “Illicit,” and “Withdrawn”
(detailed information can be found on the DrugBank web-
site). The “Targets” field contains drug targets to which one
drug can bind, including proteins, macromolecules, nucleic
acids, or smallmolecules. In this study,we primarily extracted
human proteinswithUniProtKB identifiers and thenmapped
them to Entrez gene symbols and gene IDs using the UniProt
ID mapping service (http://www.uniprot.org/mapping/).

2.2. Drug ATC Classification. To systematically examine
drug classifications of addictive and non-addictive drugs,
we further employed the Anatomical Therapeutic Chemical
(ATC) classification (http://www.whocc.no/atc ddd index/).
The classification system categorizes active drugs into five
different levels based on the organ or system on which they
act as well as their therapeutic and chemical characteris-
tics. For each drug, the ATC classification information was
extracted from the DrugBank XML file (version 3.0) or the
Kyoto Encyclopedia of Genes and Genomes (KEGG) DRUG
“htext” file, which was downloaded from KEGG Anatom-
ical Therapeutic Chemical (ATC) classification website
(http://www.genome.jp/kegg-bin/get htext?br08303.keg) in
July, 2013.

2.3. Functional Analysis of Targets. To characterize the func-
tionality of those addictive drugs’ targets, we performed
an enrichment analysis of KEGG canonical pathways using
the online tool Web-Based Gene Set Analysis Toolkit
(WebGestalt) [16]. After the genes of interest were input into
the WebGestalt system, it mapped the genes to the KEGG
annotation and performed hypergeometric tests. To reduce
the type I error, we conducted the Benjamini-Hochberg
correction for multiple testings [17]. Using this approach, we
calculated the adjusted 𝑃 values to assess the overrepresen-
tation of these input genes in each biological pathway. Here,
we selected the pathways with adjusted 𝑃-values of less than
0.01 as the significantly enriched pathways. To further ensure
a biologically meaningful analysis, we considered only those
KEGG pathways that contained at least five target genes [18].
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2.4. Network Construction, Visualization, and Analyses. We
constructed two addiction-related networks. The first one
is the addictive drug-target network, in which the nodes
represent addictive drugs or their targets and edges represent
the associations between these drugs and targets. The second
network is an expanded addictive drug-target network, in
which nodes include addictive drugs, their targets, and non-
addictive drugs that have at least one target in common
with addictive drugs. We employed the software Cytoscape
(version 3.01) [19] to visualize and analyze the networks.

Considering that the nodes that act as hubs or bridging
nodes in a network might play critical roles in drug actions
[11, 20], we performed degree and betweenness analyses to
determine the hubs and bridge nodes. In the network, a node
with a higher degree (number of edges linked to the node)
is defined as a hub. Hubs play important roles in biological
networks because they tend to be encoded by essential genes
[21]. In this study, we determine hubs by plotting the degree
distribution, adopting the methods described by Yu et al.
[22]. We defined the degree value as the cutoff where the
distribution begins to straighten out. For bridging nodes,
we calculated the betweenness centrality using algorithms
implemented in the Cytoscape plugin NetworkAnalyzer [23]
and then drew the betweenness distribution to define the
point that the distribution began to reach its asymptote.

2.5. Literature Search. To evaluate the prediction of non-
addictive drugs’ associations with addiction, we adopted
the NCBI PubMed automatic term mapping strategy
to examine whether a drug and an addiction-related
keyword cooccur in the same PubMed document [24].
The addiction-related keywords included “addiction,”
“addictive,” “abuse,” and “abused.” The total number of
abstract records in the 2012 PubMed was 21,508,439
(http:// www.nlm.nih.gov/bsd/authors1.html). For each
drug, we obtained three numbers corresponding to
three subsets of PubMed abstracts: the number of
abstracts with the given drug name, the number of
abstracts with at least one addiction-related keyword, and
the unique number of abstracts with a co-occurrence
of the drug name and at least one of the addiction-related
keywords. Then, we performed the Fisher’s exact test
based on these numbers for each drug. To identify and
determine the predicted non-addictive drugs that were more
significantly associated with addiction study than expected,
we required that the drugs have a 𝑃 value of less than 0.05
after Bonferroni multiple testing correction [17].

3. Results

3.1. Addictive Drugs and Their Targets. This study included
44 compounds listed as addictive drugs by NIDA. We
extracted their target information from the DrugBank
database. Among them, 39 belonged to the approved drugs
category in at least one country, 22 were illicit drugs that
were scheduled in at least one country, three were withdrawn
drugs, and three were experimental drugs. According to
similarities regarding how they function and what effects

they produce in the human body and brain, as annotated by
the NIDA, these drugs could be grouped into six categories:
depressants (12), dissociative anesthetics (2), hallucinogens
(1), opioids and morphine derivatives (10), stimulants (6),
and other compounds (13). Table 1 summarizes the detailed
information for each drug.

According to ATC system classification, 32 drugs
belonged to “nervous system,” four to “respiratory system,”
three to “alimentary tract and metabolism,” and two to
“sensory organs.” This observation confirmed that almost
all of the addictive drugs perform their actions by affecting
brain function.

Among the 44 addictive drugs, 41 had at least
one target gene. After deleting redundancy and
mapping gene names to NCBI gene annotations
(http://www.ncbi.nlm.nih.gov/gene), we obtained 91
target genes (additional file, Table S1 in supplementary
material available online at http://10.1155/2014/258784).
To examine the pathways in which those target genes
involve, we conducted a KEGG pathway enrichment analysis
using the online tool WebGestalt. Nine pathways were
significantly enriched with the 91 addictive drug target genes
(adjusted 𝑃-value < 0.01) (Table 2). Among them, the most
significant one is “neuroactive ligand-receptor interaction,”
which includes more than half of the addictive drug target
genes (61.54%). This pathway finding is consistent with the
molecular mechanisms underlying the addiction [25].

3.2. Addictive Drug-Target Network. According to the rela-
tionship between addictive drugs and their targets, we
first generated an addictive drug-target interaction net-
work, which provided general insights into the organization
and association between addictive drugs and their targets.
Through finding interesting features from this network, we
aimed to prove the value of the network application concept
when investigating drug repurposing. In this network, an
addictive drug connects to a target (i.e., an edge) if the target is
a known target of the drug.The addictive drug-target network
contained 132 nodes (41 addictive drugs and 91 target genes)
and 297 edges. After superimposing the drug categories onto
the network, five clusters were observed, which corresponded
to five major drug categories: depressants, stimulants, dis-
sociative anesthetics, opioids and morphine derivatives, and
other compounds (Figure 1). Interestingly, there are several
bridging nodes that link the major subnetworks together.
These bridging nodes are GABRA1, SLC6A4, GRIN3A,
CHRNA2, CHRNA4, and CHRNA7.

3.3. Expanded Addictive Drug-Target Interaction Network.
Drugs sharing the same targets might participate in the same
pathways and have similar actions. Thus, an investigation of
the drugs that share the same targets with addictive drugs
might provide information for further addiction treatment.
Here, we added these non-addictive drugs to the addictive
drug-target network to construct an expanded addictive
drug-target interaction network. The network contained 705
nodes and 1797 edges. These 705 nodes included 41 addictive
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Table 1: Summary of addictive drugs, their targets, and classification.

DrugBank ID Drug name Number of targets DrugBank group NIDA categorya

DB00316 Acetaminophen 2 Approved Opioids and morphine derivatives
DB00404 Alprazolam 20 Approved, illicit Depressants
DB01351 Amobarbital 10 Approved, illicit Depressants
DB00182 Amphetamine 4 Approved, illicit Stimulants
DB01541 Boldenone 1 Experimental, illicit Other compounds
DB00475 Chlordiazepoxide 19 Approved, illicit Depressants
DB00907 Cocaine 8 Approved, illicit Stimulants
DB00318 Codeine 3 Approved, illicit Opioids and morphine derivatives
DB01189 Desflurane 7 Approved Other compounds
DB00514 Dextromethorphan 4 Approved Other compounds
DB00829 Diazepam 18 Approved, illicit Depressants
DB00228 Enflurane 8 Approved Other compounds
DB00898 Ethanol 7 Approved Other compounds
DB00813 Fentanyl 3 Approved, illicit Opioids and morphine derivatives
DB01544 Flunitrazepam 6 Approved, illicit Depressants
DB01440 Gamma hydroxybutyric acid 1 Approved, illicit Depressants
DB01159 Halothane 17 Approved Other compounds
DB01452 Heroin 3 Approved, illicit Opioids and morphine derivatives
DB00956 Hydrocodone 2 Approved, illicit Opioids and morphine derivatives
DB00327 Hydromorphone 3 Approved, illicit Opioids and morphine derivatives
DB00753 Isoflurane 7 Approved Other compounds
DB01221 Ketamine 3 Approved Dissociative anesthetics
DB00186 Lorazepam 20 Approved Depressants
DB04829 Lysergic acid diethylamide 0 Illicit, withdrawn Hallucinogens
DB00454 Meperidine 6 Approved Opioids and morphine derivatives
DB01577 Methamphetamine 11 Approved, illicit Stimulants
DB04833 Methaqualone 0 Illicit, withdrawn Depressants
DB01028 Methoxyflurane 7 Approved Other compounds
DB00422 Methylphenidate 3 Approved, investigational Stimulants
DB01442 MMDA 8 Experimental, illicit Stimulants
DB00295 Morphine 3 Approved Opioids and morphine derivatives
DB00486 Nabilone 2 Approved Other compounds
DB00984 Nandrolone phenpropionate 0 Approved, illicit Other compounds
DB00184 Nicotine 11 Approved Stimulants
DB00621 Oxandrolone 1 Approved Other compounds
DB00497 Oxycodone 3 Approved, illicit Opioids and morphine derivatives
DB00312 Pentobarbital 10 Approved Depressants
DB03575 Phencyclidine 2 Experimental, illicit Dissociative anesthetics
DB01174 Phenobarbital 10 Approved Depressants
DB00647 Propoxyphene 3 Approved, illicit Opioids and morphine derivatives
DB00418 Secobarbital 10 Approved Depressants
DB01236 Sevoflurane 7 Approved Other compounds
DB00624 Testosterone 1 Approved Other compounds
DB00897 Triazolam 20 Approved, illicit, withdrawn Depressants
aDrug category is defined based on the similarities regarding how drugs function and what effects they produce in the human body, including the brain, as
annotated by NIDA.

drugs, 573 non-addictive drugs, and 91 targets. The edges
contained 297 interactions between addictive drugs and their
targets and 1500 interactions between non-addictive drugs
and addictive drug targets.

Among these 573 non-addictive drugs, 407 had at least
one ATC classification distributed among all 14 categories.
Among them, the percentage of addictive and non-addictive
drugs was significantly different in the category of “nervous
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Table 2: KEGG pathways significantly enriched with the target genes of addictive drugs.

Pathway name Number of target genes (%) Nominal P valuea Adjusted P valueb

Neuroactive ligand-receptor interaction 56 (61.54) 8.65 × 10−102 7.78 × 10−101

Long-term potentiation 10 (10.99) 3.35 × 10−16 1.51 × 10−15

Calcium signaling pathway 12 (13.19) 3.25 × 10−15 9.75 × 10−15

Amyotrophic lateral sclerosis (ALS) 7 (7.69) 1.94 × 10−11 4.36 × 10−11

Alzheimer’s disease 9 (9.89) 8.50 × 10−11 1.53 × 10−10

Tyrosine metabolism 5 (5.49) 2.50 × 10−8 3.75 × 10−8

Drug metabolism-cytochrome P450 5 (5.49) 4.75 × 10−7 6.11 × 10−7

Salivary secretion 5 (5.49) 1.28 × 10−6 1.44 × 10−6

Metabolic pathways 8 (8.79) 2.50 × 10−3 2.50 × 10−3
aNominal P values were calculated using the hypergeometric test.
bAdjusted P values were estimated by Benjamini-Hochberg (1995) multiple testing corrections [17].
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Figure 1: The addictive drug-target network. The red nodes denote addictive drugs and the green nodes denote their targets. The edges
indicate the relationship between each drug and its targets. Subnetworks are highlighted to differentiate five drug categories: depressants,
stimulants, opioids and morphine derivatives, dissociative anesthetics, and other compounds.

system” (N) (Fisher’s exact test, 𝑃-value: 2.56×10−5).Though
almost half of the non-addictive drugs (203/407, 49.88%)
belong to “nervous system,” this proportion is significantly
lower than that of addictive drugs involved in the expanded
network (32/38, 84.21%; 𝑃-value: 3.00 × 10−5). The difference

in the category “nervous system” was expected since almost
all addictive drugs function through the brain.

In the network, the average drug degree (number of
targets) was 2.9 with a range between 1 and 20, while the
average target degree (number of drugs) was 19.5 with a range
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between 1 and 73. In the network, the target degree was
oversaturated compared to the drug degree, which was
mainly caused by the approach used to generate this network.
The distribution of drug degrees followed a power law, but
the distribution for target degrees did not have this feature
(Figure 2). Thus, to identify the drugs related to addiction,
we calculated the drug degree distribution to determine
the drug hubs in the network. As shown in Figure 2,
the nodes with degrees greater than three were defined as
hubs. Similarly, we defined each node with a betweenness
centrality greater than 0.04 as a bridging node (data not
shown). After retaining the hub nodes and bridging nodes,
a subnetwork was extracted from the expanded addictive
drug-target network. The subnetwork contained 193 nodes
(25 addictive drugs, 94 non-addictive drugs, and 74 targets)
and 1002 edges (Figure 3). As a result, we identified 94 drugs
that either have a high potential for having addictive effects
or could be used as a potential treatment for addiction.
The degree and betweenness values of these 94 drugs were
provided in additional file, Table S2.

3.4. Evaluation of Predicted Non-Addictive Drugs for
Addiction. To evaluate the association between these 94
non-addictive drugs and addiction, we examined the co-
occurrence of each drug and addiction-related keywords
including “addiction,” “addictive,” “abuse,” and “abused” in
PubMed abstracts. Among the 94 drugs, 51 drugs (54.26%)
(yellow nodes in Figure 3) had statistically significant
𝑃-values after Bonferroni correction of multiple testing
(Fisher’s exact test, 𝑃-value: 0 ∼0.0004) (additional file, Table
S2). For example, the drug temazepam, which is a hub with
20 targets shared with addictive drugs, is a highly addictive
benzodiazepine medication [26–30]. The drug dronabinol,
which is the strongest drug bridge node in the network,
has the potential for addiction [31]. It is also a promising
medication for the treatment of cannabis dependence [32].
The drug methadone is the fourteenth strongest bridge node
and the top one based on the ratio of the observed versus
expected number of documents in PubMed. We added more
discussion below.

Methadone is themost widely available pharmacotherapy
for opioid addiction and it has been shown to be an effective
and safe treatment for many years [33, 34]. To illustrate
the molecular mechanism of this drug, we generated a
methadone-specific network (Figure 4). This network
included 74 nodes and 94 edges.The nodes included the drug
methadone, its four targets and 12 enzymes from DrugBank,
and 67 proteins directly interacting with the four targets and
12 enzymes (Figure 4). The edges included 4 interactions
between the drug and four targets, 12 relationship between
the drug and 12 enzymes, and 78 protein-protein interactions
between targets/enzymes and other proteins, which were
extracted from the protein interaction network analysis
(PINA) database [35]. According to the KEGG pathway
annotations, all four targets (OPRM1, GRIN3A, CHRNA10,
and OPRD1) are neuroactive ligand receptors. Among the 12
enzymes, ten are directly involved in drug metabolism.There
are 20 KEGG pathways that were significantly enriched in

the 67 proteins. Among them, seven pathways are directly
involved in the neurodevelopment, including “Long-
term potentiation” (7 proteins: CALM2, CALM3, GRIN2A,
PRKCA,CALM1,GRIN2B, andGRIN1;𝑃-value: 1.75×10−11),
“Long-termdepression” (5 proteins: PRKCA,GNAI2, GNAZ,
GNAO1, and GNAI1; 𝑃-value: 8.70× 10−8), and “Neuroactive
ligand-receptor interaction” (5 proteins: ADRB2, OPRK1,
GRIN2A, GRIN2B, and GRIN1; 𝑃-value: 6.75 × 10−5). These
observations confirmed that methadone directly acts with
neurotransmitters and further regulates the other molecular
components in neurodevelopment.

Put together, the drug pool through our network analyses
might provide a list of candidate drugs for further investiga-
tion of their potential for addiction treatment or addiction
risk.

4. Discussion

In this study, we investigated the relationships between
addictive drugs, their targets, and non-addictive drugs
that have targets in common with addictive drugs in the
context of drug-target networks. Most of the addictive
drugs with similar functions could cluster together in
their drug-target network (Figure 1), indicating that
network-assisted approaches could effectively capture drug
classification characteristics. After studying the network
topological characteristics, we predicted some drugs that
might have the potential leading to addictive effects or to
addiction treatment. These results illustrate that the network
pharmacology approach is promising for drug repositioning
[36, 37]. Therefore, the strategy employed for building
the basic and the expanded networks in this study
is effective and straightforward, offering a promising
computational method to predict potential drugs for a given
disease. Furthermore, this study proves the concept
that such a network approach can be implemented in pre-
dicting drug-target relationships and uncovering novel
drugs/targets for both basic and clinical research.

We mainly extracted the drugs and their targets from
DrugBank. Though the study provides some promising
results, future improvement is needed. One limitation of this
study is that the current data is neither complete nor bias-
free. In future, we will include more drug-target information
from multiple data sources such as the binding database
(binding DB) [38], therapeutic targets database (TTD) [39],
and other drug-target centered databases.We also expect that
data quality and annotations of drug-target interactions will
be substantially improved in the near future due to numerous
ongoing efforts in this research area.

In our previous study, we explored the relationship
between illicit drugs and their targets [15]. Illicit drugs are
those drugs that are annotated as illicit in at least one country
according to DrugBank annotation. Some illicit drugs could
lead to addiction once they are abused by humans. However,
only the drugs that could lead to addiction are referred to as
abused drugs by NIDA. In this study, we mainly focused on
the 44 drugs that lead to addiction, of which only 20 belong
to the illicit drugs category.
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Figure 2: Degree distribution of drugs (a) and targets (b) in the expanded addictive drug-target network.
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In this study, we predicted 94 non-addictive drugs that
might have associations with addiction. To explore if some
of these drugs have been studied with addiction, we used a
keyword-based literature search followed by a co-occurrence
analysis. The literature search approach we utilized largely
relied on the co-occurrence of addictive drugs and addiction-
related keywords in the PubMed database.The high through-
put literature search revealed that more than half (54.26%)
of non-addictive drugs have been previously investigated
or reported as linked to addiction. However, the current
literature survey method did not allow us to examine the
logical relationship between these drugs and addiction.Thus,
we could not filter those negative studies based on negative
logical relationship information in abstracts. In the future, we
may improve our strategy for searching the co-occurrence of
drugs and keywords by creating a more efficient algorithm
using natural language processing techniques.
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It has been known that three core transcription factors (TFs), NANOG, OCT4, and SOX2, collaborate to form a transcriptional
circuitry to regulate pluripotency and self-renewal of human embryonic stem (ES) cells. Similarly, MYC also plays an important
role in regulating pluripotency and self-renewal of human ES cells. However, the precise mechanism by which the transcriptional
regulatory networks control the activity of ES cells remains unclear. In this study, we reanalyzed an extended core network, which
includes the set of genes that are cobound by the three core TFs and additional TFs that also bind to these cobound genes. Our results
show that beyond the core transcriptional network, additional transcriptional networks are potentially important in the regulation
of the fate of human ES cells. Several gene families that encode TFs play a key role in the transcriptional circuitry of ES cells. We
also demonstrate that MYC acts independently of the core module in the regulation of the fate of human ES cells, consistent with
the established argument. We find that TP53 is a key connecting molecule between the core-centered andMYC-centered modules.
This study provides additional insights into the underlying regulatory mechanisms involved in the fate determination of human ES
cells.

1. Introduction

Pluripotency and self-renewal are two defining properties of
embryonic stem (ES) cells. Pluripotency is the capacity to
generate all cell types, while self-renewal is the capacity to
maintain ES cells in a proliferative state for prolonged periods
[1]. It has been of great interest to know how the ES cells
balance the two statuses of pluripotency and self-renewal.
It has been found that the three core transcription factors
(TFs) NANOG, OCT4, and SOX2 collaborate to regulate
pluripotency and self-renewal of human ES cells in the form
of a regulatory circuitry [2]. NANOG is a gene expressed in
ES cells, which plays a key role in maintaining the pluripo-
tency of ES cells. Downregulation of NANOG will result in
differentiation, while expression will block differentiation of
ES cells. OCT4, also known as POU5F1, is a gene encoding
the protein that is critically involved in the self-renewal of
undifferentiated ES cells. OCT4 expression level must be

within a certain range to maintain the undifferentiated status
of ES cells. SOX2 gene encodes a member of the SRY-related
HMG-box (SOX) family of TFs involved in the regulation of
embryonic development and in the determination of cell fate.
It plays a critical role in the maintenance of embryonic and
neural stemcells. SOX2has been shown to interactwith PAX6
[3],NPM1 [4], andOCT4 [5] and cooperatively regulate REX1
with OCT3/4 [6].

Boyer et al. have identified the bound genes of the three
core TFs in vivo by genome-scale location analysis [2]. They
found that OCT4 is associated with 623 (3%) promoter
regions of the known protein-coding genes in human ES
cells, while SOX2 and NANOG are associated with 1271 (7%)
and 1687 (9%) genes, respectively. Further, they identified a
set of 353 genes (Table S1; see Supplementary Material avail-
able online at http://dx.doi.org/10.1155/2014/725780) that are
cobound by all the three TFs in humanES cells and found that
this set includes a substantial number of genes that encode
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homeodomain TFs, which are important in developmental
regulation of ES cells. These discoveries suggested that the
three TFs function together to control pluripotency and self-
renewal of human ES cells. Hereafter, we refer to the set of 353
genes as the core-bound genes.

MYC is another important transcriptional regulator in
ES cells, which is involved in somatic cell reprogramming
and cancer [7]. Takahashi and Yamanaka generated induced
pluripotent stem cells (iPSCs) by forced expression of four
transcriptional factors (OCT3/4, SOX2, KLF4, and MYC) in
mouse embryonic and adult fibroblast cultures [8] and later
in adult human dermal fibroblasts [9]. These studies indicate
that MYC also plays a key role in controlling pluripotency
and self-renewal of ES cells, although it may act in a distinct
way from the core module [1, 7, 10]. However, the precise
mechanism by which the transcriptional regulatory networks
control the activity of ES cells remains unclear. It is likely
that the transcriptional circuitry of ES cells is regulated by
multiple core TFs using independent networks, to regulate
self-renewal and differentiation of human ES cells.

In this study, we reanalyzed the core-bound genes using
Ingenuity Pathway Analysis tool (IPA, Ingenuity Systems,
http://www.ingenuity.com/) and the gene set enrichment
analysis (GSEA) software [11]. Important networks, biological
functions, and pathways associated with the gene sets were
annotated. We induced the TFs that bind to the subsets of
the core-bound genes with DAVID tool [12, 13] and analyzed
the transcriptional network based on the induced TFs. In
addition, we compared the regulatory targets of MYC with
the core-bound genes and also the MYC-centered and core-
centered regulatory modules to determine if these regulatory
circuits operate independently or collaboratively.

2. Materials and Methods

We obtained the set of 353 genes that are cobound by
NANOG, OCT4, and SOX2 in human ES cells from
Boyer et al. [2]. We downloaded the 189 TFs which have
been experimentally verified to contribute to transcriptional
regulation in human ES cells from the literature [14]. The
MYC targeted gene lists in human ES cells were obtained
from the literature [15]. The gene lists for the core module
and the MYC module in ES cells were downloaded from
Kim et al. [7].

We inferred significant networks, biological functions,
and pathways associatedwith gene sets using the core analysis
tool in IPA (Ingenuity Systems, http://www.ingenuity.com/).
IPA is a system that yields a set of networks relevant to a
list of genes based on the preserved records contained in the
Ingenuity Pathways Knowledge Base (IPKB). For the input of
a gene set into IPA, its core analysis tool will map the gene
list to the IPKB and then algorithmically generate molecular
networks, biological functions, and canonical pathways that
are most likely relevant to the input gene list. IPA is the
primary tool used by us to produce visualized gene regulatory

networks for analysis of transcriptional regulatory circuits in
human ES cells.

We classified genes into different gene families using
the “Investigate Gene Sets Tool” in the molecular signatures
database (MSigDB) of the gene set enrichment analysis
(GSEA) software [11]. We induced the TFs that bind to
subsets of a given gene list using the “Functional Annotation
Tool” in DAVID [12, 13]. DAVID provides a category called
“UCSC TFBS” in the “Protein Interactions” option of the
functional annotation tool. For an input gene list, DAVID
analysis will output a list of TFs that bind subsets of the
given gene set. For each identified TF, its binding genes and
corresponding 𝑃 values are provided.

3. Results and Discussion

3.1. Functional Analysis of the Core-Bound Genes. We first
classified the core-bound genes into different gene families
using the gene set enrichment analysis (GSEA) software [11].
Table 1 shows that a significant proportion of genes are TF
genes (90 of 353), suggesting that the core TFs in turn bind
and regulate a large number of other TF genes in the ES cells
[2]. The genes encoding homeodomain proteins also have a
large proportion in the core-bound genes (34 of 353), all of
which encode homeodomain TFs. The homeodomain TFs
have been shown to play key roles in fate-determination of
ES cells by contributing to the core regulatory networks. It
should be noted that there are 11 oncogenes in the core-bound
genes, which is indicative of certain similarities between ES
and cancer cell transcription programs [7, 14].

Network analysis of the 353 core-bound genes using IPA
(Ingenuity Systems, http://www.ingenuity.com/) shows that
the top network involves 32 genes among which the three
core TFs, NANOG, OCT4, and SOX2, were hub nodes in
the network, and formed interconnected autoregulatory and
feedforward circuitry (Figure 1). Biological function analysis
shows that the core-bound genes are mostly relevant to
regulation of gene expression and developmental processes.
The developmental processes include nervous system devel-
opment and function, embryonic development, and organ,
organismal, tissue, and cellular development. The six most
significant pathways associated with the core-bound genes
include transcriptional regulatory network in embryonic
stem cells (𝑃 value ≈ 10−47), role of OCT4 in mammalian
embryonic stem cell pluripotency (𝑃 value ≈ 10−8), human
embryonic stemcell pluripotency (𝑃 value≈ 10−7), embryonic
stem cell differentiation into cardiac lineages (𝑃 value ≈
10−5), Wnt/𝛽-catenin signaling (𝑃 value ≈ 10−4), and role of
NANOG inmammalian embryonic stem cell pluripotency (𝑃
value ≈ 10−4). These results corroborate the previous findings
that the core TFs and the core TF-bound genes are essential
for maintaining the pluripotency of ES cells.

3.2. Identification of Other TFs That Target the Core-Bound
Genes. In addition to the three core TFs, many other TFs
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Table 1: Category of the core-bound genes.

Cytokines
and growth
factors

Transcription
factors

Homeodomain
proteins

Cell differen-
tiation
markers

Protein
kinases

Translocated
cancer genes Oncogenes

Cytokines and growth factors 14
Transcription factors 0 90
Homeodomain proteins 0 34 34
Cell differentiation markers 0 0 0 8
Protein kinases 0 1 0 3 11
Translocated cancer genes 0 6 1 1 2 9
Oncogenes 0 6 1 3 4 9 11
∗Some genes are not present in any gene family above.

also bind to the same set of core-bound genes. Using DAVID
tool [12, 13], we identified 145 TFs, where each TF bound
at least 30 genes in the core-bound gene set (Table S2). We
referred to the 145 TFs as the computationally predicted TFs
associated with transcriptional regulation in human ES cells
because these TFs are regulating the same genes that are also

transcriptionally regulated by the core TFs. We carried out
a network analysis for the 145 TFs using IPA. Our goal is to
see if these extended TFs are part of the original core TF
circuitry or if they use independent circuitries to regulate the
core-bound genes. Figure 2 presents a significant regulatory
network related to the 145 TF gene set. The network involved
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Figure 2: A significant regulatory network related to the 145 computationally predicted human ES cell related gene set. The GATA family of
TFs and other important TFs are highlighted.

70 nodes among which the GATA transcription factor family
members (GATA1, GATA2, GATA3, and GATA6) form
interconnected autoregulatory and feedforward circuitry (in
yellow), suggesting that GATA TFs are active in transcrip-
tional regulation in human ES cells. The network also shows
that several TF genes such as TCF3, TCF4, SRF, MYOD1, and
JUN form hub nodes (in red), suggesting their significance
in the same circuitry. Biological function analysis indicated
that the TFs were significant in regulation of cell and organ
development (Figure S1). Pathway analysis indicated that the
TFs were mostly involved in the transcriptional regulatory
network in embryonic stem cells pathway (𝑃 value ≈ 10−12)
(Figure S2), the same result as that shown in the core-bound
gene analysis.

In a recent study [14], we have collected 189 TFs that have
been experimentally verified to contribute to transcriptional
regulation in human ES cells. We found that there were 41

overlaps between the 189 TFs set and the computationally
predicted 145 TF set fromDAVID program as shown in Table
S3.

3.3. Extension of Transcriptional Network in Human ES
Cells. Boyer et al. have identified the core transcriptional
regulatory network in human ES cells in which the three
core TFs collaborate to regulate a substantial number of their
target genes [2]. We tried to extend the core transcriptional
regulatory network based on the combination of the core-
bound genes and the TFs that bind to subsets of the core-
bound genes.The combined gene set was composed of the 353
core-bound genes and the aforementioned 145 TF genes. The
five most significant networks associated with the combined
gene set were summarized in Table S4. Note that 4 of the
5 networks were associated with embryonic development.
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Below, we describe the regulatory circuits of important TFs
or families of TFs in each network.

Figure S3 shows that the three core TFs (NANOG/
OCT4/SOX2) act as the hub genes in the regulatory network,
which is anticipated; Figure S4 shows that TP53 is the
center of the regulatory network with the third highest score,
indicating that TP53 plays an active role in the transcriptional
circuit for human ES cells. In fact, many experimental
lines of evidence have revealed that TP53 plays a key role
in determining the fate of ES cells [16–20]. Silencing of
the tumor suppressor gene TP53 significantly increased the
reprogramming efficiency of human somatic cells [17]. Some
studies have shown that the p53 pathway can maintain the
homeostasis of self-renewal and differentiation of human ES
cells [21–23].

Figure 3 shows three important gene families, HOX,
PAX, and STAT, that are highly active in the regulatory

network. The members of PAX and HOX gene family form
autoregulatory loop and also regulate members of other
gene families in the network. Interestingly, within individual
autoregulatory loop, PAX2 and PAX6 self-regulate and show
bidirectional regulation on each other but with contrary
effect: PAX2 positively regulated PAX6, while PAX6 has
inhibitory effect on PAX2. Based on the regulatory circuitry
shown in Figure 3, we infer that HOX, PAX, and STAT gene
families play a very important role in controlling the fate of
human ES cells by forming a specific regulatorymotif. In fact,
these three gene families have been experimentally verified to
be important in the regulation of developmental processes of
human ES cells. HOX genes encode TF proteins which are
master regulators of embryonic development [24]. They are
important targets of OCT4, SOX2, and NANOG and often
transcriptionally inactive when bound by the core regulators
to inhibit differentiation. Our results show that except for
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regulated by the core regulators (Figure 1), HOX family of
genes could form their own internal and autoregulatory loop
to control the developmental processes of human ES cells.
On the other hand, PAX is a family of tissue-specific TFs
containing a paired domain and usually with a partial or
complete homeodomain. PAX regulates cell proliferation and
self-renewal, resistance to apoptosis, migration of embryonic
precursor cells, and the coordination of specific differenti-
ation programs during embryonic development. Therefore,
PAX plays an essential role in regulation of the pluripotency
and self-renewal of human ES cells [25]. Finally, STAT family
of TFs regulate cell growth, survival, and differentiation via
activation by JAK (Janus kinase). This pathway is critical for
regulation of stem cell self-renewal and differentiation [26].

Another network (Figure 4) shows that the GATA family
of TFs interconnects and forms regulatory circuit with the

other six TFs including NFE2, NFIL3, RUNX1, NKX3-1,
TAL1, and FLI1. Therefore we infer that GATA is also
important in regulation of pluripotency and self-renewal of
human ES cells. Previous studies have revealed that GATA
was active in transcriptional regulation in human ES cells
through transcriptional coexpression with many other key
regulators [25, 27, 28].

Therefore, in addition to the core transcriptional net-
work, we infer that some other transcriptional networks are
potentially important in regulation of pluripotency and self-
renewal of human ES cells.

Pathway analysis shows that the most significant
pathways associated with the combined gene set (353
core-bound genes and 145 TFs) include transcriptional
regulatory network in embryonic stem cells (𝑃 value = 3.73
× 10−49), role of OCT4 in mammalian embryonic stem
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cell pluripotency (𝑃 value = 4.76 × 10−11), Wnt/𝛽-catenin
signaling (𝑃 value = 1.08 × 10−8), and human embryonic
stem cell pluripotency (𝑃 value = 4.03 × 10−8). Apparently,
these pathways are strongly associated with the function of
regulating the fate of human ES cells.

3.4. MYC Transcriptional Network in Human ES Cells. Sim-
ilar to the core TFs, MYC is a very important TF in the
ES cells. A set of 369 genes was identified as MYC targeted
genes in human ES cells [26], which are listed in Table S5.
We explored the regulatory network involving MYC and
MYC target genes using IPA software. As expected, MYC
and TP53 turned out as the hub genes in the two most
important networks, respectively (Figure S5 and Figure S6).
The most significant biological functions associated with this
gene set are involved in embryonic, organismal, tissue, and
cell development, cell cycle, gene expression, cancer, and so
forth.Themost significant pathways associated with the gene
set included Wnt/𝛽-catenin (𝑃 value = 9.37 × 10−5), human
ES cell pluripotency (𝑃 value = 2.14 × 10−4), MYC mediated
apoptosis signaling role (𝑃 value = 7.59 × 10−4), and so forth.
Notably, MYC regulated a cluster of genes that were involved
in the human ES cell pluripotency pathway.

We were also curious to see if MYC and core TFs regulate
the same transcriptional circuitry or operate individually.
Hence, we carried out a combined network analysis of the
core-bound genes and the MYC target genes. There are only
17 overlapping genes between the core-bound gene set and
the MYC target gene set that corresponds to only 5% of each
target gene set. In fact, the number of overlapping genes
between the MYC target gene set and each of the three
core TF’s target gene sets is also small (50, 19, and 37 for
NANOG, OCT4, and SOX2, resp.). The lower overlapping
rate supports the previous argument that the MYC-centered
regulatory network belonged to a different module from
the core transcriptional module in ES cells [1, 7, 10]. Our
network analysis clearly shows that there are two separable
modules, the core-centered module and the MYC-centered
module, which form the transcriptional circuity in the ES
cells (Figure 5).

It has been shown that the core TFs and MYC play key
roles in the regulation of ES cells’ fate by regulating many TF
genes which in turn regulate a large number of other genes
[1, 2, 10]. We found that there are 90 TF genes in the 353 core-
bound genes and 38 TF genes in the 369 MYC target genes.
We carried out an analysis of the regulatory network based
on these TF genes only. Figure 6 shows that the core TFs and
MYC form center of the two distinct modules. An interesting
finding is that MYC has no connection with any of the three
core TFs but interconnects with TP53, which in turn regulates
NANOGand is regulated byOCT4.This finding suggests that
TP53 has stronger link with the core TFs than MYC and also
indicates that TP53might play a key role in bridging the core-
centered and MYC-centered modules.

To further investigate the differences in the regulatory
modules of the core- and MYC-centered networks, we

obtained two gene sets: a gene set in the core regulatory
module and a gene set in the MYC-centered regulatory
module, both from the mouse ES cells [7]. We used the
human orthologs of the mouse genes in bothmodules, which
contained 75 and 356 genes, respectively (Table S6). There
were only three overlapping genes between both modules,
again showing that both modules were functionally separate.
Similarly, we inferred the significant networks associatedwith
the core module and the MYC module, respectively (Figure
S7 and Figure S8). The top 5 pathways associated with both
modules were present in Table S7. There are no overlapping
pathways between both modules, suggesting that the MYC
module and the core module are indeed involved in very
different pathway patterns in regulating pluripotency and
self-renewal of ES cells.

4. Conclusions

It has been found that transcriptional networks were essen-
tially responsible for regulation of pluripotency and self-
renewal of human ES cells. Some key TFs like NANOG,
OCT4, and SOX2 have been identified to collaboratively
control pluripotency and self-renewal by forming interactive
regulatory circuits [2, 29]. However, it is presently unclear
how the transcriptional networks precisely control the activ-
ity of ES cells. It is likely that additional TFs may also regulate
the key downstream TFs or form additional regulatory
circuits that are involved in the regulation of pluripotency
and self-renewal of human ES cells. We have explored an
extension of the core transcriptional regulatory network by
adding additional TFs into the core transcriptional networks.

Evidence shows thatmanyTFs are involved in bothES cell
fate determination and cancerous pathogenesis. For example,
oncogene MYC and tumor suppressor gene TP53 have been
shown to significantly contribute to the formation of the
transcriptional networks that determine the self-renewal or
differentiation fate of human ES cells. Several families of
human ES cell associated TFs like MYB, E2F, PAX, SMAD,
STAT, POU, SP, and GLI are related to cancer [14]. This
evidence suggests that ES cell and cancer cells may share
essential regulatory mechanisms. Therefore, understanding
of how the regulatory network regulates self-renewal or
differentiation fate of human ES cells may pave the way for
understanding of cancer, and further conquering cancer.

In addition, based on the comparisons of the MYC-
centered regulatory module and the core regulatory module
in humanES cells, our results suggest thatMYC acts indepen-
dently of the core module in the regulation of pluripotency of
humanES cells. In addition, we also showed that TP53 is a key
connecting molecule between the core-centered and MYC-
centered modules.

Our computational network-based approach supple-
ments the experimental methods to unravel the transcrip-
tional regulatory mechanisms that control pluripotency and
self-renewal in the ES cells, although the reliability of our
results needs further experimental verification. However, it
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Figure 5: The network based on the combination of the core-bound genes and the MYC targeted genes. The core-centered module and the
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should be noted that there exist certain limitations in the
present methods. First, the information collected by IPA
and DAVID databases is from many different studies that
are not necessarily specific to human ES cells; hence, the
extrapolation of such data to ES cellsmay lead to false positive

information in certain cases. Secondly, as the new findings
presented in this study lack experimental verification, it is dif-
ficult to assess the sensitivity and specificity of this approach.
We plan to collaborate with experimental investigators to
validate some of these findings in the future.
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Skin wound healing is a critical and complex biological process after trauma. This process is activated by signaling pathways of
both epithelial and nonepithelial cells, which release a myriad of different cytokines and growth factors. Hepatocyte growth factor
(HGF) is a cytokine known to play multiple roles during the various stages of wound healing. This study evaluated the benefits
of HGF on reepithelialization during wound healing and investigated its mechanisms of action. Gross and histological results
showed that HGF significantly accelerated reepithelialization in diabetic (DB) rats. HGF increased the expressions of the cell
adhesion molecules 𝛽

1
-integrin and the cytoskeleton remodeling protein integrin-linked kinase (ILK) in epidermal cells in vivo

and in vitro. Silencing of ILK gene expression by RNA interference reduced expression of 𝛽
1
-integrin, ILK, and c-met in epidermal

cells, concomitantly decreasing the proliferation and migration ability of epidermal cells. 𝛽
1
-Integrin can be an important maker

of poorly differentiated epidermal cells. Therefore, these data demonstrate that epidermal cells become poorly differentiated state
and regained some characteristics of epidermal stem cells under the role of HGF after wound. Taken together, the results provide
evidence that HGF can accelerate reepithelialization in skin wound healing by dedifferentiation of epidermal cells in a manner
related to the 𝛽

1
-integrin/ILK pathway.

1. Introduction

Skin wound healing is a multifaceted process of reepithe-
lialization that requires epidermal cell proliferation and
migration, collagen fiber rearrangement, and cutaneous
adnexa repair [1–3]. These epidermal cells are terminally-
differentiated, but the molecular mechanisms involved in
their proliferation andmigration remain incompletely under-
stood. According to Jones’ report, if the differentiated epi-
dermal cells high expressed 𝛽

1
-integrin, they would have

a stronger ability to form clones and passage and generate
a complete epithelium after moving them to skin wounds
[4, 5]. Therefore, high expressed 𝛽

1
-integrins can prompt

epidermal cells into a high proliferative and dedifferentiated
state. It is well known that hepatocyte growth factor (HGF)
regulates cell growth, cell motility, and morphogenesis in
various types of cells, including epithelial and endothelial
cells, supporting the hypothesis that it promotes epithelial
repair and neovascularization during wound healing [6–9].
However, there are few reports that HGF was associated
with 𝛽

1
-integrin in the process of promoting wound healing.

In the present study, a plasmid carrying the HGF gene
(PUDKH) was locally injected into the injured skin of
diabetic rats, causing the plasmid-treated group to exhibit
accelerated wound healing and increased expression of
𝛽
1
-integrin in epidermal lays and the molecular surface
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marker of epidermal stem cells. Overexpression of HGF
in scratched primary rat epidermal cells also increased the
expression of 𝛽

1
-integrin, confirming the result in a more

isolated experimental system in vitro. 𝛽
1
-Integrin is thought

to be one of specificmarkers for epidermal stem cells [10]. ILK
was first discovered as a 𝛽

1
-integrin subunit binding protein.

It localizes at the focal adhesions as well as sites of invasion
and migration and is involved in cytoskeleton remodeling.
Although the function of ILK has been intimately associated
with integrin function, little association with HGF/c-met
has been reported [11]. In this study, silencing ILK gene
expression by RNA interference decreased the expressions
of 𝛽
1
-integrin and c-met, concomitantly reducing the prolif-

eration and migration ability of epidermal cells. These data
demonstrate that HGF can accelerate skin wound healing by
promoting the dedifferentiation of epidermal cells, while this
process is closely related to ILK, an intracellular effector of
cell-matrix interactions.

2. Materials and Methods

2.1. Reagents, Antibodies, and the Expression Vectors. Male
Wistar rats were purchased from the Animal Center of
the Academy of Military Medical Sciences (9-week old
and weighing 270–300 g); Ham’s F12 nutrient medium
(Ham’s F12), recombinant human HGF protein, and MTT
were purchased from Gibco (Grand Island, New York,
USA). Dimethyl sulfoxide and streptozotocin (STZ) were
bought from Sigma (Austin, Texas, USA). All antibodies
were obtained from R&D systems (Minneapolis, Minnesota,
USA). The plasmid carrying human HGF cDNA was con-
structed by a colleague of the authors.The siRNAs against ILK
and a nontarget siRNA were from Shanghai Gene Chemical
Company (Songjiang, Shanghai, China).

2.2. Preparation of Animal Model [12]. The rate of wound
healing in animal is usually more faster than that of human
beings. So the effect of HGF will not be easy to be observed
in the rapid wound healing process, while chronic wound
healing is a troublesome and common complication of dia-
betes.Therefore rats were made diabetic by a single intraperi-
toneal injection of streptozotocin (STZ, Sigma Company) in
this study. According to previous report, the diabetic rats
actually showed significantly delayed wound healing than
nondiabetic rats [13]. Rats with STZ-induced diabetes were
fed a high fat diet (HFD) during the whole experimental
period, whereas control rats were fed with basal diet (BD)
served at the same time.HFDwas prepared by adding sucrose
(20%, w/w) and lard (20%, w/w) into BD. After 5 weeks, a
single intraperitoneal injection of STZ (40mg/kg dissolved
in 100mM citrate buffer pH 4.5) was administered to rats fed
with HFD. Control rats received an equivalent volume of cit-
rate buffer by intraperitoneal injection. Blood glucose levels
were measured 72 h after STZ injection by tail vein puncture
blood sampling using a hand-held glucometer (Changsha
Sinocare Inc., China). Serum triglyceride (TG) and total
cholesterol (TC) were determined by an autobiochemical
analysis system (AU2700, Olympus, Japan), and body weight

was recorded everyweek. Rats with blood sugar values at least
11.6mmol/L were used for this study. During this period DB
rats showed clinical signs of diabetes mellitus, for example,
polyuria, polyphagia, and weight loss.

All DB rats were randomly divided into three groups
(PUDKH group, PUDK group, and PBS group) (𝑁 = 20). DB
rats were anesthetized for wounding with an intraperitoneal
injection of sodium pentobarbital (0.5mL/kg), and the hair
on their back was clipped and the skin was cleaned. A
round full-thickness wound measuring 2 cm in diameter
was then made on the back of each animal using a 2 cm
round scalpel. Wounds on rats in the PUDKH group were
dressed with 50𝜇g PUDKH per square centimeter by high-
pressure syringe, while PUDK and PBS control rats were,
respectively, treated with the same amount of empty plasmid
and PBS. The wound areas of six DB rats were measured on
1, 3, 5, 7, and 14 d after gene transfer. Measurements were
made with the aid of an image analyzer and a VEV image
analysis software package (both from Di Meide Science and
Technology Co., Ltd., Beijing). Two rats were killed at each
time point, and skin samples were fixed in 4% formalin
solution, embedded in paraffin, and sectioned (4𝜇m) for
histopathological evaluation.

2.3. Immunofluorescence and Immunohistochemistry. In the
first stage of skin wound healing, inflammatory exudate and
blood crust formation are dominant. The obvious reepithe-
lialization phenomenon usually starts after 5 days. We there-
fore chose to detect the expressions of 𝛽

1
-integrin and ILK

in rat skin tissue 7 d after gene transfer. Immunofluorescence
(IF) staining was used to detect 𝛽

1
-integrin in epidermis

during wound healing. Skin tissues were fixed in ice-cold
methanol for 10min and washed in PBS. After being blocked
with 2% BSA in PBS, primary antibodies were applied
overnight in a moist chamber set at 4∘C and then rinsed
with PBS three times for 5min each rinse. Samples were
then incubated with the 1 : 200 diluted tetraethyl rhodamine
isothiocyanate- (TRITC-) conjugated-goat and anti-mouse
immunoglobulin G secondary antibodies for 45min in a
dark incubation chamber at 37∘C. After the skin tissues were
washed in PBS, DAPI (1 : 1000) was used for nuclear staining.
All specimens were examined under a fluorescence micro-
scope (IX71-A12FL/PH, Olympus, Japan). Negative controls
were prepared by incubation with the secondary antibody
alone.

Immunohistochemistry was used to detect the expression
of ILK. Four-micrometer paraffin sections were subjected to
antigen retrieval using a pressure cooker, in sodium citrate
(pH 6.0), for 4 minutes. Endogenous peroxidase was blocked
with 3% hydrogen peroxide (H

2
O
2
) in PBS followed by

nonspecific blocking with 2% PBS + bovine serum albumin
(BSA) for 15 minutes. The sections were incubated with
the primary antibody overnight at 4∘C. After washing with
PBS, slides treated with biotin-labeled secondary antibodies
(1 : 500, R&D, USA) were incubated at RT for 1 h. The
chromogenic reagent DAB was used to show the antibody
conjugation. The intensity of the reaction observed on the
slides was qualitatively analyzed.
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2.4. Isolation andCulture of Epidermal Cells. Briefly, ultrathin
epidermal sheets (grafted or ungrafted) were cut into pieces,
digestedwith 0.25% trypsin for 20min at 37∘C, andmade into
single cell suspensions. After centrifugation, the epidermal
cells were gently resuspended in Epilife medium supple-
mented with 1% human epidermal cells growth supplement
and seeded on collagen IV coated culture flasks at a density
of 5× 105 epidermal cells/cm2. After 24 hrs, nonadherent cells
were gently removed.

2.5. In Vitro Studies Using Rat Epidermal Cells. For wounding
experiments in vitro, epidermal cells were cultured to 100%
confluency.Themonolayerwas scratchedwith a sterile needle
to give a 0.8mm wide wound, washed twice, and cultured
in culture media with rat HGF (50 ng/mL). Inhibition of
ILK expression in epidermal cells with ILK-specific siRNA
reagents was performed as described previously [14]. Small
interfering RNAs (siRNA) for rat ILK were synthesized by
Shanghai Gene Chemical Company. siRNAs were transfected
into the cells using Lipofectamine 2000 reagent (Invitrogen
Life Technologies).

Images of wound areas were captured with Moticam
(MoticMicroscopes). Total scratchwound areawasmeasured
using Image Plus Software, and the percentage of wound
closure at each time point was derived by following the
formula: (1-[current wound size/initial wound size]) × 100
[15]. Following treatment, cells were washed in ice-cold
PBS, and total cell lysates were prepared by scraping the
cells in lysis buffer. Lysates were rotated at 4∘C for 1 h and
the insoluble material was removed by centrifugation at
12,000×g for 10min. Equal amounts of denatured proteins
were separated by 12% SDS-PAGE and transferred to PVDF
membranes (Pharmarcia). The membranes were blocked by
incubation in Tris-buffered saline nonfat dry milk for 2 h,
followed by incubation at room temperature with indicated
antibodies (against ILK, c-met, and𝛽-Actin) at room temper-
ature for 2 h. After extensively washing in Tris-buffered saline
containing 0.1% Tween-20, the membranes were incubated
for 1 h with horseradish peroxidase-conjugated secondary
antibody.Membranes were then washed and developed using
enhanced chemiluminescence substrate (ECL, Amersham
Pharmacia Biotech).

After being scratched, the cells were cultured with
HGF (50 ng/mL) for 48 h. The cells were then fixed in 4%
paraformaldehyde in 0.1M phosphate buffer (PBS, pH 7.4)
for 15min at room temperature and washed three times with
phosphate buffered saline (PBS; 0.01M phosphate, pH 7.3,
0.15M NaCl). Next, cells were incubated in blocking buffer
(PBS with 0.02% sodium azide, 0.2% Triton X-100, and 10%
serum) for 1 h at room temperature. For immunoperoxidase
labeling, cells were incubated in primary antibody (𝛽

1
-

integrin, CK19, and CK10) overnight at 4∘C. After washing
three times with PBS, cells were incubated in secondary
biotinylated antibody for 2 h at room temperature. The
chromogen was diaminobenzidine (DAB; 0.5mg/mL in PBS)
with 0.12% H

2
O
2
. After immunostaining, cells on coverslips

were mounted and analyzed by an image analysis system. In
the negative control, the antibodies were replaced with PBS.

2.6. Cell Migration Assay. Assessment of cell migration was
performed as recently described [16] with minor modifica-
tions. Epidermal cells were dislodged after brief trypsiniza-
tion and dispersed into homogeneous single cell suspensions
that were washed extensively with DMEM/0.1% acid-free
bovine serumalbumin (migrationmedium) and resuspended
in the same medium. Cells (1 × 105) were dispersed onto
collagen-coated chemotaxis filters that partition transwell
inserts into upper and lower chambers. Migration medium
(600𝜇L) was placed in the lower chambers and the cells
were allowed to adhere onto transwells for 1 h at 37∘C. The
medium in the lower chambers was then removed and cells
were challenged by adding 600 𝜇L of freshmigrationmedium
containing 0 or 50 ng/mL HGF into the lower chamber.
Migration was allowed to proceed for 2 h at 37∘C. Cells
remaining attached to the upper surface of the filters were
carefully removedwith cotton swabs.The numbers ofmigrat-
ing cells in at least 10 consecutive fields were enumerated and
their average was calculated after crystal violet staining. Data
were expressed as the number of migrating cells per field.

2.7. Statistical Analysis. All data were expressed as mean ±
standard deviation (X ± SD). Comparisons between groups
were made using one-way analysis of variance. A 𝑃 value of
less than 0.05 was considered to be statistically significant.
The results of immunofluorescence and immunocytochem-
istry were analyzed by an image analysis system. The inte-
grated optical density (IOD) values of 10 fields were randomly
determined in each sample under a microscope with the
resulting IOD values used to do statistical analysis. The IOD
and gray values were assayed by Image-Pro Plus 5.0 image
analyzer (Media Cybernetics, USA).

3. Results

3.1. Wound Lesion Size and Histopathological Observation.
Gross observation of dorsal wound revealed that a reduction
of the wound area in the PUDKH group was qualitatively
visible (Figure 1(a)). The wound areas of six DB rats in PBS,
PUDK, and PUDKH groups were measured at 1, 3, 5, 7,
and 14 d after HGF gene transfer (specific wound area values
are not shown). Measurements were made with the aid of
an image analyzer and an image analysis software package.
As shown in Figure 1(b), it is obvious that the degree of
reepithelialization of the wounds in HGF gene-transfer rats
(PUDKH group) was significantly increased after 5, 7, 10, and
14 days compared to the PBS and PUDK groups following
gene transfer (∗𝑃 < 0.05). At 14 d, the PUDKH group rat
wounds were almost healed, while it was 20 days until the
wounds in the PBS and PUDK rats had healed.

In Figure 1(c), tissue sections from normal rats (hema-
toxylin/eosin staining) showed a regularly-stratified epithe-
lium with ordinary developed hair follicles. In experimental
animals, the first stage of skin wound healing is dedicated to
hemostasis and the formation of a provisional woundmatrix,
initiating the inflammatory process. Next, neovascularization
and angiogenesis are activated,marked by the immigration of
local fibroblasts along the fibrin network and the beginning
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Figure 1: The gross and histological observation. (a) Photographs of full-thickness excisional punch wounds created in the skin of DB rats
using a 2 cm biopsy tool 14 d prior to photography. After 14 d, the PUDKH group rat wounds are almost healed, while it took 20 days for
wounds on rats in PBS and PUDK groups to heal. (b) Photographs of wounds were captured on 1, 3, 5, 7, 10, and 14 days after wounding
to determine the degree of wound closure in DB rats. Graph represents the percentage of wound area at different times after wounding.
The 𝑃 value means that there are differences between PUDKH group versus the PBS and PUDK groups animals at matched time point
(∗∗𝑃 < 0.01). (c) Hematoxylin/eosin staining showed a regularly stratified epithelium with ordinary developed hair follicles in normal rats.
Reepithelialization of wounds in HGF gene-transfer rats was significantly increased on 5, 7, 10, and 14 days than that of the PBS and PUDK
groups after gene transfer (∗𝑃 < 0.05). On 14 d, regenerated epidermal cells layers recovered skin wounds of DB rats in PUDKH group; until
20 days, the rats in PBS and PUDK groups wound healed. 1: The epidermis of normal rat skin, 2: the sebaceous gland of normal rat skin, 3:
the hair follicle of normal rat skin, 4: granuloma in rat skin wounds on 3 d, 5: reepithelialization in the wound edges on 7 d, 6: the regenerated
epidermal cells layers recovered skin wounds on 14 d in PUDKH group, and 7: the newly-formed epithelium on 20 d.

of reepithelialization of the wound edges. In the process
of wound healing, rapid reepithelialization may prevent
pathological scar formation to some extent. Interestingly,
the newly-formed epithelium in PBS and PUDK groups was
very thick, with more epidermis nipple in the base and
coarse/disordered collagen fibers in the dermal layer. This
seems to confirm the above view. These results indicated
that HGF gene transfer into skin wound may have aided
reepithelialization in wound healing. To further explore

the specific mechanisms, we measured 𝛽
1
-integrin and ILK

expression in DB rats wounds.

3.2. HGF Promotes the Regeneration of Epidermal Cells
Expressing 𝛽

1
-Integrin and ILK. Frozen sections of skin epi-

dermis from the three groups were made 7 d after gene-
transfer. The expression of 𝛽

1
-integrin, the epidermal stem

cell molecular surface marker, was detected by immunofluo-
rescence staining. As shown in Figure 2(a), all the four groups
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Figure 2: HGF promotes 𝛽
1
-integrin and ILK expression in rat epidermal cells. (a) Rat skin tissues transfected with HGF gene on the PUDK

plasmid (PUDKHgroup) and control rats (empty vector (PUDK) group and vehicle (PBS) group) skin tissueswere fixed and stainedwith anti-
𝛽
1
-integrin antibody and fluorescein isothiocyanate (FITC) conjugated secondary antibody (green) and nuclei visualized with Hoechst 33342

(blue). (c) A representative image is shown. All four groups expressed blue fluorescent protein in epidermal prickle cell or in the granule cell
layer in the process of wound regeneration. But, after analysis by Image-Pro Plus 5.0 image analyzer, we found that blue fluorescent proteins
expression was greatest in PUDKH group, yielding a statistically significant difference (∗𝑃 < 0.05). (b) ILK expression and activity were
evaluated in the injured skin treated with HGF gene transfection by immunohistochemical staining and compared to healthy skin from the
control animals. ILK expression was observed in healthy skin and was especially abundant in the basal epidermis. After injury, an increase
in ILK staining was observed in the wounded area of PUDKH group than in PBS, PUDK, and normal group. (d) A representative image is
shown. The results of immunohistochemistry were analysed by Image-Pro Plus 5.0 image analyzer; we found that IOD value was greatest in
PUDKH group than in the PBS, PUDK, and normal group, yielding a statistically significant difference (∗𝑃 < 0.05).

expressed blue fluorescent protein in epidermal prickle cell or
in the granule cell layer during wound healing. Quantitative
analysis using Image-Pro Plus 5.0 image analyzer revealed
that blue fluorescent protein expression was significantly
higher in PUDKH group than that of the three groups
(∗𝑃 < 0.05) (Figure 2(c)). This indicated that 𝛽

1
-integrin

in epidermis on the edge of the round wound was signifi-
cantly increased in HGF gene-transfer rats 7 days after gene
transfer, compared with those in control rats. After 7 days,
ILK expression and activity were evaluated in the injured
skin by immunohistochemical staining and compared to
healthy skin from the control animals. ILK expression was
observed in healthy skin and was especially abundant in the
basal epidermis. After injury, an increase in ILK staining
was observed in the wounded area of the PUDKH group
compared to the PBS, PUDK, and normal groups (Figures
2(b) and 2(d)).

3.3. In Vitro Studies Using Primary Rat Epidermal Cells. The
possible role of HGF in accelerating the 𝛽

1
-integrin and

ILK expression was assayed by RNA interference in vitro.

Primary rat epidermal cells were isolated from newborn
rat by dispase/trypsin treatment and cultured as previously
described [17]. Once 100% confluent, cells were scratched
with a sterile needle and HGF protein (50 ng/mL) was
added to the conditions medium for 48 h. As an alternative
method to deplete ILK expression, small interference RNA
(siRNA) knockdown experiments targeting ILK were also
performed. After isolating the total cell lysates, western
blotting was used to semiquantitatively analyze the ILK and
c-met expression. An increase of ILK and c-met protein was
observed in epidermal cells treated with HGF (50 ng/mL)
for 48 h, while, after ILK siRNA, the expression of ILK
and c-met in epidermal cells was downregulated despite the
presence of HGF (∗𝑃 < 0.05, ∗∗𝑃 < 0.01). And the
expression of c-met (the receptor of HGF [16]) was also
detected by immunofluorescence; results were similar with
the above conclusion. 𝛽

1
-Integrin and CK10 in scratched

epidermal cells were measured by immunocytochemistry.
Graph that represents densitometric analysis showed that
HGF increased the expression of 𝛽

1
-integrin and downreg-

ulated CK10 (∗𝑃 < 0.05, ∗∗𝑃 < 0.01). In summary, HGF
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Figure 3: HGF promotes ILK and c-met expression in scratched epidermal cells. (a) ILK and c-met expression in cultured epidermal cells was
analyzed by western blot 48 h after scratch wounding. An increase of ILK and c-met expression was observed in epidermal cells treated with
HGF (50 ng/mL) for 48 h. After epidermal cells were transfected with ILK siRNA, the expression of ILK and c-met was downregulated, despite
the presence of HGF protein (50 ng/mL). (b) Graph represents densitometric analysis of western blots described in (a) (∗𝑃 < 0.05, ∗∗𝑃 <
0.01). (c) The distribution of c-met, the receptor of HGF, was detected by IF. The c-met protein at the surface of the epidermal cells is green
(white arrow) and in the nuclei is red (white triangle). (d) 𝛽

1
-Integrin and CK10 expression in scratched epidermal cells were tested by

immunocytochemistry. HGF increased the expression of𝛽
1
-integrin and downregulated CK10.However, ILK siRNA-transfected cells showed

a significant knockdown of 𝛽
1
-integrin expression, with an increase in CK10 expression, compared to nontransfected or control cells. (e)

Graph represents densitometric analysis of western blot described for (d) (∗𝑃 < 0.05, ∗∗𝑃 < 0.01). The results revealed that there was a
statistically significant difference between HGF group versus normal and HGF + siILK groups. All these suggested that HGF could activate
the 𝛽
1
-integrin and ILK signaling pathway; inversely, 𝛽

1
-integrin and ILK might regulate the expression and function of HGF/c-met.

increased the expressions of c-met, ILK, and 𝛽
1
-integrin

but lowered the expression of CK10. However, ILK siRNA-
transfected cells showed a significant decrease in ILK and
𝛽
1
-integrin expression, with no increase in c-met expression

observed after wounding, compared to nontransfected or
control cells (Figure 3). All these suggested that HGF could
activate the 𝛽

1
-integrin and ILK signaling pathway. Inversely,

the 𝛽
1
-integrin/ILK pathways might regulate the expression

and function of HGF/c-met. In next study, we used wound
healing and cell migration assay to examine that whether
HGF functions were affected after ILK gene depletion.

3.4. ILK Depletion Inhibits Epidermal Cells Proliferation and
Migration. To investigate whether the observed defects in
wound closure were due to deficiencies in cellular migra-
tion or proliferation, scratch wound assays were repeated.
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Figure 4: ILK knockdown epidermal cells, cell migration and invasion. (a) Epidermal cells treated withHGF (50 ng/mL) and ILK knockdown
were grown to confluence and awoundwas created. Photographs of woundswere captured at 0 or 36 h after wounding to determine the degree
of wound closure. A representative experiment is shown. (b) Graphs represent the percentage of 𝑡 = 0 h wound area at different times after
wounding (∗𝑃 < 0.05 HGF group versus normal and HGF + siILK groups at matched time point). (c) ILK knockdown epidermal cells were
seeded onto migration chambers in triplicate and were allowed to migrate for 2 hours. Cells that migrated through the membrane were
fixed and visualized by crystal violet staining. (d) Graphs represent the amount of cells in normal, HGF, and HGF + siILK groups. After ILK
knockdown, the migration and invasion ability of epidermal cells were obviously declined (∗∗𝑃 < 0.01was regarded as statistically significant
between HGF group versus normal and HGF + siILK groups).

Themigratory ability of ILK knockdown epidermal cells dur-
ing wound healing was measured using transwell migration
chambers. Confluent cell monolayer wound healing requires
cellmigration from the leading edge and cellular proliferation
to replace lost cells. Results showed differences between
monolayer closure in the presence or absence of HGF protein
and between epidermal cells treated with or without ILK
siRNA-transfection (Figures 4(a) and 4(b)), indicating that
the retarded closure is due to reduced proliferation of ILK-
deficient cells. Cell invasiveness of ILKknockdown epidermal
cells was assessed by seeding the cells onto matrigel-coated
invasion chamber. In presence of HGF protein, more invaded
cells were observed in invasion chamber, while significantly
fewer cells were able to invade through the matrigel in
ILK knockdown epidermal cells (Figures 4(c) and 4(d)).
Taken together, these data demonstrate that ILK expression is
necessary for HGF induction during wound healing in vitro.

4. Discussion

Skin is the biggest organ of the human being and has many
functions, including covering the whole body and protecting
other tissues and organs. Therefore, the healing of a skin
wound involves an extraordinary mechanism of cascading

cellular functions that is unique in nature [1, 2, 6].The process
requires the regulation of a variety of cell types and growth
factors, including epidermal cells, stromal cells, epidermal
growth factor (EGF), fibroblast growth factor (FGF), and
HGF, each playing a critical role by mediating reepithelializa-
tion, epidermal cell differentiation, fibrosis, and angiogenesis
[6]. HGF is a multifunctional mediator of these processes.
The half-life of exogenous HGF protein is relatively short,
and even repeated infusions of HGF fail to maintain high
levels of HGF in vivo [7]. To better understand the effects
of HGF on wound healing, the plasmids carrying the HGF
gene (PUDKH) were locally injected into the trauma skin of
diabetic rat. The degree of reepithelialization of wounds in
HGF gene-transfer rats was significantly increased on 5, 7, 10,
and 14 days than that of PBS and PUDK groups.

During wound-induced cell proliferation, the main focus
of the healing process is to recover the wound surface. The
proliferation and migration of epidermal cells are crucial
for the rapid closure of the epidermis [1, 2]. The reepithe-
lialization process is mediated by local epidermal cells at
the wound edges and by epithelial stem cells from hair
follicles or sweat glands [18–21], while, according to previous
report, if the differentiated epidermal cells high expressed
𝛽
1
-integrin, they would have a stronger ability to form

clones and passage and generate a complete epithelium after
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moving them to skinwounds [4, 5].Therefore, high expressed
𝛽
1
-integrins can prompt epidermal cells into a high prolifer-

ative and dedifferentiated state. In subsequent investigations,
themodel of aged epidermal cell dedifferentiation in vivowas
constructed [22] and the dedifferentiation-derived stem cell-
like cells were isolated [9].

In this study, we also found a significant increase in
epidermal 𝛽

1
-integrin and ILK expressions on the edge of

the round wound in HGF gene-transfer rats 7 d after gene
transfer relative to control rats. 𝛽

1
-Integrins are essential for

tissue development and maintenance [1, 21–26]. They are
highly expressed on stem and progenitor cell populations,
which orchestrate organogenesis and represent a cellular
reservoir to maintain organ homeostasis [26, 27]. ILK, an
integrin 𝛽

1
-subunit binding protein, is an intracellular effec-

tor of cell-matrix interactions and regulates many cellular
processes, including growth, proliferation, survival, differen-
tiation, migration, invasion, and angiogenesis [7, 28, 29]. We
believe that HGF promoted the transformation of epidermal
cells into dedifferentiated stem-like cells, characteristic of
the powerful ability of proliferation and migration. In fact,
epidermal cell proliferation andmigration are very important
in facilitating epithelial wound repair. HGF appeared to be
involved in the dedifferentiation of epidermal cells, acceler-
ating wound healing in a 𝛽

1
-integrin/ILK signaling pathway-

related manner. Experiments in vitro verified these findings.
The scratched epidermal cells showed ectopic expression of
𝛽
1
-integrin and ILK under the role of HGF. However, under

the same conditions, as in 50 ng/mL HGF, the expression of
𝛽
1
-integrin and ILKwas downregulated after ILK gene silenc-

ing by RNA interference, and c-met, the receptor of HGF,
decreased within the epidermal cells plasma membrane. At
the same time, wound healing and cell migration assays
showed that the proliferation andmigration ability of the epi-
dermal cells were partly suppressed after ILK gene silencing.
It must be noted that ILK deficiency leads to retarded wound
closure in skin, while it is related to HGF expression after
knockdown of ILK in Isabel Serrano’s research report. And
after exogenous administration of humanHGF, alterations in
cell proliferation and wound closure in ILK-deficient mouse
embryonic fibroblast or mice could be observed [28, 29].
However, in our study, HGF can promote the expression of
ILK in the process of wound healing, and the capacity of HGF
to promote epidermal cell proliferation andmigration will be
affected after blocking ILK expression.

Our data demonstrate that HGF can accelerate wound
healing by promoting the dedifferentiation of epidermal
cells in a process closely related to the 𝛽

1
-integrin and ILK

signaling pathways. Notably, dedifferentiation is observed in
a variety of processes such as cancer, organ regeneration, and
stem cell renewal, but it has been difficult to study because
there are few experimentally tractable systems to identify it.
Particularly in skin, dedifferentiation of the epidermal cells is
still a matter of some debate [8, 9]. Although the finding of
the differentiated cell dedifferentiation was just preliminary,
it was confirmed that HGF increased the expression of 𝛽

1
-

integrin in epidermal cells. Most importantly, HGF improved
the proliferation and migration of epidermal cells. It is
therefore possible that dedifferentiation-derived cells will be

another source of epidermal stem cells for wound repair
and regeneration in the future. Simultaneously, the potential
powerful ability of HGF to promote skin wound healing
should attract more attention.
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Detecting breast cancer at early stages can be challenging. Traditional mammography and tissue microarray that have been studied
for early breast cancer detection andpredictionhavemanydrawbacks.Therefore, there is a need formore reliable diagnostic tools for
early detection of breast cancer due to a number of factors and challenges. In the paper, we presented a five-marker panel approach
based on SVM for early detection of breast cancer in peripheral blood and show how to use SVM to model the classification and
prediction problem of early detection of breast cancer in peripheral blood. We found that the five-marker panel can improve the
prediction performance (area under curve) in the testing data set from 0.5826 to 0.7879. Further pathway analysis showed that the
top four five-marker panels are associated with signaling, steroid hormones, metabolism, immune system, and hemostasis, which
are consistent with previous findings. Our prediction model can serve as a general model for multibiomarker panel discovery in
early detection of other cancers.

1. Introduction

Traditional methods mostly used for early detection have
been regular and periodic self-examination and annual or
biannual checkups using mammography and analysis of tis-
sue biopsies. But mammography as a screening tool for early
detection has many drawbacks. For example, mammography
may not detect small tumors and is often unsatisfactory for
younger women, who typically have dense breast tissue. And
if a patient does have a suspiciousmammogram, a biopsy will
probably be done tomake the diagnosis. Obtaining tissue bio-
psies can be difficult for several reasons, including small
size of lump, lack of available medical facilities, and patients’
reluctance to undergo invasive procedures due to scaring and
costs.

In recent years, functional genomics studies using DNA
microarrays have been shown effective in differentiating

between breast cancer tissues and normal tissues by mea-
suring thousands of differentially expressed genes simultane-
ously [1–3]. However, early cancer detection and treatment
are still challenging. One reason is that obtaining tissue
samples for microarray analysis can be still difficult. Another
reason is that the signatures of gene expression difference
between normal and cancer obtained in different studies are
not sufficiently reproducible or informative to be prognos-
tically useful, although they do give valuable insights into
the pathogenesis and biology of human tumor metastasis
[4]. Moreover, the fact that breast cancer is not a single
homogeneous disease but consists of multiple disease status,
each arising from a distinctmolecularmechanism and having
a distinct clinical progression path [5, 6], makes the disease
difficult to detect in early stages.

To address these issues, a novel and minimally invasive
test that uses easily obtained peripheral blood for breast
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cancer detection has been developed [7, 8]. For exam-
ple, Sharma et al. used microarrays and nearest-shrunken-
centroid method to analyze the expression pattern of 1,368
genes in peripheral blood cells of 24 women with breast
cancer and 32 women with no sign of this disease. The
study found that a blood-based gene expression test can
be developed to detect breast cancer early in asymptomatic
patients [8]. Aarøe et al. collected peripheral blood from 67
breast cancer samples and 63 normal samples, identified a
set of 738 differentially expressed probes, and achieved an
estimated prediction accuracy of 79.5% with a sensitivity of
80.6% and a specificity of 78.3% [7].

There is a need for more reliable diagnostic tools for
early detection of breast cancer in peripheral blood which
can achieve high prediction accuracy with as few genes
as possible and to reduce the required examination of a
large number of genes which increases the dimensionality,
computational complexity, and clinical cost of diagnosis [8].
Li estimated that five or six genes rather than 37 or 738 would
be sufficient for the early detection of breast cancer, based on
colon cancer, leukemia, and breast cancer [8]. Therefore, it is
desirable to adopt a “multimarker panel” concept and non-
trivial computational methods that can integrate microarray
measurement of multiple differential gene expression levels
between disease and controls to achieve good performance
for clinical genomic development of biomarkers [9].

Support vector machine (SVM) has several unique char-
acteristics as a research tool for prediction in cancer classi-
fication applications. One unique characteristic as a specific
type of learning algorithm is that it is characterized by the
capacity control of the decision function, the use of the
kernel functions, and the sparsity of the solution [10]. The
second unique characteristic of SVM is that it is established
on the unique theory of the structural risk minimization
principle to estimate a function by minimizing an upper
bound of the generalization error and therefore very resis-
tant to the overfitting problem, eventually achieving a high
generalization performance. The third unique characteristic
of SVM is that training SVM is equivalent to solving a
linearly constrained quadratic programming problem so that
the solution of SVM is always unique and globally optimal,
unlike neural networks training, which requires nonlinear
optimization with the danger of getting stuck at local min-
ima.

For classification and prediction of breast cancer samples,
these unique characteristics make SVM appealing as com-
pared with regression-based models or neural network as
seen in [11–13]. For example, Liu et al. used SVM to predict
the state of breast cancer and found that SVM outperformed
K-means cluster and artificial neural network [11]. Henneges
et al. applied oscillating search algorithm for feature selection
(OSAF) to iteratively improve features for training of Support
vector machines (SVM) to better predict breast cancer [12].
They selected 35 out of 51 nucleosides/ribosylatedmetabolites
in the urine of breast cancer women and controls by LC-
ITMS coupling for subsequent computational analyses, and
they identified 44 pairwise ratios of metabolite features by
iterative optimization of SVM. Liu et al. combined genetic
algorithm (GA) and all paired (AP) support vector machine

Table 1: Statistics of samples.

#health #cancer #total
Training group 32 34 66
Testing group 31 33 64
Total 63 67 130

(SVM) methods to determine the predictive features for
multiclass breast cancer categorization [13].

There has not been any report until this study that
applied SVM to the development of multimarker panels for
early detection of breast cancer based on peripheral blood.
Based on a neural network approach to multibiomarker
panel development for LC/MS/MS proteomics profiles we
developed [14], we propose for the first time a multimarker
panel development solution for early detection of breast
cancer in peripheral blood by using a SVM and show how to
use SVM to model the classification and prediction problem
of early detection of breast cancer in peripheral blood.

2. Methods and Materials

2.1. Peripheral Blood Data Collection. The peripheral blood
data are publicly available through the GEO database with
the accession number GSE16443 [7] and were collected with
the purpose of determining the potential of gene expression
profiling of peripheral blood cells for early detection of
blood cancer. It consists of 130 samples with 67 cases and
63 controls. We downloaded the 130 samples which contain
32,879 probes. Then we randomly divided the 130 samples
into two groups: group A as a training group and group B
as a testing group (Table 1).

2.2. Normalization. Per sample normalization was per-
formed to normalize for staining intensity variations among
samples. All expression data on a sample were normalized to
the 50th percentile of log base 2 of all values on that sample.
First, log ratio base 2 transformation was used to transform
the data. And then for each probe the median of the log
summarized values from all the samples was calculated and
subtracted from each of the samples.

2.3. Linear Mixed Model. We used the ABI Human Genome
Survey Microarray Version 2 to manage and map probe IDs.
A full factorial model was used to represent the fixed effect
and the random effect which are used to account for group
and probe.The expression log ratios value is the final quantity
that is fit by a separate analysis of the variance (ANOVA)
statistical model for each probe as 𝑦

𝑖𝑗
using the following:

𝑦
𝑖𝑗
= 𝜇 + 𝑇

𝑖
+ 𝑆
𝑗
+ 𝜀
𝑖𝑗
, (1)

where 𝑆
𝑗
∈ 𝑁(0, 𝜎2

1
), 𝜀
𝑖𝑗
∈ 𝑁(0, 𝜎2). Here, 𝜇 is the mean

expression value, 𝑇
𝑖
is the fixed group effect (caused by the

experimental conditions or treatments being evaluated), 𝑆
𝑗

is the random sample effect (random effects from either
individual biological samples or sample preparations), and 𝜀

𝑖𝑗

is the within-groups errors. All random effects are assumed
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independent of each other and independent of the within-
groups errors 𝜀

𝑖𝑗
.

2.4. Statistics. Statistical significance was measured by a
three-step method. First, we conducted the above linear
mixed model to obtain the 𝑃 value of the significance for
the group effect. Then we calculated the FDR adjusted 𝑃
value. Last, we calculated the FDR 𝑞 value using the Storey-
Tibshirani method [15].We chose a significance screening fil-
ter (𝑞 < 0.01) to select genes ofwhichwe estimated significant
differences in the health and breast cancer samples.

2.5. SupportVectorMachineAnalysis. Theclassification prob-
lem of breast cancer can be restricted to consideration of the
two-class problem without loss of generality (breast cancer
and normal). We used a support vector machine- (SVM-)
based methods [16] to develop the classifier for breast cancer
from peripheral blood. And then we applied the classifier to
predict blind dataset of breast cancer from peripheral blood.

For the use of the support vector machine as an appro-
priate tool for prediction of the breast cancer, a three-way
data split is applied for training, validation, and testing. The
training set is used for learning to fit the parameters of the
classifier. The validation set is used to tune the parameters
of the classifier. And the testing set is used only to assess the
performance of the fully-trained classifier. We first randomly
split the data into two groups: group A (training group) and
group B (testing group), with roughly equal size.Then we use
the 𝑘-fold cross validation on the training group to find the
“optimal” parameters for the classifier. Group A is randomly
partitioned into 𝑘 subsamples. For each subsample, a cross
section of the data is flagged for use as the validation set, and a
newmodel is created by training on the remaining data which
are the training set and not in the subsample. The cross vali-
dation process is then repeated 𝑘 times (the folds), with each
of the 𝑘 subsamples used exactly once as the validation data.
The 𝑘 results from the folds then can be averaged to produce
a single estimation. The testing group is used as testing set.

We chose each combination of 𝑁 (𝑁 = 5 for five-
marker panel) out of all the 42 genes differentially expressed
in the training group as inputs to the SVM. In order to find
the optimal classifier, we presented an optimization method
that measures the area under the curve (AUC) for receiver
operating characteristics (ROC). In this scheme, we first
train SVM for each combination in the training set with
5-fold cross validation. Then, we measured the AUC for
each combination in the validation set. Lastly, the optimal
combination 𝐶∗ was determined by

𝐶∗ = argmax
𝐶

AUC (SVM
𝐶
, 𝑉) , (2)

where AUC is the area under the ROC curve of SVM predic-
tion, SVM is the support vector machine,𝐶 is combination of
picking five out of the 42 genes, and 𝑉 is the validation set of
training group.

Fivefold cross validation was used to increase the number
of estimates and improve the accuracy of the prediction
model by avoiding the overfitting. In 5-fold cross validation,

the original sample is randomly partitioned into 5 subsam-
ples. Of the 5 subsamples, a single subsample is retained as
the validation data for testing the model, and the remaining
4 subsamples are used as training data. The cross validation
process is then repeated 5 times, with each of the 5 subsamples
used exactly once as the validation data. The 5 results from
the folds then can be averaged to produce a single estimation.
The advantage of this method over repeated random sub-
sampling is that all observations are used for both training
and validation, and each observation is used for validation
only once.

2.6. Pathway Analysis. The Integrated Pathway Analysis
Database (IPAD) (http://bioinfo.hsc.unt.edu/ipad/) [17] is
used for pathway analysis.

3. Results

We downloaded from the Gene Expression Omnibus (acces-
sion number GSE16443) [7] the 130 samples with 67 breast
cancer and 63 healthy women. After we randomly divided
the 130 samples into two groups, group A as training group
and group B as testing group (Table 1), we obtained 32
healthy samples and 34 cancer samples in the training set and
validation set and 31 healthy samples and 33 cancer samples
in the testing set.

We obtained 42 markers in the training group with
𝑞 value <0.01. No data from the testing set were utilized in (1)
identification of peripheral bloodmarkers or (2) development
of the SVMmodel.

An SVM model with 5-fold cross validation was built on
all 42 markers in the training group. We obtained a high
performance (AUC = 1.0, precision = 94.4%, accuracy =
97.0%, sensitivity = 100.0%, and specificity = 93.8%) for
the training group but a low performance (AUC = 0.58,
precision = 58.3%, accuracy = 57.8%, sensitivity = 63.6%,
and specificity = 51.6%) for the testing group (Figure 1). The
result shows that using all markers as a predictor can improve
the prediction accuracy only for training group but not for
the testing group. Therefore, we constructed an SVM with 5-
fold cross validation for each combination of five out of 42
markers and trained with breast cancer cells in peripheral
blood derived from 34 women diagnosed with breast cancer
and 32 control women in the training group. The three-way
data split was applied for training, validation, and testing.
The optimal combinationswere obtained by our optimization
model based on the training set and validation set in the
training group.

Training of the SVM was performed using radius basis
function (RBF) kernels function and five-fold cross valida-
tion. Receiver operating characteristic (ROC) curve and area
under curve (AUC) were calculated to help evaluating the
predictive performance of the SVM. We choose 𝑁 = 5 for
five-marker panel because (1) our pilot study shows that five
markers can be enough to achieve a satisfied performance
for prediction and classification of cancer [14], (2) previous
papers from other labs estimated that five or six genes would
be sufficient for the early detection of breast cancer [18], and
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Figure 1: 42 biomarkers predicting the healthy and breast cancer samples in testing set. 𝑋-axis is the 42 biomarkers. 𝑌-axis shows the 33
breast cancer and 31 healthy samples (H: healthy, blue; C: cancer, yellow).

(3) we expect to achieve high prediction accuracy for breast
cancer with as few genes/proteins as possible.

In order to validate our prediction method, we compared
the ROCs for the best four 5-marker panel predictions
determined by our method with the ROCs for four ran-
domly chosen 5-marker panels from42 candidate biomarkers

(Figure 2). As shown in the Figure 2, the top four best
predictions determined by our method (solid lines) have
better sensitivity-specificity-tradeoff performance than those
chosen randomly from 42 candidate biomarkers.

In Table 2, we show the best four five-marker panels
identified, using the SVM. Two genes, BCAR3 and LEFTY2,
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Figure 2: A comparison of best four 5-marker panel ROCs (solid
lines) and randomly chosen four (out of 42 candidates) 5-marker
ROCs (dotted lines).

Table 2: Best four five-marker panels identified.

Panel Training group
AUC

Testing group
AUC

PCDHGA8; LEFTY2; CACNG6;
BCAR3; CYP21A2 0.9053 0.7879

PCDHGA8; DEFA3; SCEL;
LEFTY2; BCAR3 0.9127 0.7830

DEFA3; SCEL; LEFTY2;
CACNG6; BCAR3 0.9154 0.7801

DEFA3; LEFTY2; CACNG6;
BCAR3; DGKD 0.8897 0.7801

are in commonbetween the best four five-marker panels. Two
genes, CACNG6 and DEFA3, are shown three times, and two
genes, PCDHGA8 and SCEL, are shown twice.

Pathway analysis shows that the pathways linked with the
best four five-marker panels are signaling, steroid hormones,
metabolism, immune system, and hemostasis (Table 3),
which are consistent with previous findings [7].

The confusion matrix and common performance metrics
for both the training group and testing group for the best five-
marker panel are shown in the Table 4. Although the final
accuracy is 68.75%, it can be considered as an improvement
if compared to the original accuracy 58.81%. In addition, the
AUC, a comprehensivemeasurement of sensitivity and speci-
ficity, is improved markedly from 0.5826 to 0.7879 (Figure 2
and Table 4).

We further evaluated our multimarker panel prediction
performance by comparing our results with prediction per-
formance in previously published findings. Sharma et al.

Table 3: Pathway analysis for the best four five-marker panels.

Pathway ID Pathway name Molecule
200071 Regulation of CDC42 activity BCAR3
hsa04260 Cardiac muscle contraction CACNG6

hsa05412
Arrhythmogenic right
ventricular cardiomyopathy
(ARVC)

CACNG6

hsa05410 Hypertrophic cardiomyopathy
(HCM) CACNG6

hsa05414 Dilated cardiomyopathy CACNG6
hsa04010 MAPK signaling pathway CACNG6
194002 Glucocorticoid biosynthesis CYP21A2
193993 Mineralocorticoid biosynthesis CYP21A2
211976 Endogenous sterols CYP21A2
209943 Steroid hormones CYP21A2

196071 Metabolism of steroid hormones
and vitamins A and D CYP21A2

211897 Cytochrome P450, arranged by
substrate type CYP21A2

211945 Phase 1, functionalization of
compounds CYP21A2

211859 Biological oxidations CYP21A2
hsa00140 Steroid hormone biosynthesis CYP21A2

556833 Metabolism of lipids and
lipoproteins CYP21A2

1430728 Metabolism CYP21A2
1462054 Alpha-defensins DEFA3
1461973 Defensins DEFA3

hsa05202 Transcriptional misregulation in
cancer DEFA3

168249 Innate immune system DEFA3
168256 Immune system DEFA3
114508 Effects of PIP2 hydrolysis DGKD
hsa00561 Glycerolipid metabolism DGKD

hsa04070 Phosphatidylinositol signaling
system DGKD

hsa00564 Glycerophospholipid metabolism DGKD
416476 G alpha (q) signalling events DGKD
388396 GPCR downstream signaling DGKD
372790 Signaling by GPCR DGKD
162582 Signal transduction DGKD

76002 Platelet activation, signaling, and
aggregation DGKD; LEFTY2

109582 Hemostasis DGKD; LEFTY2

1433617 Regulation of signaling by
NODAL LEFTY2

1181150 Signaling by NODAL LEFTY2
114608 Platelet degranulation LEFTY2

76005 Response to elevated platelet
cytosolic Ca2+ LEFTY2

hsa04350 TGF-beta signaling pathway LEFTY2
1266738 Developmental biology LEFTY2

identified a panel of 37 genes that permitted early detection
with the classification accuracy of 82% [8], and Aarøe et al.
identified a set of 738 differentially expressed probes that
achieved an estimated prediction accuracy of 79.5% with a
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Table 4: Prediction result for the best 5-marker panel.

Predicted Training group Testing group
Cancer Normal Cancer Normal

Cancer 29 6 21 8
Normal 5 26 12 23
Precision 82.86% 72.41%
Accuracy 83.33% 68.75%
Sensitivity 85.29% 63.64%
Specificity 81.25% 74.19%

sensitivity of 80.6% and a specificity of 78.3% [7]. Considering
that their methods were not applied to independent testing
group randomly separated from training group but used 𝑘-
fold cross validation where the original sample was randomly
partitioned into 𝑘 subsamples and of the 𝑘 subsamples, a
single subsample was retained as the validation data for test-
ing the model, and the remaining 𝑘−1 subsamples were used
as training data, our prediction performance actually out-
performed them. When we applied an SVM and 5-fold cross
validation with our best 5-marker panel to the training group
of 34 women with breast cancer and 32 healthy women con-
trols, we obtained a higher performance than these previously
published findings (precision = 82.86%, accuracy = 83.33%,
sensitivity = 85.29%, and specificity = 81.25%, Table 4). We
believe that our approach is a significant success, considering
that we only used five gene markers in a panel to achieve the
prediction performance (AUC = 0.7879, precision = 72.41%,
accuracy = 68.75%, sensitivity = 63.64%, and specificity =
74.19%).

4. Discussions

In this study, we incorporate the use of a three-way data
split in combination with an enumeration method based on
SVM. It is a reasonably straightforward application of exist-
ingmethods and achieves substantially higher prediction per-
formance. In our three-way data split, the testing set is used
for the purpose of independent testing only and the validation
set is used for tuning the parameters in the SVM training.
Splitting the data three ways to get training, validation, and
testing sets actually makes our approach very close to real
applications. We cannot always select markers based on test-
ing data because in most real applications the testing data
are blind or unknown pending for prediction.The prediction
performance of the testing set in a three-way data split can
actually reflect the outcome in a real application. The best
model selected from the training group may not produce
the best prediction performance in the testing data due to
the inconsistence between the training data and testing data.
However, our results show that the selected top models will
produce acceptable performance in the testing set, although
not best performance.

Although some other researches achieved higher perfor-
mance, for example, 82% by Sharma et al. [8] and 79.5% by
Aarøe et al. [7], our prediction result outperforms theirs if
we use training group only (precision = 82.86%, accuracy
= 83.33%, sensitivity = 85.29%, and specificity = 81.25%,

Table 4) as they did. Our prediction performance which is
more close to a real application is actually based on the testing
set which is totally blind to the training group (precision
= 72.41%, accuracy = 68.75%, sensitivity = 63.64%, and
specificity = 74.19%, Table 4).

One limitation of the three-way data split is the sample
size. If we split a small size sample into three ways, we would
end up with so little data in each set that our analysis would
lack any power. If we identify the inconsistence of prediction
performance between the validation set and testing set, we
can increase the size of training group (training set and
validation set) and decrease the size of testing set by simply
moving some samples in the testing set to the training group.

Since our approach enumerates all possible combinations
of 5 out of 𝑁 markers, there is a limitation for the size of 𝑁
due to current computational capability. In our talon super-
computer, it would take about 1 hour to calculate all combina-
tions of 5 out of 32 markers and about two weeks to finish the
computation of picking 5 out of 100 markers. It is acceptable
for us to set the maximum of 𝑁 to be 100 because in most
cases the top 100 markers can be both specific and sensitive
in understanding the treatment, diagnosis, and prognosis of
cancer and can be limited by setting a reasonable 𝑃 value
threshold.

An ANOVA statistical model is used for identifying
differentially expressed genes between cancer and normal
samples. For a simple two-group comparison, we would get
the identical result if we were to compare the two groups
using ANOVA, 𝑡-test, or SAM. However, ANOVA is a much
more flexible and powerful technique that can be applied
to much more complex research issues with multiple factors
than the other two methods. For example, for the peripheral
blood data, we should take into account two factors: (1) the
fixed group effect (caused by the experimental conditions or
treatments being evaluated) and (2) the random sample effect
(random effects from either individual biological samples or
sample preparations). In this case, ANOVA method is more
efficient than multiple two-group studies analyzed via 𝑡-test
or SAM, because with fewer observations we can gain more
information.

In this work, we use the support vector machine (SVM)
for classification, which is in general believed to outperform
the other classificationmethods such as the logistic regression
(LR) and the artificial neural networks (ANN) [19, 20],
because the SVM prediction improves LR and ANN signifi-
cantly along the specificity axis [21]. However, we understand
that for special problems the ANN may still yield reasonable
results and that the conclusion that SVMoutperformsANN is
in general from a theoretical perspective and in particular for
the considered case study [22].Therefore, we strongly suggest
that the tree-way data split method should be carried out for
this kind of comparison before we reach any conclusions.

5. Conclusions

We developed an integrated computational approach that
addressed a challenging multipanel biomarker development
problem in the early detection of breast cancer in peripheral
blood.The approach that we used combined simple statistical
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filtering of ANOVA with an optimization model of SVM.
The approach automatically learned nonlinear relationships
between features and outcomes to generate predictive mod-
els, which achieved AUC = 0.7879 performance with a sen-
sitivity of 63.64% and a specificity of 74.19% in the testing data
set of 33 women with breast cancer and 31 healthy women
controls. The SVM combined with the AUC optimization
method is capable of identifying the optimal combination of
multimarkers for performance comparable to that of conven-
tional medical decision support systems. We believe that this
computational approach works well with early detection of
breast cancer in peripheral blood and can provide general
guidance for future molecular medicine multimarker panel
discovery applications in other diseases. In the future, we
will follow up with biological experiments to validate these
biomarkers with our collaborators.
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Background. Genome-wide association studies (GWAS) have shown its revolutionary power in seeking the influenced loci on
complex diseases genetically. Thousands of replicated loci for common traits are helpful in diseases risk assessment. However it
is still difficult to elucidate the variations in these loci that directly cause susceptibility to diseases by disrupting the expression or
function of a protein currently. Results. We evaluate the expression features of disease related genes and find that different diseases
related genes show different expression perturbation sensitivities in various conditions. It is worth noting that the expression of
some robust disease-genes doesn’t show significant change in their corresponding diseases, these genes might be easily ignored in
the expression profile analysis. Conclusion. Gene ontology enrichment analysis indicates that robust disease-genes execute essential
function in comparison with sensitive disease-genes. The diseases associated with robust genes seem to be relatively lethal like
cancer and aging. On the other hand, the diseases associated with sensitive genes are apparently nonlethal like psych and chemical
dependency diseases.

1. Introduction

To elucidate the etiology and pathogenesis of the diseases,
scientists have made efforts to map human disease loci
genetically and clone many diseases genes [1, 2]. Recently
with the development of new sequencing technology and
high throughput microarray technology, the searching for
the genetic traits of the diseases and scanning of per-
sonal genomic variations are revolutionized. Genome-wide
association studies (GWAS) [3] showed its strong abilities
in detecting complicated genetic variations in genes and
building genomic variation patterns compared with linkage
analysis [4] and candidate gene studies [5]. GWAS havemade
contribution to establish plenty of disorder-gene association
pairs [6]. As reported, over 4008 SNPs are associated with
819 common diseases [7]. The Genetic Association Database
(GAD) [8] is a valuable resource of human genetic association
studies on complex diseases and disorders, which facility us to
rapidly establish the relationship of disorder-gene association
pairs. The association studies explained the relationships

between the diseases and genes on the genomic levels.
Diseases-associated studies have identified functional genetic
variations, but they didn’t well make sure the variations could
cause the diseases directly. Annotating the diseases associated
variations on different levels are necessary to identify the
outstanding risking genes. Here we wonder whether the
genes associated the same diseases show similar expression
features?

In order to probe the expression feature of disease genes
which are detected by the associated studies, we referred to
the method of gene expression sensitivity analysis [9]. We
firstly investigated human global gene expression characters
in response to the environmental perturbation. Gene expres-
sion patterns are different in various biological conditions,
a lot of case-control expression patterns have been profiled
using the high throughput microarray technology. Studies
show a group of genes’ expression that could be easily
disturbed with various external stimulations [9, 10]; however,
some genes are stably expressed in different environments,
which indicate that the genes show different expression



2 BioMed Research International

sensitivity. For example, housekeeping geneswhich have been
well investigated in maintaining the basal cellular functions
have revealed its expression stability [11, 12]. Recently gene
expression sensitivity to external stimulation have been
studied in yeast and human [9, 10], which guide us to generate
the idea to investigate the expression sensitivity of diseases
genes.

It is worthy to obtain a global view of the intrinsic
properties of human disease gene expression as a response
to perturbations. Gene Expression Omnibus (GEO) database
[13] and Genetic Association Database (GAD) [8] were used
to analyze the human associated gene expression sensitivity.
A meta-analysis method could be used to seek the sensitive
genes and robust genes in the expression profiles globally.
Based on our calculation of sensitive values of gene expres-
sion, we firstly categorized the genes into robust and sensitive
groups. Furthermore we investigated the expression sensitiv-
ity of disease related genes in response to the perturbations
and found some of genes were detected by the association
studies previously, but the expression of these genes is
relatively stable in their corresponding disease studies. The
results also indicate some diseases related genes that show
their expression robustness (DGR) like cancer and aging
genes, and chemical dependency disease related genes seem
to be relatively sensitive (DGS).

2. Materials and Computational Methods

2.1. Data Collection and Preprocessing. The Genetic Associ-
ation Database (GAD) includes over 80,000 gene records
of genetic association studies. Importantly, the database has
a designation of whether the gene record was reported to
be associated with disease phenotype. The option Y means
that the gene of record was associated with the disease
phenotype; otherwise, the option N was not associated.
We collected the records in GAD that associated with
the disease phenotype and got the records only annotated
with the standard disease phenotype keywords from MeSH
(http://www.nlm.nih.gov/mesh/) vocabulary.

After filtering, 13277 records were used for further
investigation. In our study, 2588 disease related genes were
acquired from 13275 records from the Genetic Association
Database. Among these genes, 1804 genes were associated
with more than one disease and 784 were associated with
only one disease (Supplementary Material available online
at http://dx.doi.org/10.1155/2013/637424, Table S2).These dis-
eases related genes are mainly from human genetic associa-
tion studies of complex diseases and disorders. 1464 kinds of
diseases were extracted from 13275 records. To establish the
relationships between genes and their corresponding diseases
groups, the 1464 kinds of diseases were divided into 16 groups
by paring database.

We downloaded the HGU133plus2.0 microarray datasets
from the GEO database, each dataset had been normalized
with MAS5 when the authors submitted them into the
database as required (http://www.ncbi.nlm.nih.gov/geo/). To
calculate the expression level of each gene, we referred to
the methods from the previous work [9]. We discarded the

data sets with less than 6 arrays and changed the expression
values into 10 if the expression values are less than 10.Then the
expression values of all probes were logarithmic transformed
(base 2). We choose the maximum expression value as gene
expression value if multiple probes illustrate the same gene
expression.

2.2. Calculate Sensitive Values (SV) of Each Gene. In our
study, 167 datasets (labeled as 𝑀 in the Formula below) in
GEO were used to calculate the sensitive values of genes. In
each dataset 𝑗, we calculate the standard deviation (SD) and
mean of each gene (𝑔

𝑖
), getting the coefficient of variation

(CV) of each gene (𝑔
𝑖
)with SD dividedmean.TheCV of each

gene in each dataset is calculated as follows:

CV
𝑔
𝑖𝑗

=
SD (𝑔

𝑖𝑗
)

mean (𝑔
𝑖𝑗
)
. (1)

In order to merge the results of different datasets and
minimum experimental variation during sensitivity analysis,
we employed the large scale meta-analysis method reported
in our previous work [9]. We ranked the CV of genes in each
dataset and constructed a matrix of ranked CV to datasets.
Sensitive values (SV) are calculated as mean of each ranked
CVs of all datasets:

SV
𝑔
𝑖

=
∑
𝑀

𝑗=1
rank (CV

𝑔
𝑖𝑗

)

𝑀
. (2)

2.3. Defining SensitiveGenes andRobust Genes. In the current
study, we tried to establish the relationships between the
different kinds of disease and different sensitive genes. Firstly
we selected a group of genes whose expression could be
significantly disturbed and a group of genes whose expression
significantly stable. After calculating the sensitive values of
genes, we used the 5 percent as the cutoff value. The top 5
percent of genes are significantly sensitively expressed, we
took five percent of genes with lowest sensitive values as
robust genes groups, and five percent of genes with highest
SV were considered as sensitive genes.

3. Results

The Affymetrix HGU 133a plus 2.0 microarray covers 31835
genes, which represents more genes than the HGU133a
microarray does. The distribution of SV is skewed normal
distribution (Figure 1). The figure suggested that there are
more genes with a comparatively lower sensitive value than
those with higher sensitive values indicating existing more
robust genes than sensitive genes. Although the distribution
of sensitive values are skewed normal, we took five percent of
genes with lowest sensitive values as robust genes groups, and
also five percent of genes with highest SV were considered
as sensitive genes. Therefore, we got 1592 robust genes and
sensitive genes individually. Therefore, we got 1592 robust
genes and 1592 sensitive genes. After comparisonwith disease
related genes, we got 131 diseases related robust genes and 467
disease related sensitive genes respectively (Supplementary
Table S1).
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Table 1: Enriched biological process. The table shows the main biological process that the robust genes and sensitive genes engaged. Most
robust genes take part in the translational elongation and viral transcription; however, the sensitive genes prefer to respond to the progesterone
receptor stimulation and regulation.

Robust genes Sensitive genes
Enriched biological process 𝑃 value Enriched biological process 𝑃 value
Translational elongation 3.12𝐸 − 41 Progesterone receptor signaling pathway 1.74𝐸 − 4

Viral transcription 5.42𝐸 − 39
Negative regulation of osteoclast

differentiation 7.11𝐸 − 4

Translational termination 8.26𝐸 − 38 Cell maturation 7.14𝐸 − 4

Protein complex disassembly 8.26𝐸 − 38 Golgi vesicle transport 9.89𝐸 − 4
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Figure 1: This figure demonstrates the distribution of the average rank order of gene expression standard deviations. The distribution of SV
is skewed normal distribution.

3.1. Functional Annotations of Expression Robust and Sensitive
Genes. In order to identify the biological functions in the cell,
we conducted GO enrichment analysis [14, 15]. The results
show that robust genes are strongly engaged in the cellular
component organization (GO: 0071842), reproductive pro-
cess (GO: 0022414), and viral reproduction (GO: 0016032)
(Figure 2 and Table 1). However the sensitive genes play
important roles in progesterone receptor signaling pathway
(GO: 0050847) and negative regulation of osteoclast differ-
entiation (GO: 0045671) (Figure 3 and Table 1). Furthermore
enrichments analysis for cell components modules indicates
that the robust gene are strongly enriched in the intracellular
(GO: 0005622) and ribosome (GO: 0005840) (Figure 3),
but the sensitive genes didn’t show enrichment in the cell
components. Based on the above observation, we conclude
that the robust genes are engaged in the basic biological
process.

3.2. A Case about Robust Genes Consistently Expressing in
Their Corresponding Disease. We have found the expression
of robust genes are stable in various conditions and inferred
that the some disease related robust genes may express
consistently in their corresponding diseases conditions. To
verify our assumption, we took colorectal cancer and its
associated robust genes HIF1A and MLH as an example.

HIF1A associated with colorectal cancer is one of robust
genes. Hypoxia-inducible factor-1 (HIF1) is a heterodimer
composed with HIF1A and HIF1B. HIF1 is functionally
important in cellular and systemic homeostatic responses
to hypoxia and initially found as transcription factor in
mammalian cells cultured under reduced oxygen tension
[16]. Fransén et al. found that polymorphic alleles in the
gene of HIF1A show significant higher risk for the devel-
opment of ulcerative colorectal cancer, which indicates that
the HIF1A polymorphisms display their importance in the
development of ulcerative intestinal tumors [17]. To view the
gene expression variations of colorectal cancer, we took a case
from a work [18] that analyzed expression changes in early
onset colorectal cancer (GDS2609).The expression of HIF1A
didn’t show significant change in the study (Figure 4(a)). The
robust gene HIF1A might be ignored in the colorectal cancer
expression analysis.

Another robust gene MLH1 involved in DNA mismatch
repair is also associated with colorectal cancer [19]. Liu
et al. revealed that colorectal cancer is associated with 2
missense mutations in exon 16 of the MLH1 [20]. Chan
et al. described a novel germline 1.8-kb deletion involving
of the MLH1 gene associated with hereditary nonpolyposis
colorectal cancer in a Hong Kong family [21]. Recently Nejda
et al. suggests that gender should be considered in colorectal
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Figure 2:The biological process GO enrichment graph illustrates that the robust genes play basic roles of cell developments. The color in the
rectangle is close to red; the genes are more enriched in that GO module, and the white color indicates the least enrichment in that module.

cancer association studies [22]. They found that nucleotide
polymorphism in MLH1 displays a higher risk in sporadic
colorectal carcinogenesis especially in men. A mechanism of
genomic instability has been identified in colorectal cancer
[23], the DNA mismatch repair genes MLH1 inactivated by
hypermethylation of their promoter could cause microsatel-
lite instability. We also found the expression of MLH1 in the
early onset colorectal cancer investigation (GDS2609) is not
significantly changed (Figure 4(b)). The expression profile
analysis may overlook importance of robust gene MLH1.
Therefore, we believe that diseases related robust genes are
easily ignored in the expression analysis. In order to know
the robust genes are enriched in what kinds of diseases,
we established the relationships between diseases and gene
expression sensitivities.

3.3. The Relationships between Diseases and Gene Expression
Sensitivity. The 1469 diseases with their associated genes
fromGADwere divided into 16 groups.The disease genes are
classified as robust disease gene groups and sensitive diseases
genes groups based on whether they were included in the
robust genes groups or sensitive genes groups.We performed
the enrichment analysis of disease genes based on the hyper
geometric distribution. The results (Table 2) show that the
cancer, aging, and pharmacogenomics are enriched with
robust genes (DGR), with𝑃 values of 0.001309, 0.025063, and
0.06734 individually, and psych, chemical dependency, and
reproduction are enriched with sensitive genes (DGS), with
corresponding 𝑃 values of 0.001954, 0.028318, and 0.055457.

We annotated the gene from DGR and DGS with Gene
Ontology [24]. Firstly the DGR and GDS were classified
into seven groups (Figure 5(a)) according to whether the
genes associated one or more diseases. In the DGR groups,
cancer genes are mainly engaged in the mismatch repair
(GO: 0006298), DNA catabolic process (GO: 0006308), and
base excision repair (GO: 0006284). The GO analysis of
DGS (Figure 5(b)) shows the genes only associated with
psych diseases are enriched in the learning (GO:0007612)
process and the genes associated both psych and chemical
dependency diseases are engaged in the dopamine secre-
tion (GO:0014046) and gamma-aminobutyric acid signaling
pathway (GO:0007214) and so forth. We conclude that the
DGR mainly engaged in more essential biological process
compared with DGS which mainly involve in the regulation
and response process.

4. Discussion and Conclusion

We parsed the GAD databases and selected diseases associ-
ated genes. Because the human genes show different expres-
sion sensitivity in response to the environmental perturba-
tion [9], we evaluated the expression features of diseases
genes with themethod of gene expression sensitivity analysis.
Because the finding of expression of robust genes is not easily
changed in various biological conditions, we assumed that the
disease related robust genesmight be expressed stably in their
corresponding disease conditions.The colorectal cancer asso-
ciated robust genes HIF1A andMLH did not show significant
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Table 2: Expression sensitivity analysis of diseases genes.The cancer, aging, and pharmacogenomic related genes reveal their robustness, and
psych chemdependency and reproduction associated genes show their sensitiveness.

Disease Robustness Sensitiveness Disease Sensitiveness Robustness
Cancer 1.31𝐸 − 03 7.08𝐸 − 01 Psych 1.95𝐸 − 03 8.09𝐸 − 01

Aging 2.51𝐸 − 02 4.87𝐸 − 01 Chemdependency 2.83𝐸 − 02 4.32𝐸 − 01

Pharmacogenomic 6.73𝐸 − 02 9.44𝐸 − 01 Reproduction 5.55𝐸 − 02 1.85𝐸 − 01

expression changes in the studies of colorectal cancer [17, 18,
20, 22]. Importantly our results suggested the genes associ-
ated with different diseases also reveal different sensitivities.
We found the cancer, aging, and pharmacogenomics related
genes display expression robustness, and psych, chemical

dependency, and reproduction-associated genes are relatively
sensitive. In our study, the robust disease related genes were
investigated not only by combining the gene ontology but also
by grouped disease information. The defect of robust genes
could cause more lethal diseases, such as cancer and aging
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Figure 4: (a) The expression profile of gene HIF1A in GDS2609. (b) The expression profile of MLH1 in GDS2609.

diseases. Thus diseases related robust genes might play more
essential roles to keep health for human.

Additionally, the protein interaction network and gene
ontology provide extensive information to detail the relation-
ships between different diseases genes. It was found that the
structure of a cellar network and its functional properties
were connected with protein or “Hubs” which are more likely
encoded by essential genes [25, 26]. Human robust genes are
higher degree centrality than the random groups of genes in
the protein interaction network [9]. Gene ontology analysis
also indicates the robust genes play an essential role in the
cellar biology. The robust genes have shown its importance
in different levels. Recent studies reveal that some kinds of
diseases genes potentially encode hubs [27, 28]. Goh et al.
suggested that cancer genes are more likely to encode hubs in
the human disease networks and show higher coexpression
with the rest of the genes in the cell [29], which means
that cancer genes play critical roles in cellar development
and growth. Age-related diseases tend to attack the center of
the human protein network [30]. PPI network investigation
above indicated that the cancer and aging related genes are
potentially robust.

Based on the studies above, we believe that the different
diseases genes reveal distinct expression sensitivity. Diseases
that are associated with robust genes seem to be lethal, and
the diseases associated with sensitive genes are nonlethal
apparently. The gene ontology analysis indicates the robust
genes are more essential when compared with sensitive
genes. The robust genes those stably express in various
environmental conditions are easily ignored in the expression

analysis. Therefore the consideration of sensitivity of disease
genes might be greatly helpful in elucidating of etiology and
pathogenesis of the diseases. In practice, calculation of the
diseases genes’ sensitive values could be used to predict the
potential harm to heath. In addition, if a robust gene is a
potential drug target, it would have little therapeutic effects to
these diseases by disturbing the expression level of the robust
genes.
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Analysis of genome-scale gene networks (GNs) using large-scale gene expression data provides unprecedented opportunities to
uncover gene interactions and regulatory networks involved in various biological processes and developmental programs, leading
to accelerated discovery of novel knowledge of various biological processes, pathways and systems. The widely used context
likelihood of relatedness (CLR) method based on the mutual information (MI) for scoring the similarity of gene pairs is one
of the accurate methods currently available for inferring GNs. However, the MI-based reverse engineering method can achieve
satisfactory performance only when sample size exceeds one hundred. This in turn limits their applications for GN construction
from expression data set with small sample size.We developed a high performance web server, DeGNServer, to reverse engineering
and decipher genome-scale networks. It extended the CLRmethod by integration of different correlation methods that are suitable
for analyzing data sets ranging from moderate to large scale such as expression profiles with tens to hundreds of microarray
hybridizations, and implemented all analysis algorithms using parallel computing techniques to infer gene-gene association at
extraordinary speed. In addition, we integrated the SNBuilder and GeNa algorithms for subnetwork extraction and functional
module discovery. DeGNServer is publicly and freely available online.

1. Introduction

The advent of high-throughput technologies including mi-
croarray experiments and RNA-Seq technologies has gener-
ated terabytes of gene expression data for systematically iden-
tifying transcriptional regulation and interactions through
the reconstruction of gene networks on genome-wide scale.
Analysis of whole genome-scale networks can provide a
holistic view of all transcription regulations among and
within different subnetworks and allows us to gain a more
comprehensive understanding of regulation of cellular pro-
cesses and events. In the past few years, large amount of gene
expression data sets from numerous labs has been published
and deposited in public databases such as ArrayExpress [1]
and Gene expression Omnibus [2], and the volume of this
kind of data is still exploding at an accelerated rate. Previous
effort in analyzing these public available data has led to the
discovery of large amount of novel biological knowledge,

making it become increasingly clear that reverse engineering
of such “big data” for genome-scale network reconstruction
and analysis is one of the most efficient approaches for
understanding how life functions through learning holistic
transcription regulation and gene interaction.

To date, reverse engineering of aggregated high volume
gene expression data for building accurate gene network
is still very challenging. The challenge lies in the high
dimensionality of gene space and large sample numbers that
demand fast and high efficient algorithms, and enhanced
computational power as well. A set of the algorithms operates
under such a hypothesis that coexpressed [3–5], roughly
coordinated genes [6, 7] and genes with dependency [8–
10] across a set of samples indicate a functional relationship
[11, 12]. As one of the best gene network construction
methods, the context likelihood of relatedness (CLR)method
[9] utilizing the mutual information (MI) for scoring the
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similarity of gene pairs has been widely used to decipher gene
networks for multiple species, such as yeast, bacteria, mam-
malian, and plants [9, 13–16]. However, it is computationally
infeasible to decipher genome-scale networks for species with
large genomes on a single computer due to physical limits on
CPU speeds and memory capacities. For example, there are
more than thirty-five thousand genes (transcripts) in human
genome. To decipher a genome-scale network through such
reverse engineering method, it will need to calculate more
than 1.2 billion MI values if we evaluate genes in pairwise
fashion, and it is more likely that we will need to evaluate
genes in triples or quadrants. Even for those species with
small genomes, it is still a big computational challenge to
use this method. When CLR was used to construct global
networks for Escherichia coli in [9], the authors had to trim
the number of genes down to a few thousands in order
to reduce the computational complexity to a manageable
scale. Obviously, this kind of gene reduction prior network
construction could miss many potential gene regulations and
interactions in the constructed networks. This is because
many important transcription factors or genes involved in
signaling transduction are expressed at low level and do not
necessarily have high variability in expression [17–19]. These
genes can be easily eliminated during data trimming process.

Meanwhile, the estimation of mutual information
adopted in CLR method heavily relies on the number of
microarray data sets. The mutual information value could be
estimated accurately only when the number of microarray
profiles is larger than one hundred [20]. However, as more
microarray and RNA-seq data become available in public
database, this, in turn, demands fast, accurate, and less
computational complexity. Therefore it is urgently called to
develop a high performance reverse engineering system for
large-scale gene network analysis through both innovations
in efficient algorithm development and parallel computing
implementation.

In this study, we integrated parallel computing technolo-
gies into DeGNServer to accelerate network reconstruction
and subnetwork extraction, which enables DeGNServer to
analyze the “big data” in at least one hundred times faster than
the original mutual information based CLR, making it much
feasible for reverse-engineering global gene networks using
the data froma large genome and discovering novel biological
knowledge. Meanwhile, we integrated multiple gene associ-
ation methods into our DeGNServer for network construc-
tion.The benchmark data set demonstrated thatmost of these
different association-based CLR methods could reach very
similar accuracy as the original mutual information-based
CLR method. In addition, we also integrated the SNBuilder
[21] and GeNa [22] communities-finding algorithms for
identifying subnetworks by providing some seed genes. The
major purpose of our system is to provide a practical system
to construct the gene association networks from large scale
gene expression data.

2. Implementation

2.1. Overview of Gene Network Analysis Methods and Data
Analysis Workflow. We extended the CLR method through

Upload data and select an analysis method

Compute gene-gene pairwise association values

Construct gene networks based on CLR method

Output constructed gene networks

Mine subnetworks based on given pathway genes

Output and visualize subnetworks

Figure 1: The DeGNServer data analysis workflow.

integrating several gene-gene association estimation meth-
ods, of which includes Pearson, Spearman correlation [6],
Kendall, Theil-sen [23], and Weighted Rank methods [24]
as well as the mutual information-based method proposed
in the original CLR method [9], in the DeGNServer. In
addition, the recently published method, maximal informa-
tion coefficient (MIC) method [25], which has demonstrated
capability in discovering novel associations in large data
sets, was also integrated into our DeGNServer. To help the
biologists to interpret the inferred network, we integrated
SNBuilder [21] and GeNa [22] approaches for subnetwork
analysis/functional module discovery. All algorithms have
been implemented and deployed on our in-house parallel
computing platform, namely, BioGrid, which has dedicated
over 700CPU Cores. Figure 1 illustrates the data analysis
workflow in DeGNServer. Utilizing our high performance
DeGNServer, typical genome-scale gene networks involving
40,000∼50,000 gene models could be constructed from
expression data that consists of ∼200 microarray hybridiza-
tions in less than 30 minutes.

2.2. Parallel Computing for the Accelerating of GN Con-
struction. To accelerate the GN construction through the
parallel computing, we split the whole data sets of these gene
pairs into multiple subsets. Let 𝑀 denote the 𝑛 × 𝑚 gene
expression matrix, where 𝑛 denotes the number of genes and
𝑚 represents the number of gene expression profiles. The
computational complexity of association value for all gene-
gene pairs of is𝑂(𝑛2×𝑚).The reconstruction of network will
be very time-consuming when there exists massive number
of expression profiles (e.g., 𝑛 > 20, 000 and 𝑚 > 1, 000). To
tackle this issue, we implemented the GN analysis algorithms
using parallel computing techniques. When this task is
distributed to all the computing nodes in our Biogrid system,
the total computational time complexity is then reduced to
𝑂(𝑛2 × 𝑚/𝑝), where 𝑝 is the number of allocated processors.
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When a gene regulatory network is inferred from 𝑛 genes,
the algorithm will need to compute 𝑛 × (𝑛 − 1)/2 pairwise
associated values. A two-dimensional 𝑛 × 𝑛matrix D is used
to denote these gene pairs. For gene pair (𝑖, 𝑗), the association
value of this gene pair will be calculated when the following
requirements are satisfied.

(1) When 𝑛 is even

if 𝑖 ≤ ⌈𝑛
2
⌉ , then 𝑗 ∈ [𝑖 + 1,min(𝑛 − 1, 𝑖 − 1 + ⌈𝑛

2
⌉)] ,

if 𝑖 > ⌈𝑛
2
⌉ , then 𝑗 ∈ [𝑖 + 1, 𝑛 − 1] ∪ [0, 𝑖 + 1 − ⌈𝑛

2
⌉] .

(1)

(2) When 𝑛 is odd

if 𝑖 ≤ ⌈𝑛
2
⌉ , then 𝑗 ∈ [𝑖 + 1,min(𝑛 − 1, 𝑖 + ⌈𝑛

2
⌉)] ,

if 𝑖 > ⌈𝑛
2
⌉ , then 𝑗 ∈ [𝑖 + 1, 𝑛 − 1] ∪ [0, 𝑖 − 1 − ⌈𝑛

2
⌉] .

(2)

For every processor in our Biogrid system, we assign 𝑛/𝑝
rows of matrix to this processor for the calculation of their
corresponding association values.

2.3. Input Detail. DeGNServer accepts normalized expres-
sion data either in a tab-delimited text file or tab-delimited
text. The server DeGNServer provides two options to con-
struct different networks, that is, the coexpression networks
and the CLR method-based association networks. Users may
adjust the parameter settings, including gene-gene associ-
ation estimation method and cut-off threshold, to control
the size of constructed networks. After the networks are
reconstructed, user may submit a list of genes-of-interest and
select different subnetwork identification methods to further
mine and visualize the same subnetwork generated from
different extraction methods.

2.4. Output Detail. DeGNServer lists links to the con-
structed networks/subnetworks inCytoscape [26] compatible
text files, which can be easily imported into the popular
Cytoscape software for downstream analysis. In addition, the
DeGNServer output page provides interfaces for query and
network visualization through Cytoscape web plug-in [24]
for each identified subnetwork.

2.5. Technical Detail. TheDeGNServer is currently deployed
on Linux using resin Java server 4.0. It has been tested using
the popular web browsers, such as Internet Explorer, Firefox,
and Google Chrome. The web interfaces are implemented
in JAVA and JSP scripts. All backend integrated analysis
algorithms are implementedwith parallel programming tech-
niques in efficient C++ computing language and are deployed
on an in-house developed Linux cluster, namely, BioGrid,
which currently consists of about 700CPU Cores, to achieve
high performance computing capacity. Upon job submission
throughDeGNServer web server, themaster node of BioGrid

systemfirstly divides the gene expressionmatrix intomultiple
submatrixes and transfers these submatrixes to slave com-
puting nodes in the Linux Cluster. Next, the master node
remotely calls to execute the analysis pipelines and monitors
analysis progresses in these computing nodes. Finally the
master node collects the association values of all gene-gene
pairs for gene network construction and subnetwork analysis.
For those species with large genomes, the distributions of
gene-gene pairs are close to the normal distribution, so
we applied the normal distribution to calculate the z-score
of gene-gene pairs. Based on the preset z-score threshold,
those gene-gene pairs whose z-scores are less than the
threshold would be discarded. Figure 2 illustrates the parallel
implementation of the CLR Method.

3. Results

3.1. Performance Evaluation with Synthetic Data. To com-
prehensively evaluate performance of integrated network
construction methods, we generated two groups of synthetic
compendium gene expression data sets, each group with
a series of data sets of various sizes, using the SynTReN
software [27] and the regulatory network models based upon
Escherichia coli experimental data as original seeds. The
sampled sizes of Group A data sets are 30, 40, 50, 60, 70, 80,
and 90, while the sizes for Group B are 100, 200, 300, 400,
500, 600, 700, 800, 900, and 1000 samples. We analyzed each
of these compendium data sets with various sample sizes and
then generated respective subnetworks containing 50 genes.
The prediction accuracy against the corresponding reference
network in SynTReN software uses the area under the receiver
operating characteristic curve (ROC) curve, namely, theAUC
scores [28], to represent the accuracy of each method. The
AUC scores resulting from all compendium data sets within
each groupwere averaged, and results of averagedAUCscores
for all method in each group are shown in Figure 3.

The ROC curve indicates the change of sensitivity (true
positive rate) versus specificity (true negative rate) under dif-
ferent thresholds, and AUC score can represent the accuracy
of each method better because it is independent of different
thresholds.

The following formula is used to calculate the sensitivity
and the specificity:

Sensitivity = TP
TP + FN

,

Specificity = FP
FP + TN

.

(3)

All methods were applied to construct GNs with each
sampled data set in either Group A or B with the positive
regulatory relationships being counted. We then calculated
their respective AUC scores. For each group (smaller and
large number of expression data sets), we compared their
average AUC scores for different methods. Figure 3 shows
that the prediction accuracies of Spearman-based CLR
method have higher average AUC scores than othermethods,
suggesting that Spearman-based CLR method may produce
better results in term of network construction.
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Figure 2: Parallel implementation of the CLR method.

3.2. Case Study 1: Deciphering Genome-Scale
Pluripotency Networks in Human Embryonic Stem Cells

3.2.1. Human Stem Cell Microarray Data Set. To validate
the performance of DeGNServer, we analyzed genome-scale
networks from 189 human stem cell microarray profiles.
These data sets were generated in 17 individual experiments
in which human embryonic stem cells were treated with
various reagents for inducing differentiation. Therefore, this
compendium data set is enriched with regulatory events
and interaction of pluripotency maintenance and transition
from pluripotent stem cells to differentiated cell linages,
and thus it can serve as an ideal testing data for the
performance of DeGNServer in discovering functionally
associated gene subnetworks governing these processes. Of
these 189 microarray data sets, there are 104 high-density
human gene expression arrays from HG17 assembly. This
platform of microarray contains 388,634 probes from 36,494
human locus identifiers. These 104 chips were compiled
from 15 experiments in which stem cells were treated with
different reagents that disrupted pluripotency. The reagents
and the conditions included 12-O-tetradecanoylphorbol-13-
acetate (TPA) treatment in conditioned medium, TPA treat-
ment in TeSR medium, BMP4 treatment with FGF, BMP4
treatment without FGF, and coculture with mouse OP9
cells. The remained 85 high-density human gene expres-
sion arrays have 381,002 probes from 47,633 human locus
identifiers from the HG18. These 85 microarray data sets
were compiled from a set of experiments where a variety of
different growth factors were applied to human embryonic
stem cells at varying conditions for 3 days. Both HG17 and

HG18 microarray platforms were manufactured by Nim-
bleGen Systems (http://www.nimblegen.com/). All probes
are 60mers and all chips were hybridized to Cy5 labeled
mRNAs extracted fromhuman embryonic stem cells (hESCs)
from undifferentiated to differentiated stages. Raw data were
extracted using NimbleScan software v2.1. The two data sets
were joined by genemapping via selection of shared common
probes between the same genes on the two platforms. More
than 99.5% of mapped genes share at least 6 common probes,
and the signal intensities from these common probes were
normalized with the Robust Multiple-chip Analysis (RMA)
algorithm [29]. Thus, the whole data set obtained contains
36,398 genes.

3.2.2. Results on Pluripotency Network Analysis in Human
Embryonic Stem Cells. The gene networks including 21,167
genes and 200,000 links were reconstructed in less than 20
minutes with a z-score threshold of 4.3 and spearman-based
association method. The built network could be retrieved at
http://plantgrn.noble.org/DeGNServer/Result.jsp?time4=&
sessionid human&method=1 1&cutoff=4.3. We also tested
with originalmutual information-basedCLR, and it took 53.3
hours to complete whole genome-scale network construc-
tion.

Generally, global networks with huge numbers of regu-
lations and interactions are a “hairball”, from which we can
hardly identify any patterns. To facilitate the identification
of subnetworks or modules that regulate a specific biolog-
ical process or developmental program, we integrated both
SNBuilder [21] and GeNa [22] methods to extract smaller
subnetworks/functional modules by providing a few seed
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Figure 3: Average AUC scores from different association-based
CLR methods for networks with larger and smaller numbers of
expression profiles; Group A: networks constructed with smaller
number of gene expression samples (30∼90 samples), Group B:
networks constructed with larger number of expression samples
(100∼1000). AUC scores were obtained through varying different
threhold settings. A perfect model will have AUC score of 1, while
random guessing will score an AUC around 0.5.

genes. We used NANOG, POU5F1, SOX2, and PHC1 as seed
genes to bait the subnetwork shown in Figure 4.

Figure 4 shows the subnetwork that is implicated to con-
trol the pluripotency renewal of human embryonic stem cells.
The literature evidence supporting the involvement of those
transcription factors on inner ring in regulating pluripotency
in human stem cells is already shown in our earlier publica-
tion and these TFs could be identified by our TF-Cluster that
is capable of constructing gene association network with all
TFs as an input [6]. However, it cannot be used to build the
genome-wide GN mainly due to computational complexity.
In this study, our DeGNServer identified 14 of 16 TF genes
that were identified previously by TF-Cluster tool from the
same data for governing pluripotency renewal. These 14
TFs include three master transcription factors, NANOG,
POU5F1 (or OCT4), and SOX2, which are necessary for
pluripotency maintenance, and they alone can convert skin
cells to induced pluripotent cells [30]. Although two TFs
were missed by our method, we identified six more other
genes that are to be involved in pluripotency maintenance
in human stem cells. In this study, we only examined the
existing literature of six genes that are located on the outer

rings (Figure 4). The developmental pluripotency-associated
2 (DPPA2) gene plays important roles in the maintenance
of pluripotency and proliferation of human embryonic stem
cells by regulating chromatin structures [31]. Although there
is no direct evidence from human stem cells, study on mouse
stem cells shows that DPPA2 knockdown induces the differ-
entiation, while it represses proliferation ofmouse embryonic
stem cells [31]. PRDM14 is an important determinant of the
human embryonic stem cell (ESC) identity, and it works in
concert with the core ESC regulators to activate pluripotency-
associated genes [32]. PRDM14 binds to silenced genes and
serves as a direct repressor of differentiation genes in human
stem cells though the exact mechanism of this repressive
activity remains unknown. ZMYND8 encodes a zinc finger
protein with a complex role in maintaining pluripotency.
Although only expressed at low levels, either up- or down-
regulation of ZMYND8 can induce differentiation in ES cells
[33]. JARID2 is a component of chromatin modification
complex PRC2 in embryonic stem cells and is required
for multilineage differentiation. It plays a role in recruiting
PRC1 and RNA Polymerase II to developmental regulators.
We found that JARID2 and CD99 in our subnetwork and
previous study have shown JARID2 functions together with
CD99 in controlling autism spectrum disorder [34]. The
exact function of DEPDC2 is currently unknown, but it
is known that the promoter of DEPDC2 is bound by the
three master transcription factors, NANOG, SOX 2, and
POU5F1 as mentioned above [35]. DEPDC2 is a molecular
marker for human stem cell [36] though its exact function
remains unknown. Similarly, the exact function of CHST4 is
currently unknown, but it is know that CHST4 is one of the
16 methylation markers of embryonic stem cells, and these
16 methylation markers also include PRDM14 as mentioned
above [37].

To further examine the sensitivity, specificity, and predic-
tion accuracy of the case study described above, we made
some assumptions. (1) We assumed that the genes that are
evidenced to be involved in pluripotency maintenance in
the existing literature are all positive genes; we then counted
the true positive (TP) and false positive (FP) genes within
each subnetwork. The true negative (TN) and false negative
(FN) genes were calculated from the rest of network that
was adjusted to the same size of each subnetwork. For
comparison, we rescaled all numbers to one hundred before
we calculated sensitivity, specificity, and prediction accuracy.
The results were shown inTable 1.The results demonstrate the
high accuracy of the DeGNServer.

3.3. Case Study 2: Deciphering Genome-Scale Pluripotency
Networks in Murine Heart Tissues

3.3.1. Mouse Heart Microarray Data Set. We also analyzed a
compendium microarray data set from heart tissues of Mus
musculus to evaluate the efficiency of the DeGNServer. This
compendium data set includes 172 Affymetrix microarray
chips of platform GPL1261, which contains 45,101 probes.
The data was downloaded from NCBI Gene Expression
Omnibus (GEO) (http://www.ncbi.nlm.nih.gov/geo/). These
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Figure 4:The identified subnetwork contains the essential transcription factors and other genes required for pluripotency maintenance.The
twelve genes on the inner ring are transcription factors known to play essential or important role in pluripotency renewal of human embryonic
stem cells. These include three master transcription factors, NANOG, POU5F1, and SOX2, which are absolutely required for pluripotency
maintenance.The genes located on the outer ringwere identified byDeGNServer for being closely coordinatedwith those transcription factors
in the inner ring.The genes on outer ring, but highlighted in yellow, are those that are implicated by the existing literature to participate in the
pluripotency renewal. This subnetwork was generated by using SNBuilder method [21] with NANOG, POU5F1, SOX2, and PHC1 as query
seeds.

Table 1: Sensitivity, specificity, and prediction accuracy of two case studies.

Case studies TP FP TN FN Sensitivity Specificity Prediction accuracy
Human stem cell 2.42 97.58 99.95 0.05 98% 50.6% 51.2%
Mouse heart 39.6 60.4 97.5 2.50 94.1% 61.7 % 68.6%
Prediction accuracy = ((TP + TN)/(TP + FP + TN + FN)) × 100%.

172 microarray data were from nine independent experi-
ments that have the following GEO accession IDs: GSE11291,
15078, 19875, 29145, 30495, 3440, 38754, 5500, and 7781. The
compendium data were generated through pooling the raw
data of 172 microarray data and then normalized with RMA
algorithm [29]. For quality control, we used twomethods that
were previously described [38].

3.3.2. Overall Performance. The gene networks including
41,742 genes and 3,869,157 links were deciphered in less than
30 minutes with a z-score threshold of 3.8 and spearman-
based association method. The built network could be

retrieved at http://plantgrn.noble.org/DeGNServer/Result
.jsp?sessionid=1367625665687&method=1 1&cutoff=3.8#.
We also tested with original mutual information-based CLR,
which took 81.6 hours to complete whole genome-scale
network construction.

3.3.3. Subnetworks Controlling Murine Heart Development.
The pathway that controls murine heart development can be
obtained fromNCBI’s BioSystems database with an accession
number of 672437 [39]. From the pathway diagram, we can
find the three central genes, Nkx2-5, Tbx1, and Mef2c, which
play very important roles in heart development, as showed
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up in the subnetwork, we obtained (Figure 5). Nkx2-5 is
known to be involved in cardiac muscle cell differentiation
[40], proliferation [41], contraction [42], and muscle tissue
development [43]. Lack of Nkx2-5 can lead to the myogenic
andmorphogenetic defects in the heart tubes [43].Mef2c and
Nkx2.5 are known to control common downstream targets
and exhibit striking phenotypic similarities when disrupted
[43]. Tbx1 affects asymmetric cardiac morphogenesis by
regulating Pitx2 in the secondary heart field [44]; it also
controls regional coronary artery morphogenesis [45], aorta
morphogenesis [46], and blood vessel development [47].
Prox1 is known to function as a direct upstream modifier
of Nkx2.5 and is responsible for maintaining muscle struc-
ture and growth [48, 49]. CAMTAs promote cardiomyocyte
hypertrophy and activate the ANF gene, at least in part, by
associating with the cardiac homeodomain protein Nkx2-
5 [50]. The transcriptional activity of CAMTAs is governed
by association with class II histone deacetylases (HDACs),
which negatively regulate cardiac growth [50]. Smarca4,
as a nuclear notch signaling component required for the
establishment of left-right asymmetry [51], is also essential
for heart development by involving chromatin remodeling
complexes [51]. Kdm6 interacts with Smarca4 to control T-
box family member-dependent gene expression [52]. Wnt2
is required for atrial and inflow tract morphogenesis, and it
regulates expansion of secondary heart field progenitors [53].
Myocd controls cardiac muscle cell proliferation, growth,
and differentiation [54]. Eno3 is highly expressed in skeletal
muscle and heart [55]. The specific function of murine
Chst2 is currently unknown, but human umbilical vein
endothelial cells predominantly express CHST2 [56, 57].
The heart requires glycerol as an energy substrate through
aquaporin 7, a glycerol facilitator [58]. Glycerol is taken into
cardiomyocytes and is finally converted to pyruvate by Gpd2
enzymes [59]. EphA4 mutant mice exhibit defects in the
coronal suture and neural crest-mesoderm boundary [60].

3.4. Sensitivity, Specificity, and Prediction Accuracy of the
above Two Case Studies. To further examine the sensitivity,
specificity, and prediction accuracy of the three case studies
as shown above, we made some assumptions: (1) for human
pluripotency renewal, we assumed that the genes that are
evidenced to be involved in pluripotency maintenance in
the existing literature are all positive genes; (2) for heart
development, due to the large number of genes involved in
these biological processes, we cannot search the literature
evidence for all genes.We classified all genes involved in heart
development to be positive based on gene ontologies.We then
counted the true positive (TP) and false positive (FP) genes
within each subnetwork. The true negative (TN) and false
negative (FN) genes were calculated from the rest of network
that was adjusted to the same size of each subnetwork. For
comparison, we rescaled all numbers to one hundred before
we calculated sensitivity, specificity, and prediction accuracy.
The results were shown in Table 1.

4. Discussions
We developed the DeGNServer to enable the reconstruction
of genome-scale GN using the increasingly accumulated

large-scale gene expression data in public domain. Users may
use it to generate whole genome scale GNs from large amount
of gene expression data in any species. After whole genome
GN construction, users can obtain the subnetworks by pro-
viding a few genes of interest. All subnetworks generated with
different genes of interest and thresholdswill be automatically
listed online for downloading and studying. When genome-
wide network construction was performed with 189 human
microarray profiles as an input for DeGNServer, we could
identify a subnetwork containing majority of genes involved
in pluripotency maintenance in human embryonic stem cells
[6, 30, 35]. It is worth mentioning that TF-Cluster pipeline
that we developed earlier [6] is capable of building a coordi-
nated network using the same human compendium data set
and identifies only those transcription factors located on the
inner ring in Figure 4, but it misses all genes that are located
on the outer ring in Figure 4 mainly because it can build a
local transcription factor coordination network rather than
the whole genome-scale network. When genome-wide GNs
were constructed using the DeGNServer, we could identify
more genes (shown in outer ring in Figure 4) that regulate
human pluripotency renewal together with those major
transcription factors as shown in inner ring in Figure 4. To
test if DeGNServer can identify true subnetworks in different
circumstances, we also applied it to a murine compendium
data set we downloaded and pooled fromGEO database.The
data is from heart tissues of Mus musculus. We obtained a
subnetwork that contains functionally cohesive genes known
to control the heart developmental program in mouse. This
evidence clearly indicated that the use of DeGNServer can
lead to the deciphering of the more comprehensive networks
from which we can discover new genes involved in a specific
biological process. We thus think that DeGNServer is useful
in identifying genes governing a specific biological process,
pathway, or a developmental program.

Although we have tested with synthetic data and found
that Spearman-based CLR appears to have better perfor-
mance than any of other methods including original mutual
information basedCLR,we still make allmethods available in
DeGNServer.This is because the efficiency of different meth-
ods may be dependent on the properties of biological data, as
we showed in a previous study [7]. For subnetwork extraction,
we integrated both SNBuilder and GeNa algorithms; both are
found to be proficient in identifying the true subnetworks.
However, GeNa usually produces small subnetworks with
cohesive function.

5. Conclusions

We have developed a high performance web-based platform,
namely, DeGNServer, for genome-scale GN construction
and subnetwork extraction. DeGNServer is capable of ana-
lyzing gene expression data with very high dimensionality
of gene space and very large number of gene expression
profiles. As tested, it can analyze hundreds of microarray
profiles of human (36,000 genes) for reconstruction of gene
association networks within 30 minutes, mainly through
the improvement of gene association estimation algorithms
and parallel computing in combination. The DeGNServer
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Figure 5:The subnetwork that is responsible for heart growth and development in mouse.The whole genome-scale network was constructed
from 175 chips of GPL1261 platform using DeGNServer and then extracted using community-finding algorithm called GeNa [22] with Nkx2-
5, Prox1, and Mef2c as query seeds. Genes highlighted in red are implicated by the existing literature to participate in heart growth and
development.

is as accurate and sensitive as the original CLR method
and runs hundreds to thousands times faster. Furthermore,
through the integration of network decomposition methods,
the DeGNServer is capable of identifying novel functional
cohesive subnetworks or modules.
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A major genetic suspect for Alzheimer’s disease is the pathological conformation assumed by apolipoprotein E4 (ApoE4) through
intramolecular interaction. In the present study, a large library of natural compounds was screened against ApoE4 to identify novel
therapeutic molecules that can prevent ApoE4 from being converted to its pathological conformation. We report two such natural
compounds PHC and IAH that bound to the active site of ApoE4 during the docking process. The binding analysis suggested that
they have a strong mechanistic ability to correct the pathological structural orientation of ApoE4 by preventing repulsion between
Arg 61 and Arg 112, thus inhibiting the formation of a salt bridge between Arg 61 and Glu 255. However, when the molecular
dynamics simulations were carried out, structural changes in the PHC-bound complex forced PHC to move out of the cavity thus
destabilizing the complex. However, IAH was structurally stable inside the binding pocket throughout the simulations trajectory.
Our simulations results indicate that the initial receptor-ligand interaction observed after docking could be limited due to the
receptor rigid docking algorithm and that the conformations and interactions observed after simulation runs aremore energetically
favored and should be better representations of derivative poses in the receptor.

1. Introduction

Alzheimer’s disease (AD) is the most common form of
dementia. AD is a harmful neurological disorder that affects
about 5.4million Americans of all ages [1]. One in every eight
old Americans has AD, making it the sixth major cause of
death in the United States [1]. In India, the annual incidence
rate per 1,000 persons for AD is 11.67 for those above 55
years of age and even higher for those above 65 years [2].
AD, which affects memory, thinking ability, and behavior,
is characterized by complex neuropathological features that
include heaping of amyloid 𝛽 (A𝛽) followed by synaptic
dysfunction, formation of neurofibrillary tangles, and ele-
ments of degenerating neurons [3]. Degeneration causes

a decrease in the acetylcholine levels and in the activities of
choline acetyltransferase [4].

Although the U.S. Food and Drug Administration (FDA)
has approved 5 drugs that temporarily improve the condi-
tion of patients suffering from AD, none is fully effective
because of associated toxic effects [1]. Tacrine, donepezil, riv-
astigmine, and memantine, for example, have significant side
effects such as elevation of serum aminotransferase con-
centration, nausea, vomiting, diarrhea, anorexia, anxiety, and
agitation [5–7].The toxic effects of these drugs necessitate the
development of new therapeutic compounds.

To develop a new drug, a computational approach is
worthwhile and saves time.This approach involves screening
new ligands for a specific target within a relatively short span
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of time. High throughput virtual screening (HTVS) is one
of the most effective and rapid approaches for identifying
probable inhibitors of the target protein [8]. Various potential
drug targets have been reported to improve AD-associated
pathological features such as acetylcholine esterases [9],
NMDA receptor [10], and apolipoprotein E4 (ApoE4). ApoE
plays a significant role in maintaining and repairing neurons.
ApoEhas three isoforms, namely, ApoE2, ApoE3, andApoE4.
The isoforms differ at residue positions 112 and 158 [11].
ApoE4 is the major genetic risk attributed to AD [12–17].
It acquires a pathological conformation through an intra-
molecular interaction, in which positively charged Arg 112
repels the side chain of Arg 61 in the aminoterminal domain,
allowing the formation of a salt bridge between Arg 61 and
Glu 255 at the carboxyl terminal domain [18, 19]. Forty to
eighty percent of patients with AD are estimated to possess
at least one ApoE4 allele [20]. ApoE4 is less effective in
maintaining and repairing neuronal cells compared to ApoE2
and ApoE3 [21–23]. ApoE4 also disrupts the normal process
by which cells release excess A𝛽, resulting in elevated levels
of A𝛽 leading to its deposition in the brain [24–26]. ApoE4
uniquely performs neuron-specific proteolysis due to which
harmful bioactive fragments are formed that can enter the
cytosol, disrupt the mitochondrial energy balance, alter the
cytoskeleton, and cause cell death [27–29]. ApoE is the only
example of a susceptibility gene for AD [30] associated with
lower glucose use and is believed to affect the hippocampus
and cortex, areas found to be affected in patients with AD
[31, 32]. It has been confirmed that the ApoE locus on chro-
mosome 19 is strongly associated with the development of
AD [12, 33, 34]. Smallmolecule structure correctors of ApoE4
have been suggested that effectively modulate the biophysical
properties and the function of abnormal proteins. Some
examples of ApoE4 structure correctors are GIND25 [35] and
phthalazinone derivatives [36]. The evidential association of
ApoE4 with increased risk of AD makes it a potential drug
target for designing natural drug candidates for AD.

The present study focuses on identifying potential natural
drug candidates as structure correctors for ApoE4. Keeping
this goal in mind, a large database of natural compounds
was screened against the 3D structure of ApoE4 using
high throughput technology. In silico screening led to the
identification of a new class of ApoE4 structure correctors
that abolish the ApoE4 domain interaction. The molecular
dynamics (MD)were then simulated to examine the dynamic
behavior of molecular interactions between the screened
compounds and the functional residues of ApoE4.This study
paves the way for the development of novel leads for AD
treatment that have improved binding properties and pose
low toxicity to humans.

2. Materials and Methods

2.1. Protein Preparation. The crystal structure of human
ApoE4 [PDB ID: 1GS9], determined at a resolution of
1.70 Å, was retrieved from the Protein Data Bank [37].
ApoE4 contains a single domain of 22 kD. To preprocess the
retrieved structure of ApoE4, Protein Preparation Wizard in

Schrodinger’s Maestro interface [38] was used, followed by
optimization [39].

2.2. Grid Generation and Ligand Library Preparation. The
prepared protein structure was used to generate a grid using
the receptor grid generation utility of the Glide docking
module of the Schrodinger suite [40, 41]. Residues Arg-61,
Glu-109, and Arg-112 form the catalytic triad in the active
cleft of ApoE4 [36, 42]. The ligand library was prepared
by extracting approximately 0.2 million natural compounds
from the ZINC database [43] and processing them with
Schrodinger’s LigPrep Wizard [44] and using the Lipinski
filter.

2.3. High Throughput Virtual Screening and Docking Studies.
The prepared ligand library was screened with the Glide
Program [41, 45]. Glide uses a systematic method for virtual
screening based on incremental construction searching and
provides the output as the GScore scoring function combined
with various other parameters. Glide’s HTVS and extrapre-
cision (XP) algorithms combine to perform docking [46].
The screening against ApoE4 at the desired grid coordinates
was performed through the HTVS docking algorithm [40].
Compounds with a significant docking score were subjected
to Glide XP, a more precise docking algorithm for further
refined screening.

2.4. Molecular Dynamics Simulations of Docked Complexes.
The MD were simulated to study the dynamical behavior
of the top-scoring docked complexes using the GROMACS
package [47]. Initially, amber force fields were applied using
the Amber tool package [48]. GROMACS topology files
were created by converting amber topology files using the
AnteChamber Python Parser interface script. To get elec-
trically neutral complexes, the complexes were solvated in
a cubic box of water molecules, and appropriate counter-
ions were added. The solvated system was minimized for
about 10,000 steps using the steepest descent and conjugate
gradient methods until the force on each atom was less than
100 kJ/mol/nm. The geometrically minimized systems were
then subjected to isothermal molecular dynamics simula-
tions.

3. Results and Discussion

3.1. Outcomes of High Throughput Virtual Screening and
Docking Studies. Human ApoE4, one of the most promising
drug targets for treating AD, was virtually screened against
approximately 0.2 million compounds of the ZINC database.
The screened compounds were ranked according to their
binding affinity, calculated as the scoring function called the
GlideGScore. Of all compounds, a total of 10,000 compounds
were identified from HTVS out of which those with a Glide
score of less than −6.0 (64 compounds) were subjected to the
Glide XP docking protocol. The top two scoring compounds
and their properties are listed in Table 1. The values of the
other docking parameters used for evaluating the selection
criteria of the top-scoring ligands are shown in Table 2.
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Table 1: Physical properties of potential structure correctors identified using virtual screening.

Compound ZINC ID Structure log𝑃 value Mol.wt.
(g/mol) HBD HBA tPSA

(Å2)
Heavy
atoms

ZINC19735138

O O−

NH+

HN

−0.41 126.11 2 4 70 9

ZINC00049154

CH3

OH

OH
OH

N
−0.55 169.18 3 4 74 12

Mol.wt.: Molecular weight, HBD: hydrogen bond donor, HBA: hydrogen bond Acceptor, tPSA: topological polar surface area.

Table 2: Binding affinity scores and energies of ApoE4 in complex with IAH and PHC.

Compound ZINC ID Docking score XP Gscore Glide ligand efficiency Glide evdw Glide emodel Glide energy
IAH ZINC19735138 −6.79 −6.79 0.75 −3.28 −23.90 −28.96
PHC ZINC00049154 −6.76 −6.76 −0.56 −6.18 −32.97 −26.97

The top-scoring compound (4-imidazoleacetic acid
hydrochloride; ZINC19735138; IAH) had a Glide score of
−6.79 kcal/mol, while the second compound (2-methyl, 3-
hydroxy-4,5-dihydroxymethylpyridin or pyridoxine hydro-
chloride; ZINC00049154; PHC) had a score of −6.76
kcal/mol. The results revealed that IAH had a stronger
binding affinity for human ApoE4 protein than PHC. Both
ligands interacted with the two catalytic triad residues of
ApoE4 in addition to other neighboring residues of the active
site.

3.2. Binding Mode Analysis of Ligand-Docked
ApoE4 Complexes

3.2.1. ApoE4-IAH Complex. In the case of the ApoE4-IAH
complex, IAH interacted with the active site residues of
ApoE4 (Figure 1(a)) with the formation of 3 hydrogen bonds
and numerous hydrophobic contacts. Arg 61, Asp 65, and
Glu 109 were the residues participating in hydrogen bond
formation (Figure 1(b)). The NE and NH

2
atoms of basic cat-

alytic amino acid Arg-61 formed 2 hydrogen bonds (3.28 Å,
2.73 Å) with the O atom of IAH. Other hydrogen bonds
(2.49 Å, 2.71 Å) were formed by atom N

1
of IAH with the

OE
2
atom of acidic active site residue Glu 109 and OD1 of

neighboring acidic residue Asp-65 and atom N2 of IAH. In
addition, Met-64 was involved in hydrophobic interaction
in the ApoE4-IAH complex (Figure 1(c)). Among all these
interacting residues, Arg 61 and Glu 109 (part of the catalytic

triad) are crucial amino acids and play a prominent role in
abolishing the structural orientation of ApoE4. IAH bound
to these residues, thus preventing interaction among them
and improving the functionality of ApoE4. Various chemical
properties of IAH were considered that supported its drug-
likeness for AD treatment (Table 1). The topological polar
surface area was reasonably high, which indicated that it can
readily be absorbed in the human intestine and can penetrate
the blood-brain barrier (BBB). In IAH, the presence of 12
heavy atoms and a high potential energy of 50.33 kcal/mol
suggested that this ligand molecule has a good binding
affinity for human ApoE4.

3.2.2. ApoE4-PHC Complex. PHC is a single ringed structure
with a molecular weight of 169.18 g/mol and lipophilicity
value (logP) of −0.55 at pH 7. The topological polar surface
area of PHCwas also considered as it is very useful for identi-
fying drug transport properties, human intestinal absorption,
and BBB infiltration.The presence of a reasonable number of
heavy atoms (9) and a good potential energy of 74 kcal/mol
suggest that PHC is capable of binding strongly with ApoE4
(Figure 2(a)). In this study, PHC formed 4 hydrogen bonds
and 1 hydrophobic contact with human ApoE4. As can be
seen in Figure 2(b), 2 hydrogen bonds were formed between
the NH

2
and NE atoms of active site residue Arg 61 and

the O
3
atom of PHC with bond length 2.67 Å and 2.74 Å,

respectively, while 2 others were formed with the OD1 and
OD2 atoms of the neighboring residue Asp 65 and O1 and
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Asp 65

2.72
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Glu 109
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(b)

ApoE4IAH

Met 64

(c)

Figure 1: Molecular interactions between IAH (orange) and ApoE4 before MD simulations. (a) Position of IAH in the ligand-bound ApoE4
complex. (b) Hydrogen bond interactions. (c) Hydrophobic interactions.
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Arg 61

Asp 65

PHC

(b)

ApoE4
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Glu 109
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Figure 2: Molecular interactions between PHC (yellow) and ApoE4 beforeMD simulations. (a) Position of PHC in the ligand-bound docked
complex. (b) Hydrogen bond interactions. (c) Hydrophobic interactions.
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Table 3: Molecular interactions present in pre- and post-MD simulated IAH-bound ApoE4 complexes.

ApoE4-IAH complex Residues participating
in hydrogen bonding

Residues governing
hydrophobic contacts

Hydrogen bond
length (Å)

Pre-MD
Arg-61
Asp-65
Glu-109

Met-64
3.28, 2.73

2.71
2.49

Post-MD
Met-64
Gly-105
Glu-109

Arg-61, Asp-65,
Met-68, Arg-112

2.98
3.14
3.08

3.0

2.5

2.0

1.5

1.0

0.5

0.0
0 2 4 6 8 10 12

Time (ns)

RM
SD

 (Å
)

(a)

Postsimulated IAH
ApoE4

Presimulated IAH

(b)

Figure 3: MD simulations trajectories: (a) RMSD trajectory of IAH in complex with ApoE4 obtained after MD simulations,
(b) superimposition of pre-MD (orange) and post-MD (red) complexes of IAH with ApoE4.

O2 atoms of PHC with bond length of 2.83 Å and 2.74 Å,
respectively. However, acidic amino acid Glu 109 of the
catalytic triad was involved in making hydrophobic contact
with PHC as illustrated in Figure 2(c). Of all these residues,
Arg 61 andGlu 109 as part of the catalytic triad are responsible
for the structural aberration in the human ApoE4 protein.
These interactions of PHCwith the crucial residues of ApoE4
suggest that this is a promising ligand that could correct the
functionality of abnormal ApoE4.

3.3. Molecular Dynamics Simulations of Ligand-Bound
ApoE4 Complexes

3.3.1. Interaction Analysis of the ApoE4-PHC Complex. For
further refinement and stabilization of both docked com-
plexes, the MD were simulated using the GROMACS pack-
age. The simulation lengths used in the study were long
enough to allow rearrangement of the side chains of the
native and the ligand-complexed protein thus facilitating the
most stable binding mode. As is evident in Figure 3(a), the
backbone of the protein acquired stability after 8 ns with
a root mean square deviation (RMSD) of only about 2.5 Å
from its initial position. However, the MD simulations for
ApoE4-PHC complex conducted for up to 24 ns revealed
interesting results. PHC moved away from the binding site
of ApoE4 during the simulations and lost all interactions

formed in the initial docked pose. Figure 4 illustrates the
binding instability snapshots of PHC with ApoE4 during
the simulation trajectory. During the MD simulations, the
position of PHC in the ligand-bound complex was constantly
altered. As can be seen from the snapshots at 6 ns and 8 ns,
PHC moved far away from the binding site while staying at
the surface of the protein. However, at 20 ns PHC was highly
destabilized and split. Thus, it can be inferred that during
the docking procedure the interactions of PHC with residues
Arg 61, Arg 65, and Glu 109 of ApoE4 were only the result
of static contacts. These pseudointeractions readily vanished
when dynamics was considered in the study.

3.3.2. Interaction Analysis of MD-Stabilized ApoE4-IAHCom-
plex. In the energetically stable ApoE4-IAH complex, the
IAH molecule interacted with the residues Arg 61, Glu 109,
andArg 112 of the catalytic triad of ApoE4.The IAHmolecule
also formed contact with the residues Met 64, Asp 65,
Met 68, and Gly 105. Though some deviation of IAH was
observed from its initial position leading to a change in
its binding mode, the binding was stable inside the ApoE4
cavity. A comparative analysis of the interaction profiles of
ApoE4-IAH complex before and after the MD simulations
is described in Table 3. The superimposition of the ligand
IAH in the pre- and post-MD simulated complex structures
inside the active site of ApoE4 is depicted in Figure 3(b).
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Figure 4: Snapshots depicting the binding instability of PHC with APoE4 during the MD simulations trajectory.
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Figure 5: Molecular interactions between IAH (orange) and ApoE4 after MD simulations: (a) Hydrogen bond interactions and
(b) hydrophobic interactions.

Initially, IAH formed 4 hydrogen bonds with the residues
Arg 61, Asp 65, and Glu 109 of ApoE. After the simulations,
3 hydrogen bonds with the residues Arg 61 and Asp 65 had
been replaced with 2 new hydrogen bonds involved with
amino acids Gly 105 andMet 64.The hydrogen bond with the
residue Glu 109 remained consistent with a slight change in
the bond length (Figure 5(a)). The only hydrophobic contact
with Met 64 was present in IAH-bound ApoE4 before MD
disappeared during the MD simulations. However, after the
MD simulations IAH formed strong hydrophobic contacts
with 4 residues of ApoE4 (Figure 5(b)). The stability of IAH

in the binding pocket of APoE4 is prominently governed by
these hydrophobic contacts. After the MD simulations, IAH
acquired a more stable conformation within the active site of
ApoE4 by placing itself deep inside the cavity.

4. Conclusion

In the present work, we screened two top-scoring com-
pounds, IAH and PHC, which possess high Glide XP
scores of −6.79 kcal/mol and −6.76 kcal/mol, respectively,
against human ApoE4. These compounds interacted with
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the catalytic triad residues of ApoE4 that are crucial formain-
taining its aberrant structure. The binding of these ligands
suggests that they have a strong mechanistic ability to correct
the pathological structural orientation of ApoE4 by prevent-
ing repulsion between Arg 61 and Arg 112, thus inhibiting
the formation of a salt bridge between Arg 61 and Glu 255.
The chemical properties of these potent structure-correctors
are in line with the stipulated requirements of drug-like
compounds for further experimental analysis. After the MD
simulations, the interactions formed by IAH were consistent.
However, a comparison between the conformations obtained
from docking and that frommolecular dynamics simulations
for the second ligand PHC revealed substantial changes
in binding conformations. Our simulation results indicate
that the initial receptor-ligand interaction observed after
docking can be limited due to the receptor rigid dock-
ing algorithm and that the conformations and interactions
observed after the simulation runs are more energetically
favored and should be better representations of the derivative
poses in the receptor. Our detailed binding analysis of IAH
substantiated by its dynamic structural stability provides
considerable evidence for use as a potent natural lead against
Alzheimer’s. Results from this study would also be helpful
in designing novel neuroregenerative drugs with improved
binding properties and low toxicity.
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Background. Next generation sequencing (NGS) is being widely used to identify genetic variants associated with human disease.
Although the approach is cost effective, the underlying data is susceptible to many types of error. Importantly, since NGS
technologies and protocols are rapidly evolving, with constantly changing steps ranging from sample preparation to data processing
software updates, it is important to enable researchers to routinely assess the quality of sequencing and alignment data prior to
downstream analyses. Results.Here we describe QPLOT, an automated tool that can facilitate the quality assessment of sequencing
run performance. Taking standard sequence alignments as input, QPLOT generates a series of diagnostic metrics summarizing run
quality and produces convenient graphical summaries for these metrics. QPLOT is computationally efficient, generates webpages
for interactive exploration of detailed results, and can handle the joint output of many sequencing runs. Conclusion. QPLOT is
an automated tool that facilitates assessment of sequence run quality. We routinely apply QPLOT to ensure quick detection of
diagnostic of sequencing run problems. We hope that QPLOT will be useful to the community as well.

1. Introduction

Next generation sequencing (NGS) is a revolutionary tech-
nology for biomedical research and is being deployed in a
variety of applications, ranging from the identification of
rare variants, de novo mutations, and somatic mutations in
human disease studies to assessments of transcriptome and
epigenome states in cultured cells. Since NGS provides more
complete results than traditional array technologies and is
rapidly decreasing in cost, it is becoming more widely used
for genomics studies. Whole exome sequencing, which is the
targeted sequencing of the entire collection of protein coding
regions in the genome, has already led to great advances in
Mendelian disorder genetics [1, 2], complex traits [3, 4],and
cancer genomics [5, 6]. The 1000 Genomes Project [7, 8]
is leading an effort to provide a comprehensive catalog of
human variation across the world through whole genome

sequencing. Several underway studies are now deploying
whole genome and whole exome sequencing to study large
collections of human disease samples.

The success of NGS studies depends on appropriately
understanding the quality of underlying data. However,
unlike traditional array platforms, analysis of sequencing
data is much more complex, making real time monitor-
ing of data quality more challenging. NGS technologies
and associated set of protocols are constantly evolving,
and updates to several different components of the pro-
cess (including, for example, software, sample preparation,
and/or reagents) can result in important and sometimes
unexpected changes in data quality. We believe that the
ability to generate automated visual summaries that help
identify common problems is critical. To achieve this, we
developed QPLOT, a tool for quick quality assessment in
NGS data. QPLOT calculates and graphs summary statistics
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Figure 1: A subset of figures generated by QPLOT on an Illumina run. (a) Empirical base quality scores versus the scores stored in the BAM
files. (b) Empirical base quality scores by cycles. (c) Bias of depth by GC content. (d) Insert size distribution.

describing sequence and alignment quality. Data quality
is assessed both through reported base quality scores and
empirically obtained metrics by comparing aligned bases to
the reference genome. In this way, it is possible to track the
number of high quality bases along the length of a read
(to choose a read length that maximizes the yield of high
quality bases and compare run quality over time) or identify
the presence of adaptor sequence and other problems in
alignment (these can result in high empirical mismatch rates
near the ends of RNA-sequencing reads, due to difficulties
in correctly placing splice junctions—a problem that can be
ameliorated by excluding these bases from variant calling
and RNA editing analyses after alignment). We constantly

interact with our sequencing core and other collaborators
generating sequence data to improve QPLOT and facilitate
efforts to drive up the quality of next generation sequence
data.

QPLOT differs from tools that only inspect unaligned
sequence reads (such as FastQC [9] and SolexaQA [10]),
because it can identify common problems in alignment and
provide diagnostic descriptions of read mapping. For exam-
ple, it generates empirically calibrated base quality scores and
insert size distributions, two features that have substantial
impact on variant calling and other downstream analyses.
QPLOT also tries to improve packages designed specifically
for handling aligned data (such as SAMStat [11] and Picard
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Figure 2: Exemplar diagnosis plots of RNA-sequencing data. (a) Empirical base quality scores by cycles. (b) Differential GC biases across
multiple samples.

[12]) through its computational efficiency (QPLOT can sam-
ple regions of the genome randomly so as to rapidly evaluate
very large alignments) and its ability to handle many samples
(which helps to identify batch effects and other transient
data processing problems). Importantlywenote that genome-
wide summary statistics can be extrapolated based on ran-
domly sampled regions with little loss of accuracy. When
the number of input files is very large, QPLOT can generate
XML and text files with raw summary data and an interactive
webpage that allows users to explore available quality metrics
and graphs. XML and text output can be conveniently stored
in a tracking database. In addition to graphical representa-
tion, key features are also summarized to generate a concise
representation of the quality measurement (for example, a
mean squared difference is used to summarize concordance
of empirical and reported base quality scores, and the impact
of GC content is summarized in a similar fashion based on
the deviation of the depth for each GC bin from uniform
coverage).

2. Materials and Methods

QPLOT is implemented in C++ and invokes R to generate
figures. Available statistics include summaries of base quality,
both overall and along each position in a read, comparisons
of reported and empirical quality base scores, summaries
of insert size for paired end libraries, global evaluations of
coverage as well as more detailed evaluations of coverage
as a function of GC content, and the regions targeted for
enrichment. Empirical base scores are calculated as Phred
scaled mismatch rates, that is, −10 × log

10
(number of

matches/(number of matches + number of mismatches)),
where number of matches and number of mismatches are
the counts of aligned sequence bases that are concordant or
discordant with the expected base in the reference genome,
respectively, excluding known variant sites; thesemismatches
are dominated by genuine sequencing errors and provide
a basis for base quality recalibration. To describe potential
GC bias in sequencing runs, we calculate the mean depth
of coverage for each GC content bin (0–100 representing 0–
100% GC composition) for a series of windows along the
genome (or, in the case of targeted sequencing experiments,
within targeted regions). After normalization by the expected
depth based on total mapped reads, the normalized depth
for each GC content bin reflects biases of each experiment
and can be compared with sequenced samples. Details of
other summary statistics are available on the QPLOT website
(http://genome.sph.umich.edu/wiki/QPLOT). QPLOT can
be run as a stand-alone tool or incorporated into automated
data processing pipelines.

3. Results and Discussion

We regularly use QPLOT in our sequencing projects includ-
ing whole genome sequencing, RNA-seq, and targeted
sequencing. Results for one Illumina run in a whole genome
low pass sequencing study are shown in Figure 1. In this
run the reported base quality scores deviate from empirically
assessed quality, indicating that base quality recalibration
is recommended (Figure 1(a)). As expected, empirical base
quality scores decrease with increasing position along reads
(Figure 1(b)), which is typical of Illumina sequencing.
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However at position 36 empirical quality scores appear to
increase, an artifact of the −q 15 option used in BWA [13]
when mapping these data. The −q 15 option trims portions
of reads with base quality <15, but always leaves at least 36
bases in each read (in our experience, this option increases
the fraction of mapped reads and the number of mapped
high quality bases). In this run, sequences with very high or
very low GC content are underrepresented (below 1 in the
relative depth curve, Figure 1(c)). Assessment of paired reads
shows a distribution of insert sizes with peaks ranging from
∼240 bp to ∼300 bp (Figure 1(d)). In this case, since reads
are 120 bases long, many paired reads overlap (particularly
in lanes 1, 3, 5, and 7);these overlaps, if ignored, can result
in PCR artifacts that look like sequence variants—suggesting
that the protocol might be tweaked to increase library insert
sizes. When we compared metrics generated by evaluating
the complete data and those extrapolated from random 5Mb
segments of the genome, the two sets of summary statistics
were remarkably similar (see QPLOTwebpage for examples),
but computing time was reduced from 38 minutes to 13
minutes.

In a second example, Figure 2 summarizes the results
of an RNA-sequencing run. Here, empirical base quality
scores are unexpectedly low near the beginning of each read
(Figure 2(a)). When we remapped all reads after trimming
the first several bases, the same pattern was repeated, sug-
gesting that the observation is not due to high sequencing
error rates or residual adapter sequences (trimming and
remapping usually solve problems with residual adapter
sequences, in our experience). Instead, the observation is
the result of alignment artifacts when exon boundaries fall
near the beginning or end of reads, a common problem in
RNA-sequencing analyses. To avoid artifacts in downstream
analyses, we suggest trimming the beginning and end bases
of each read after mapping. Figure 2(b) shows that lane 7 has
a GC content pattern that is dramatically different from the
others, recommending great caution before comparing gene
expression levels estimated for that sample and the others
[14].

4. Conclusions

NGS has revolutionized the way genomics and biomedical
studies are conducted. However the technologies are still
rapidly evolving, and analysis of NGS data is challenging.
Simple and convenient tools are important to help monitor
data production and processing. Here we describe QPLOT,
a computationally efficient tool that we hope will be helpful
in quality assessment and diagnosis of NGS performance.
We hope that information conveyed in these plots and
statistics will facilitate the understanding of sequencing data
to enable improved downstream processing and constant
quality improvements.
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Exome sequencing using next-generation sequencing technologies is a cost-efficient approach to selectively sequencing coding
regions of the human genome for detection of disease variants. One of the lesser known yet important applications of exome
sequencing data is to identify copy number variation (CNV). There have been many exome CNV tools developed over the last few
years, but the performance and accuracy of these programs have not been thoroughly evaluated. In this study, we systematically
compared four popular exome CNV tools (CoNIFER, cn.MOPS, exomeCopy, and ExomeDepth) and evaluated their effectiveness
against array comparative genome hybridization (array CGH) platforms.We found that exomeCNV tools are capable of identifying
CNVs, but they can have problems such as high false positives, low sensitivity, and duplication bias when compared to array CGH
platforms. While exome CNV tools do serve their purpose for data mining, careful evaluation and additional validation is highly
recommended. Based on all these results, we recommend CoNIFER and cn.MOPs for nonpaired exome CNV detection over the
other two tools due to a low false-positive rate, although none of the four exome CNV tools performed at an outstanding level when
compared to array CGH.

1. Introduction

Next-generation sequencing technology, piloted by the Illu-
mina platform, has substantially decreased the cost of
sequencing on large genomic regions. However it is still
financially prohibitive to perform whole genome sequencing
on a large number of subjects, especially for large scale
genetic epidemiology association studies, at a sufficient depth
for accurate genotype calls. The human exome represents
about 1–3% of the human genome with approximately 30–50
million base pairs but accounts for over 85% of all mutations
identified in Mendelian disorders [1]. As a result, exome
sequencing is currently an attractive and practical approach
for investigating coding variations.

Exome sequencing is typically used to identify single
nucleotide polymorphisms (SNPs), somatic mutations
(through paired sample comparison), and small and large

structural variations. A lesser-known application of exome
sequencing data is to identify copy number variations
(CNV). CNVs are a structural variation in which cells have
an abnormal number of copies of one or more sections of
the DNA. Normal cells are diploid containing two copies
of DNA and abnormal CNVs refer to large regions of
the chromosome that have been deleted or duplicated.
CNV characterization is important for both the basic
understanding of many diseases and their diagnoses. CNVs
have been linked to various diseases including autism [2],
obesity [3], breast cancer [4], colorectal cancer [5], and lung
cancer [6].

Traditionally, CNV detection has been performed with
cytogenetic techniques such as fluorescent in situ hybridiza-
tion, array comparative genomic hybridization (array CGH),
and with virtual karyotyping using SNP arrays. Array CGH is
commonly considered to be a reliablemethod for discovering
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novel CNVs because of the relatively even distribution of
probes [7]. Many high-impact copy number studies [8–10]
were based on results derived from array CGHmethods.

Whole genome sequencing data are relatively even in
coverage, thus making it ideal for CNV discovery. Many
CNVmethods [11–17] have been developed forwhole genome
sequencing data. On the other hand, exome sequencing’s
depth is strongly affected by the enrichment regions, thus
making it less ideal for CNV discovery. However, given the
popularity of exome sequencing and the massive amount of
exome sequencing data accumulated thus far, there is much
interest in inferring CNVs from exome sequencing data.
Thus, multiple CNV tools targeting exome sequencing data
have been developed. We have cataloged sequencing data
based CNV tools in Table S1 at the Supplementary Material
available online at http://dx.doi.org/10.1155/2013/915636.

To determine if exome sequencing could provide reli-
able CNV detection, we performed array CGH and exome
sequencing on 16 breast cancer cell lines. The data obtained
from this study provides us an opportunity to evaluate
the CNV discovery method based on exome sequencing
while using array CGH as the reference. To date, there have
been seven CNV tools targeting exome sequencing data:
ExomeCNV [18], CoNIFER [19], cn.MOPS [20], exomeCopy
[21], ExomeDepth [22], CNANorm [23], and CONTRA
[24]. CNANorm, CONTRA, and ExomeCNV are specifically
designed for paired tumor and normal samples. The other
four do not require paired sample as input. These four
tools cover a unique aspect of exome sequencing data. As
exome sequencing become more commercially affordable,
large epidemiology studies which only have blood samples
available are more likely to choose exome sequencing over
SNP array. The unpaired exome CNV tools will become
the only suitable tools for CNV analysis. In this study, we
systematically evaluated the performance of these four tools
against each other using array CGH as the reference. We
present our findings in detail and make a recommendation
for the best unpaired exome CNV discovery tool based on
our findings.

2. Materials and Methods

Weperformed array CGHon 16 breast cancer cell lines (Table
S2) using the Agilent SurePrint G3 Human CGHMicroarray
Kit. This array CGH kit contains 963,029 distinct probes
with 2.1 KB overall median probe spacing. The array CGH
chips were scanned using the GenePix 4000B scanner, and
probe intensities were normalized using Agilent’s Feature
Extraction software. CNVs were called using the Aberration
Detection Method 2 (ADM2), a very broadly used CNV
detection method for array CGH platform through Gene-
Spring Software. Exome sequencing data analysis was also
performed on the same 16 breast cancer cell lines using
Illumina’s TrueSeq exome enrichment kit on Illumina’s HiSeq
2000 platform. The sequencing reads are pair end 75 base
pair long. The pooled, barcoded raw data produced by the
Illumina HiSeq 2000 high-throughput sequencer was first
split using barcode splitting software to obtain raw data for

each individual. The raw data were aligned using BWA [25],
which was designed based on the Borrows-Wheeler Trans-
formation.The Human reference genome HG19 was used for
alignment. The aligned BAM [26] files were locally realigned
using the Genome Analysis Toolkit (GATK) [27] developed
by the Broad Institute. The local realignment step aims to
correct misalignment caused by the presence of insertions or
deletions (indels). To further increase the local realignment
accuracy, after local realignment, we performed base quality
score recalibration on the realigned BAM files using GATK’s
recalibration tool. The recalibration tool attempts to correct
for variations in quality with machine cycle and sequence
context. The resulting BAM files contain not only more
accurate base quality scores but also more widely dispersed
ones. The recalibrated BAM files were filtered by removing
all reads with mapping quality Phred score [28] less than
20 and all bases with base quality Phred score less than 20
(meaning that the probability of the base call being wrong is
less than 0.01). CNVs on the processed BAM files were called
using CoNIFER, cn.MOPS, exomeCopy, and ExomeDepth.
Each of the four tools provides a wide range of parameters.
We either consulted with the authors of the tools for the best
parameters or used the author recommended parameters for
the analysis. The exact command line used for each tool is
listed in Table S3. Results of CNV detection from these four
tools were compared to the array CGH results to determine
the strength and weakness of each program.

3. Results and Discussion

3.1. Results. We generated high quality exome sequencing
data using the Illumina TrueSeq enrichment kit on the HiSeq
2000 platform. All samples’ raw data passed the initial quality
control using FASTQC. On average, each sample had 117
million (range: 73 to 183 million) reads sequenced. The
average capture efficiency was 48% (range: 39% to 62%).
No notable quality issues were observed for the exome
sequencing data (Table S2).

Across all 16 samples, array CGH identified 5,225 CNVs.
Among the four exome CNV tools, exomeCopy identified
the most CNVs (3,398), and CoNIFER identified the least
(267). ExomeDepth (1,581) and cn.MOPS (1,214) identified a
moderate number of CNVs (Figure 1(a)). The median CNV
length identified by array CGHwas 261,400 base pairs (range:
959 to 146,900,000 base pairs). ExomeDepth and exomeCopy
identified theCNVswith longer average length than did array
CGH, while CNVs identified by CoNIFER and cn.MOPS had
shorter average length compared to array CGH (Figure 1(b)).

We also determined the deletion-duplication ratio for
array CGH and the four exome CNV tools by sample. Each
sample has distinct molecular characteristics that result in
distinct deletion and duplication ratios. Consistently observ-
ing more duplication than deletions or vice versa across all
samples may be an indication of an algorithm-specific bias.
For array CGH, across all 16 samples, we observed 9 samples
with more duplication and 7 samples with more deletions,
a rather ideal scenario (Figure 2(a)). For exomeCopy and
cn.MOPS, we observed 10 samples with more duplication
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Figure 1: Overview of the CNVs detected by array CGH and four algorithms. (a) Barplot of the duplication and deletion CNVs detected by
five methods. (b) Boxplot of the CNV length detected by five methods.

Table 1: Kullback-Leibler test on similarity with array CGH.

aCGH cn.MOPS exomeCopy ExomeDepth CoNIFER
Deletion CNVs proportion similarity

aCGH 0 0.14 0.16 0.17 2.24
cn.MOPS 0.15 0 0.22 0.24 1.84
exomeCopy 0.16 0.23 0 0.2 1.88
ExomeDepth 0.22 0.27 0.23 0 2.56
CoNIFER 0.8 0.97 0.87 0.72 0

Duplication CNVs proportion similarity
aCGH 0 0.4 0.4 0.47 0.66
cn.MOPS 0.36 0 0.42 0.66 0.61
exomeCopy 0.42 0.59 0 0.18 0.26
ExomeDepth 0.55 1.06 0.25 0 0.55
CoNIFER 0.77 0.58 0.26 0.42 0

and 6 samples with more deletions (Figures 2(b) and 2(c)).
For ExomeDepth, we observed 11 samples with more dupli-
cation and 5 samples with more deletions (Figure 2(d)). For
CoNIFER,we observed 14 sampleswithmore duplication and
2 samples with more deletions (Figure 2(e)). We conducted
pairedWilcoxon signed rank tests to see if there is any dupli-
cation or deletion bias. We found that array CGH showed
unbiased duplication and deletions with 𝑃 value = 0.11,
exomeCopy also showed unbiased duplication and deletions

with 𝑃 value = 0.1. CoNIFER had strong bias toward duplica-
tionwith𝑃 values equal to 0.025. ExomeDepth andCn.MOPS
showed marginal bias toward duplication with 𝑃 value =
0.064. To identify the exome CNV tool with the most similar
deletion duplication ratio, we conducted pairwise Kullback-
Leibler divergence distance on both duplication and deletions
proportions (Table 1). The values in Table 1 are measures
of the difference between the tested method and the array
CGH method, with smaller values indicating less difference.
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Figure 2: Barplot of duplication and deletion CNVs detected from each sample by five methods. The 𝑃 value beside each method name
was calculated by paired Wilcoxon signed rank tests following FDR correction. It indicated the detection bias between duplication and
deletion CNVs of that method. Array CGH and exomeCopy showed unbiased duplication and deletion while CoNIFER had strong bias
toward duplication. Cn.MOPS and ExomeDepth showed marginal bias toward duplication.

For both duplication and deletions, cn.MOPS showed the
shortest distance to array CGH, with 0.15 for deletions and
0.36 for duplication.

To measure the consistency with array CGH, we deter-
mined the overlap of CNVs identified between each of the
exome CNV tools with array CGH. Overlapping CNVs
were defined as regions that share at least 50% of their
base pairs. We also used a less strict option where two
CNVs are considered consistent if only 1% of the base pairs
overlapped. However, regardless of which option we use,
the results were very similar, since if two CNVs from two

methods overlapped,most of themoverlapped by at least 50%
(Table S4). Compared to the array CGH platform, cn.MOPS
had the best true positive rate for duplication with 76.9%,
and CoNIFER had the best true positive rate for deletions
with 83.8% (Figure 3). ExomeDepth and exomeCopy had
comparable true positive rates for duplication with CoNIFER
but lower true positive rates for deletions. Also interestingly,
all four exome CNV tools identified some CNVs with oppo-
site direction (deletion instead of duplication or vice versa)
compared to array CGH. ExomeDepth and exomeCopy had
relatively low proportion of CNVs with opposite direction
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Figure 3: Specificity of four algorithms for CNV detection. CoNIFER identified many fewer CNVs but with a high true positive rate at
deletion detection. ExomeDepth and ExomeCopy showed comparable specificity with CoNIFER on duplication detection but many more
false positives on deletion detection. Cn.MOPS showed best specificity at duplication detection and second best specificity at deletion
identified many more CNVs than CoNIFER. Overall, cn.MOPS achieved the highest specificity among all four algorithms.

on duplication (2.5% and 3.0%) but a moderate proportion
of CNVs with opposite direction on deletion (8.9% and
10.9%), while cn.MOPS and ConNIFER had a relatively
low proportion of CNVs with opposite direction (3.5% and
2.5% for duplication, 6.3% and 5.9% for deletion). CoNIFER
and cn.MOPS detected CNVs with a much lower false-
positive rate. In such a scenario, CoNIFER and cn.MOPS are
much more desirable, because it is impossible to tell true-
positives from false-positives without any prior knowledge.
ExomeDepth and exomeCopy also demonstrated comparable
performance for detecting duplication with CoNIFER.

3.2. Discussion. Exome sequencing is widely used to con-
duct genomic research. Identifying CNVs through exome
sequencing data has been a popular topic over the last few
years. Compared to array-based methods, identifying CNVs
through exome sequencing data has some shortcomings.
First, the exons within the genome are not evenly placed.
They are located at fixed positions, unlike probes which can
be designed to be placed evenly across the whole genome.
Thus if only depth information from unevenly located exons
can be used for CNV assessment then CNV detection over a
long intergenic region would be unreliable. Also, a probe can



6 BioMed Research International

be designed to avoid hybridization at problematic genomic
regions such as regions with high GC content. A high GC
content region can affect the sequencing depth for exome
sequencing, which makes identifying CNVs using exome
sequencing data even more complicated. Additional normal-
ization to correct noise caused by effects such as GC content
is desirable.

With these known difficulties, many exome CNV tools
have been developed over the last few years. In this study, we
evaluated the effectiveness of four popular unpaired exome
CNV tools: cn.MOPS, CoNIFER, ExomeDepth, and exome-
Copy using 16 breast cancer cell lines. We identified CNVs
using these four tools and verified the results against array
CGH results from the same samples. CoNIFER and cn.MOPS
identified much fewer CNVs but with a high true-positive
rate. ExomeDepth and exomeCopy produced comparable
performance for duplication detection with CoNIFER. In
terms of duplication-deletion proportion, we found that with
the exception of exomeCopy, the exome CNV tools showed a
significant bias toward duplication.This could be the result of
an artifact of the exome CNV algorithm that underestimates
the normal copy number based on depth. Using theKullback-
Leibler divergence distance, we found that cn.MOPS is the
closest to array CGH in terms of duplication or deletion
proportion across samples. Based on all these results, we
recommend CoNIFER and cn.MOPS for nonpaired exome
CNV detection over the other two tools due to a low false-
positive rate, although none of the four exome CNV tools
performed at an outstanding level when compared to array
CGH. In summary, there is value in identifying CNVs
using exome sequencing data but extra caution needs to be
taken into consideration due to the high false positive rate.
Identifying CNVs is almost never the primary goal of the
exome sequencing study, and it should stay that way due to
the noise introduced by exome sequencing data. Identifying
CNVs using exome sequencing data is potentially a good
secondary data mining technique. Based on our comparison
of the methods, results generated from exome CNV tools
should be evaluated thoroughly, and additional validation
is highly recommended to eliminate false-positives and to
ensure quality data.

4. Conclusions

Using array CGH result as control, we systematically com-
pared four popular exome CNV tools (CoNIFER, cn.MOPS,
exomeCopy, and ExomeDepth) on exome sequencing data
generated from 16 breast cancer cell lines. Among evaluated
four tools, we recommend CoNIFER and cn.MOPS for
nonpaired exome CNV detection due to a low false-positive
rate. Our results suggest that exome CNV tools are subjected
to high false positive rat, low sensitivity, and duplication
bias when compared to array CGH platform. Thus careful
evaluation and additional validation is highly recommended.
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Background. The genome-wide association studies (GWAS) have been successful during the last few years. A key challenge is that
the interpretation of the results is not straightforward, especially for transacting SNPs. Integration of transcriptome data intoGWAS
may provide clues elucidating the mechanisms by which a genetic variant leads to a disease.Methods. Here, we developed a novel
mediation analysis approach to identify new expression quantitative trait loci (eQTL) driving CYP2D6 activity by combining
genotype, gene expression, and enzyme activity data. Results. 389,573 and 1,214,416 SNP-transcript-CYP2D6 activity trios are
found strongly associated (𝑃 < 10−5, FDR = 16.6% and 11.7%) for two different genotype platforms, namely, Affymetrix and
Illumina, respectively. The majority of eQTLs are trans-SNPs. A single polymorphism leads to widespread downstream changes
in the expression of distant genes by affecting major regulators or transcription factors (TFs), which would be visible as an eQTL
hotspot and can lead to large and consistent biological effects. Overlapped eQTL hotspots with the mediators lead to the discovery
of 64 TFs. Conclusions. Our mediation analysis is a powerful approach in identifying the trans-QTL-phenotype associations. It
improves our understanding of the functional genetic variations for the liver metabolism mechanisms.

1. Introduction

Genome-wide association studies (GWAS) have identified
hundreds of genetic variants associated with complex human
diseases, clinical conditions, and traits. These studies have
also provided valuable insights into the genetic architecture.
Unfortunately, GWAS studies have achieved limited success.
The variants discovered usually explain only a small fraction
of the overall heritability of the disease [1]. The identification
of specific causal genes or mutations from associated regions
is a challenge especially for the transacting SNPs which fall
either far from genes or a region with many equally plausible
causative genes. To make the situation more complicated,

sometimes, a single locus can contain multiple independent
risk variants (common or rare). Even when a locus is
identified by SNP association, the causalmutation itself needs
not to be a SNP [2]. For example, GWAS have associated
the IRGM gene with Crohn’s disease, but a subsequent study
showed that the causal mutation is a deletion of the upstream
of the promoter affecting tissue-specific expression [3].

There is a substantial gap in understanding the SNP
traits associations from a genome-wide association study
and the contribution of the locus to a disease. An eQTL
approach investigates how the abundance of a gene transcript
is directlymodified by polymorphism in regulatory elements.
The validity of eQTL has been shown inmultiple tissue types,
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in which high heritability has been observed in widespread
gene transcripts [4–8]. This indicates that genetic influences
on gene expression are common. The potential of genome-
wide eQTL identification has been shown originally in the
yeast Saccharomyces cerevisiae [9] and then in humans,
animals, and plants [10, 11]. One of the most important
consequences of eQTL mapping is the link that it provides
between genetic markers of a disease identified in GWAS and
the expression of a specific gene or genes. In particular, the
power of these studies depends upon the identification of
specific genetic markers that are simultaneously associated
with a disease and eQTLs. For example, a study generated
genome-wide transcriptional profiles of lymphocyte samples
from participants in the San Antonio Family Heart Study
and showed that high density lipoprotein cholesterol con-
centration was influenced by the cis-regulated VNN1 [5,
12]. Another study of postmortem brain tissue identified
eQTLs affecting the MAPT and APOE genes, which play
an important part in Alzheimer’s disease. Utilizing human
lymphoblastoid cell lines from the HapMap project, recent
pharmacogenomics study reveals novel genetic variants that
contribute to etoposide-induced toxicity through affecting
gene expression, which included genes that may play a role
in cancer (AGPAT2, IL1B, and WNT5B) [13].

The substantial gap between associated regions from
GWAS and the identification of causal variations that con-
tribute to a disease might be filled by eQTL analysis. The
functional effects of DNA polymorphism on a multifacto-
rial disease can be mediated through several mechanisms.
Polymorphisms responsible for the alteration in protein
function can have important effects. However, systematic
studies of complex diseases with known nonsynonymous
SNPs have not yielded many highly significant results, and
many associations implicate nonprotein coding regions. It has
been shown that 5% of the human genome is evolutionary
conserved and thus functional, whereas less than one-third of
this 5% consists of genes that encode proteins [2]. Variation
in gene expression is probably a more important mechanism
underlying susceptibility to complex disease [2, 14].

Three major different methodologies have been devel-
oped and applied to the integrated eQTL andGWAS analyses.
The first method focused on the overlapped SNPtrait, SNP-
gene expression, and gene expression-trait associations [13,
15]. The second method employed the causal inference
framework to identify causal model, reactive model, and
independent model among SNP, gene expression, and traits.
This approach brought in a more molecular mechanism in
analyzing the data [16]. The third approach constructed a
Bayesian network for the gene expression and traits, while the
network construction was weighted by SNP-gene expression
correlation [17].

A multistep procedure for identifying key driver of a
complex trait has been described by Schadt et al. [16]. Pair-
wise regressions among genotype variation, gene expression,
and complex trait are investigated first. Then the likelihood
based causal model selection (LCMS) test is used to identify
expression profiles that sit between the complex-trait QTL
and complex trait. In this approach, without applying the
statistical test for causality, three different models (causal

model, reactivemodel, and independentmodel) are used.The
particular model with the lowest AIC (Akaike information
criterion) value is considered to be the best fit for the
data. One great advantage of this procedure is that when
a correlation between an expression trait and a clinical
phenotype does exist, it can distinguish causal, reactive, or
independent relationship between them.

1.1. Mediation Analysis. Mediation analysis is the study of the
causal chain or the indirect effect, to identify the possible
underlying causal mechanisms. Mediation analysis is widely
used across many disciplines such as social sciences, to
identify the underlying causal mechanisms or to guide the
experiments design [18]. A lot of research works focus on the
relations between two variables, 𝑋 and 𝑌. Much has been
written about two-variable relations, including conditions
under which 𝑋 can be considered a possible cause of 𝑌. To
this 𝑋 → 𝑌 relation, one can add a third variable by using
mediation, whereby𝑋 causes the mediator,𝑀, and𝑀 causes
𝑌, so𝑋 → 𝑀 → 𝑌 (see Figure 1). If𝑋 leads to𝑌 through𝑀,
this is called the indirect effect. Ignoring𝑀 leads to incorrect
inference about the relation of𝑋 and𝑌, since the effect of𝑀 is
confounded. If𝑀 is related to𝑋 and/or𝑌, so that information
about 𝑀 improves the prediction of 𝑌 by 𝑋 but does not
substantially alter the relation of 𝑋 to 𝑌 when𝑀 is included
in the analysis, then we consider𝑀 as a covariate. In another
situation, 𝑀 may also modify the relation of 𝑋 to 𝑌 such
that the relation of 𝑋 to 𝑌 differs at different values of 𝑀.
This is referred to as a moderator or interaction effect (see
MacKinnon et al. [18] and references therein).

To establish this indirect relationship, Baron and Kenny
[19] proposed a four-step approach in which several regres-
sion analyses are conducted, and the significance of the
coefficients is examined at each step. In step 1, a simple
regression analysis with 𝑋 predicting 𝑌 is conducted (see
Figure 1(a)) to test for path 𝛽

1
as

𝑌 = 𝛼
1
+ 𝛽
1
𝑋 + 𝜀
1
. (1)

In step 2, another simple regression analysis is performed
with𝑋 predicting𝑀 to test for path 𝛽

2
as

𝑀 = 𝛼
2
+ 𝛽
2
𝑋 + 𝜀
2
. (2)

And in step 3, the following regression equation is fitted with
𝑀 predicting 𝑌 to test for path 𝛽

3
:

𝑌 = 𝛼
3
+ 𝛽
3
𝑀+ 𝜀

3
. (3)

Step 2 and step 3 are combined in Figure 1(b). The final step
is to conduct a multiple regression analysis with 𝑋 and 𝑀
predicting 𝑌 as (see Figure 1(c))

𝑌 = 𝛼
4
+ 𝛽
4
𝑀+ 𝛽

5
𝑋 + 𝜀
4
. (4)

In all the above steps, it is assumed that independently,
𝜀
𝑘
∼ 𝑁(0, 𝜎2

𝑘
), 𝑘 = 1, 2, 3, 4. The purpose of step 1–

step 3 is to establish that zero-order relationships among
the variables exist. One proceeds to step 4 assuming that
there are significant relationships from steps 1 through 3. To
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Figure 1: Mediation test.

identify potential causal links between genotype and clinical
phenotypes, Huang et al. [20] designed a three-way model
based on a stepwise regression analysis with genotype, gene
expression, and cytotoxicity data as follows:

S1: SNP is associated with cytotoxicity,
S2: SNP is associated with gene expression,
S3: gene expression is associated with cytotoxicity.

Theoretical evidence in the form of “Causality Equiv-
alence Theorem” has been proposed by Chen et al. [21]
to establish causal relationship. According to the theorem,
under the assumption that 𝑋 is randomized, the following
conditions are needed to establish a causal relation:

C1: 𝑋 and𝑀 are associated,
C2: 𝑋 and 𝑌 are associated,
C3: 𝑋 is independent of 𝑌 | 𝑀.

If both 𝑋 and 𝑀 are significant predictors of 𝑌, then
partial mediation is achieved, whereas if 𝑋 is no longer
significant when𝑀 is controlled, this supports the condition
of full mediation. However, there are some limitations of this
test as mentioned by MacKinnon et al. [22]. This includes
a low power to detect mediation and biased estimates. It
does not test for the significance for the indirect pathway. An
alternative and preferable approach to estimate the indirect
effect is by multiplying two regression coefficients, 𝛽

2
× 𝛽
4

[23].
In this paper, we introduce a new method, mediation

analysis, which is somewhere between the overlap analysis
(the first method) and causal inference (the second method).
We use the human liver consortium data to demonstrate its
application and performance.We use genome-wide genotype
and gene expression data to explore functional mutation for
an important pharmacogene, CYP2D6, which is a member
of the cytochrome P450 mixed-function oxidase system and
is responsible for the metabolism of 25% of all drugs on the
market.

2. Material and Methods

2.1. Human Liver Cohort Dataset. Human liver cohort (HLC)
data are collected from Sage Bionetworks Repository and

Gene Expression Omnibus (GEO) database as described in
the literature [17]. The dataset includes 2 genotype arrays
(Illumina Sentrix human Hap650Y genotyping beadchip and
Affymetrix 500K genotyping array), gene expressions (30,128
probes × 466 samples) and enzyme activities (10 activity
measurements of 9 enzymes × 488 samples), and demo-
graphic information. Genotype data for 219 Illumina and
214 Affymetrix that are publicly accessible are used. Patients
with genotyping call rate less than 95% are removed from
further analysis.This filtration reduces the sample sizes to 204
and 207 for Affymetrix and Illumina platforms, respectively.
167 Illumina genotyping has both gene expression data and
enzyme activity data. In case of Affymetrix platform, 180
samples overlappedwith gene expression and enzyme activity
data.

SNPs whose genotyping call rate are less than 95% or
Hardy-Weinberg equilibrium tests are significant (𝑃 < 0.001)
orminor allele frequency <10% are discarded. For Affymetrix
platform, 214,399 SNPs, and for Illumina, 471,394 SNPs are
used for mediation and eQTL analysis. Enzyme activity and
gene expression data are corrected with age and gender and
then are normalized with normal quartile normalization.

2.2. Mediation Analysis. The mediation analysis method is
developed to assess the indirect effects of genetic variant to
CYP2D6 activity mediated by gene expressions. The tests are
performed by parallel programming using C and MPICH.
The computations are run on a Linux cluster computing
environment with 200 compute nodes, and each node takes
around 36 hours.

MacKinnon proposed a permutation test for mediation
that makes use of the permutation-of-raw-data approach
for testing a regression coefficient [22, 24]. It is referred to
as the permutation test of 𝛽

2
× 𝛽
4
. To test for regression

coefficients, permutation tests have been applied in several
ways [24–26]. Applying this method requires, first, that the
regressionmodels in (2) and (4) are estimated for the original,
nonpermuted data to find the values of 𝛽

2
and 𝛽

4
. Values

of the outcome variable, 𝑌, are then permuted 109 times
and reassigned to nonpermuted scores on the predictor, 𝑋,
and mediator, 𝑀, to create many permuted samples. The
permuted 𝑌 values, labeled 𝑌+, are then regressed on the
nonpermuted 𝑋 and 𝑀 values in each permuted sample



4 BioMed Research International

Table 1: Mediation analysis.

Genotype
dataset Enzyme SNP effect

No. of sig.
trios
𝑃 < 10−5

No. of sig.
SNPs
𝑃 < 10−5

No. of sig.
exp
𝑃 < 10−5

FDR
(trios)

Affymetrix CYP2D6 Gene dose 389,573 103,369 3,545 16.63%
Illumina array CYP2D6 Gene dose 1,214,416 251,738 4,770 11.73%

Table 2: eQTL analysis.

Genotype
dataset

No. of pairs
𝑃 < 10−5

No. of SNPs
Correlated with >1 gene (total SNPs)

No. of SNPs
Correlated with >20 genes

Affymetrix 65,763 28,089 (214,399) 295
Illumina 154,546 63,643 (471,394) 724

(as in (4)), and the coefficient for 𝑀 in each permuted
sample is labelled 𝛽∗

4
. Similarly, values of themediator,𝑀, are

permuted 109 times and reassigned to values of the predictor
𝑋 to createmany permuted samples.The permuted𝑀 values,
labeled𝑀+, are regressed on 𝑋 in each permuted sample (as
in (2)), and the coefficient for 𝑋 in each permuted sample is
labelled 𝛽+

2
. Finally, corresponding pairs of 𝛽+

2
and 𝛽+

4
values

are multiplied to yield 𝛽+
2
𝛽+
4
, and 𝛽

2
𝛽
4
, the estimate of the

mediated effect from the original data, is compared to the
distribution of 𝛽+

2
𝛽+
4
to perform a test of the null hypothesis

of no mediation.
The mediated effect is estimated by the product of

coefficients (𝛽
2
× 𝛽
4
) then divided by its standard error,

which is derived by Sobel [23], under the assumption of
multivariate normality for the standard error of the indirect
effect, using the multivariate delta method as

𝜎
𝛽
2
𝛽
4

= √𝛽2
2
𝜎2
4
+ 𝛽2
4
𝜎2
2
. (5)

Hence, the test statistics are

Δ Indirrect effect =
𝛽
2
𝛽
4

se (𝛽
2
𝛽
4
)
. (6)

2.3. Genome-Wide Association Based on Mediation Analysis.
The huge sizes of SNP and gene expression probes in
mediation analysis introduce problems related to multiple
hypotheses testing. False discovery rate (FDR) is used to
control type I error for multiple testing. FDR is calculated as

FDR =
# significance by chance
# significance results

. (7)

A stringent threshold is needed to avoid high FDR. Com-
paring to cis-acting variations, more transacting variations
are detected by GWAS. In GWAS analysis, transeffects are
usually weaker than cis-effects but are more numerous than
the latter [14]. The trans-acting SNPs having smaller effects
than cis-acting SNPs are more likely to be missed if more
stringent threshold is applied.

2.4. eQTL Analysis. Transcript abundance is highly heritable
in human populations and can be considered as a quantitative

trait and be mapped to particular genomic loci, known as
expression quantitative loci (eQTL). Not only gene expres-
sion is itself a complex trait, but also it acts as an intermediate
phenotype between genetic loci and higher level cellular or
clinical phenotypes, such as disease risk or individual drug
response [27].

Linear model is fitted with genome-wide genotype and
gene expression profiles. eQTL analysis is run in parallel
on the same computing cluster with R language program.
eQTL hotspots are defined as SNPs enriched in correlations
with expression profiles across the genome (SNPs correlated
with at least 20 gene expression profiles). The correlation 𝑃
values between SNP and expression probe less than 10−5 are
considered to be significant and used for hotspot analysis.
To test the enrichment of significant correlation between
eQTL and all gene expression probes, exact binomial tests are
conducted and corrected with Bonferroni method, and the
corrected 𝑃 values are used as the enrichment scores.

3. Results

3.1. Mediation Analysis. The result of mediation analysis
is summarized in Table 1. To find the significant trios, 𝑃
values less than 10−5 are considered. Using the same criteria
for both platforms, the number of significant trios differs.
For Affymetrix platform, we have 389,573 trios having 𝑃
values less than 10−5. For the other platform, this number
is 1,214,416. The FDR for Illumina platform is found to be
11.73%, whereas for Affymetrix platform it is a bit higher
(16.63%).

3.2. eQTL Analysis. In Table 2, the result corresponding to
eQTL analysis of the HLC data is reported. The Affymetrix
dataset has 214,399 SNPs after the implementation of the
quality control out of which 28,089 are correlated with at
least one gene at 𝑃 < 10−5 significance level, and there are
total 65,763 SNP-gene pairs significantly correlated. 295 SNPs
are correlated with at least 20 genes. Those 295 hotspots are
used to check for overlapping with the results of media-
tion analysis. 289 eQTL hotspots are found correlated with
1542 gene expression profiles at 𝑃 < 10−5 significance level
(Table 3). In contrast, Illumina dataset has higher quality
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Table 3: QTL overlapping.

Overlapping
Affymetrix Illumina

No. of eQTL
hotspots

No. of mediation
trios

No. of eQTL
hotspots

No. of mediation
trios

295 389,573 724 1,214,416
No. of eQTL hotspot trios (No. of SNPs, No. of genes) 9,296 (289, 1,542) 34,880 (719, 2,444)
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Figure 2: eQTL visualization.Themain plot at the bottom is the scatter plot of the eQTL-transcript association. Each dot denotes a significant
association between a SNP and a transcript (𝑃 value < 10−5). Gray color shows the level of significance where dark means more significant
association. SNPs are arranged according to their chromosomal loci along the𝑋-axis from chromosome 1 to 22, and genes are arranged along
𝑌-axis in the same way. The dots along diagonal line indicate cis-eQTLs, otherwise, trans-eQTLs. The counts plot in the middle gives the
number of genes that a SNP correlated with significantly (𝑃 value < 10−5). Large size means more genes associated with that SNP.The −log

10

(FDR) plot at the top presents the enrichment score of a SNP associated with multiple transcripts comparing with that by chance. SNP has a
large circle in counts plot and a high enrichment score in −log

10
(FDR) plot which indicates eQTL hotspots.

with more SNPs passed quality control tests. Out of 471,394
SNPs, 63,643 SNPs are found to be correlated with at least
one gene at 𝑃 < 10−5 significance level. Numbers of SNPs
that are correlated with at least 20 genes are found to be 724,
and 719 of the hotspots are significantly correlated with 2,444
genes in mediation analysis (Table 3). In Figure 2, a pictorial
depiction of this eQTL analysis is given for both platforms.
The significant SNP-expression pairs (𝑃 < 10−5) are plotted
as a dot according to the locations of the SNP and the gene

on 22 chromosomes along𝑋-axis and𝑌-axis.The grey colors
show the level of significance, with darker dots representing
smaller 𝑃 values. The counts of significant SNP-expression
pairs and −log

10
(FDR) for a given SNP are also plotted above

the eQTL image. For each SNP, the count gives the number
of genes that are correlated with this particular SNP, as the
larger radius of the circle indicates that the SNP is correlated
with more genes. In that case, it may be considered to be a
potential eQTL hotspot.The dots along diagonal line indicate
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Table 4: Functional annotations of the mediators.

Types Affymetrix no.
Mediator genes

Illumina no.
Mediator genes

Cytokine 5 7
Enzyme 246 368
G-protein coupled
receptor 17 20

Growth factor 5 11
Ion channel 13 18
Kinase 52 62
Ligand-dependent nuclear
receptor 5 7

Other 373 596
Peptidase 31 39
Phosphatase 15 21
Transcription regulator 82 118
Translation regulator 6 10
Transmembrane receptor 12 16
Transporter 77 127
Sum 939 1420

cis-effects. It can be seen that cis-eQTLs have bigger effect on
expression profile compared to trans-eQTLs.

3.3. Functional Analysis of Hotspots Mediators. 1,542 and
2,444 hotspot mediators from Affymetrix and Illumina plat-
forms annotated to 1,388 and 2,187 unique genes separately.
939 and 1420 genes are successfully mapped in Ingenu-
ity database for two platforms. The functional annotations
of these genes are summarized in Table 4. Five (CCL16,
CCL20, CMTM5, IL6, and SPP1) and 7 (CCL16, CCL20,
CKLF, CKLFSF5, EPO, FAM3C, and SPP1) cytokines, 5
(AR, NR1I2, NR1I3, NR2F6, and PPARA) and 7 (AR, ESR1,
NR1I2,NR1I3, PPARA,RORA, andRORC) ligand-dependent
nuclear receptors, and 80 and 113 transcription regulators are
found to mediate the relationship between genetic variant
and CYP2D6 activity for Affymetrix and Illumina plat-
forms. 64 transcription regulators overlapped between the
two platforms (Gene List 1). Among the 64 transcription
factors predicted mediateding genetic regulation of CYP2D6
activity, YY1 is reported putatively binding to gene CYP2D6
promoter region and regulating the expression of CYP2D6
and CYP2D4 [28, 29].

4. Conclusion

Cytochrome P450 constitutes a large subfamily of enzymes
that plan an important role in the metabolism of endoge-
nous compounds and the activation of chemical carcino-
gens. In this work, the regulations of P450 expression and
activities have been intensely studied. Several other studies
have found that P450 are subject to regulation by liver-
enriched transcription factors, cytokines, and nuclear recep-
tors. Our study provides some new clues on the regulation
of CYP2D6 enzyme activity. Our mediation analysis is a

powerful approach in identifying the trans-SNP-phenotype
associations. We found a rich class of functional categories
of mediators that potentially control the CYP2D6 activities,
which include many new transcription factors. This method
has some limitations too. In this work, the relationship
between genetic variants, gene expression, and phenotype
is assumed to be a simple one. However, in most of the
situations, this relationship may become very complex. More
sophisticated methods are required to analyze those complex
models. In mediation analysis, we are only interested in
testing the product of two regression coefficients. Mediation
analysis cannot provide causal inference. The mediation
analysis assumes that there is some causal relationship. It will
be necessary to test for the assumption. We need to be extra
cautious about drawing the conclusion of the causal relation-
ship. Our studies provide insights into the comprehension
of the complex regulatory network of CYP2D6 and improve
our understanding of the functional genetic variations for the
liver metabolism mechanisms.

5. Genes List

64TFs overlapped betweenAffymetrix and Illumina datasets,
including AATF, ALYREF, ARHGAP35, ASB8, ATF4, CBX4,
CEBPG, CSDA, DDIT3, E2F5, ETV7, FOXN3, FOXN3,
FUBP1, GPS2, HDAC10, HMGN1, ID1, INVS, IRF9, KANK1,
KAT2B, KHDRBS1, KLF12, MAF, MAML2, MEIS2, MLX-
IPL, MXD4, MYBBP1A, MYCL1, NCOA7, NCOR1, NFIA,
NFKB2, NFYA, NOLC1, NPM1, PEX14, PYCARD, SAP18,
SATB1, SIM2, SLC2A4RG, SMARCC1, SNAI3, SNW1, SOX5,
TCERG1, TCF7L2, TEAD3, TEAD4, TFDP2, TFEB, TOB1,
TP53, YWHAB, YY1, ZGPAT, ZHX3, ZKSCAN1, ZNF132,
ZNF256, and ZNF263.
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