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In recent years, more and more omics data is generated.
Even for the same samples, multiple levels of omics data can
be measured in large scale. These multiscale and large-scale
data could help in revealing the biological basis of complex
diseases and optimizing the therapeutic strategies. Analysis
of such data is very challenging since the data is inaccessible
in the past and few methods are developed. In this special
issue, we presented 17 novel studies about the analysismethod
of such complex data and their applications to interesting
medical and biological questions.

Y. Jiang et al. proposed a method to identify novel
thyroid cancer-related genes and chemicals using shortest
path algorithm. Some of the identified genes are crucial
to the tumorigenesis and development of thyroid cancer.
This method can be generalized to identify genes for other
complex diseases.

W. Kong et al. constructed the common and brain region
specific subnetworks of Alzheimer’s disease. The identified
common subnetworks across six brain regions suggested
that inflammation of the brain nerves is one of the critical
factors of Alzheimer’s disease and calcium imbalance may
link several causative factors of Alzheimer’s disease.

M. F. Rogers et al. studied supervised interactive net-
work inference using multiple kernel learning. The proposed
method was composed of cautious classification and data
cleaning, where cautious classification was used to increase
the accuracy by restricting predictions to high-confidence
instances, whereas data cleaning was used to mitigate the
influence of mislabeled training instances.

J. Che and M. Shin proposed a meta-analysis strategy for
gene prioritization that integratively employs three different
genetic resources: gene expression data, single nucleotide
polymorphism (SNP) genotype data, and expression quan-
titative trait loci (eQTL) data. The strategy for gene pri-
oritization showed its superiority to conventional methods
in discovering significant disease-related genes with several
types of resources, while making good use of potential
complementarities among available genetic resources.

J. E. Vargas et al. used a network flow approach to
predict protein targets and flavonoid backbones to treat
respiratory syncytial virus (RSV) infection. They identified
26 flavonoids and 5 compounds through topological analysis
of chemical-protein and protein-protein interaction network.
Some mechanisms of action of early RSV infection were
uncovered.

Y. Dong et al. reported a support vector machine (SVM)
model for predicting new interactions between the human
papillomavirus 16 (HPV16) and other proteins. The anal-
ysis of protein-protein interactions indicated that HPV16
enlarged its scope of influence by interacting with human
proteins as much as possible, and these interactions alter a
broad array of cell cycle progression.

Y. Zhang et al. proposed a computational approach,
integrating Ping-Pong algorithm and multiobjective genetic
algorithm, to identify subtype-specific miRNA-mRNA func-
tional regulatory modules. And this method was applied
to investigate subtype-specific miRNA-mRNA functional
regulatory modules of multiple myeloma.
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D. Li et al. identified novel breast cancer subtype-specific
biomarkers by integrating genomics analysis of DNA copy
number aberrations and miRNA-mRNA dual expression
profiling. The predicted correlation between BRCA1 and
miR-143/miR-145 was validated by experiments and miR-
143/miR-145 were promising novel biomarkers for breast
cancer subtyping.

Z.-H. You et al. proposed a method to detect large-scale
protein-protein interactions by integrating big biosensing
data with computational model. The model was based on
extreme learning machine (ELM) combined with a novel
representation of protein sequence descriptor. The accuracy
of their method was 84.8% while the sensitivity and speci-
ficity were 84.08% and 85.53%, respectively. It outperformed
support vector machine (SVM).

J. Zhang et al. developed an effective method for distin-
guishing age-related macular degeneration (AMD) related
genes using gene ontology (GO) and KEGG enrichment
scores. 720GO terms and 11KEGGpathwayswere found to be
important for predictingAMDrelated genes.TheseGO terms
and KEGG pathways could help understand the underlying
mechanisms of AMD.

X. Li et al. conducted a genome-wide association study
of CNVs in two large-scale lung cancer datasets: the Envi-
ronment And Genetics in Lung cancer Etiology (EAGLE)
and the Prostate, Lung, Colorectal and Ovarian (PLCO)
Cancer Screening Trial datasets. With a combined analysis
of the association accordance between the two datasets, they
identified 167 risk SNP loci and 22CNVs associatedwith lung
cancer and linked them with recombination hotspots.

X. Wang et al. evaluated the use of the KDIGO staging
system for the prediction of prognosis in patients with septic
acute kidney injury in intensive care units in Beijing, China,
via a multicenter clinical study. Six independent risk factors
for mortality were identified, which may help in making
early and accurate diagnosis and adopting preventive and
therapeutic interventions that could reduce mortality rates in
the patients.

Y.-F. Gao et al. proposed a graphic method to identify
novel glioma related genes. The known glioma related genes
were mapped onto a weighted protein-protein interaction
network and the genes that link the known glioma related
genes on the network were considered as candidate novel
genes. The candidate genes were further filtered by permu-
tation test. Some of the final novel glioma related genes were
supported by latest literatures.

L. He et al. combined the statistical algorithm with the
gene-pathway bipartite networks to generate the reliable lists
of cancer-related DEGs and constructed the models, which
can be used for predicting the prognosis of three types of
cancers, namely, breast cancer, acute myeloma leukemia, and
glioblastoma.

L. Zhu et al. investigated the genome-wide gene expres-
sion in Gleditsia sinensis with transcriptome sequencing
which generated 58583 unigenes. In these genes, 31385 uni-
genes were annotated. What is more, a PPI network was
constructed and used to predict new stress resistance genes,
in order to provide a platform for future functional genomic
studies.

N. Zhang et al. proposed a computationalmethod to iden-
tify influenza A/H7N9 virus infection-related human genes
from shortest paths in a virus-human protein interaction
network. Finally, 20 human genes were screened out which
could be themost significant, providing guidelines for further
experimental validation.

L. Guo et al. performed an integrated analysis of miRNA,
lncRNA, and mRNA expression profiles in human HepG2
and L02 cells.They found that isomiR repertoires and expres-
sion patterns might contribute to tumorigenesis through
different biological roles. The cross-talk between different
RNA molecules could help reveal the complex mechanisms
underlying tumorigenesis.

How to analyze the multiscale large-scale biological data
is one of the most important questions in postgenomic era. It
is even more important than generating these data. It is the
battlefield for computational scientists, the bridge between
biotechnology and clinical applications, and the stepping
stone for translational medicine. The collaborations between
scientists from different backgrounds are essential since no
one can fully understand and completely solve such complex
question by himself. The complexities of biological system
amaze people and inspire people to investigatewith allmeans.

Tao Huang
Lei Chen

Mingyue Zheng
Jiangning Song
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The human papillomavirus 16 (HPV16) has high risk to lead various cancers and afflictions, especially, the cervical cancer.Therefore,
investigating the pathogenesis of HPV16 is very important for public health. Protein-protein interaction (PPI) network between
HPV16 and human was used as a measure to improve our understanding of its pathogenesis. By adopting sequence and topological
features, a support vector machine (SVM) model was built to predict new interactions between HPV16 and human proteins. All
interactions were comprehensively investigated and analyzed. The analysis indicated that HPV16 enlarged its scope of influence by
interacting with human proteins as much as possible. These interactions alter a broad array of cell cycle progression. Furthermore,
not only was HPV16 highly prone to interact with hub proteins and bottleneck proteins, but also it could effectively affect a breadth
of signaling pathways. In addition, we found that the HPV16 evolved into high carcinogenicity on the condition that its own
reproduction had been ensured. Meanwhile, this work will contribute to providing potential new targets for antiviral therapeutics
and help experimental research in the future.

1. Introduction

Human papillomavirus (HPV) has been tantamount to cer-
vical cancer which ranked as the third most common cancer
and the fourth most common cause of cancer death, but its
actual footprint ismuch bigger [1, 2]. Persistent infectionwith
mucosal HPV types, especially with HPV16, can also lead to
the form of penile, vulvar, vaginal, anal, and oropharyngeal
cancer, recurrent respiratory papillomatosis, and certain head
afflictions [3, 4]. Furthermore, some data show that the
actual number of cases of anal and oropharyngeal cancers
is increasing and may have already exceeded (or will soon
exceed) that of cervical cancer. HPVs were divided into five
different genera: Alpha, Beta, Gamma, Mu, and Nu [5, 6].
HPVs were also classified as cutaneous or mucosal according
to their tropism. There are both cutaneous and mucosal

HPV for Alphapapillomavirus. Other genera are cutaneous.
In addition, 12 mucosal HPVs (HPV16, 18, 31, 33, 35, 39, 45,
51, 52, 56, 58, and 59) were classified as high-risk (HR) HPV
types by the International Agency for Research on Cancer
(IARC) in 2009 [7, 8]. More than 96.6% of cervical cancer is
caused by HR HPVs, while about 54.4% is caused by HPV16.
In all HPV-positive noncervical cancers, HPV16 is also the
most commonHPV type detected.TheHPV16 encodes eight
proteins: E1, E2, E4, E5, E6, E7, L1, and L2 [9, 10]. These
proteins are classified as adaptive proteins which have high
carcinogenicity (E5, E6, and E7) and core set (E1, E2, L2, and
L1). The E4 protein is embedded within the E2 protein [11].

HPV16 appears to be extraordinary: how can such a
small amount of proteins do so much [12]? Protein-protein
interaction (PPI) network is a feasible strategy to improve our
understanding of its pathogenesis. Several human-pathogen
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interaction networks have been reported, such as Plasmod-
ium falciparum, Yersinia pestis, hepatitis C virus (HCV), and
Epstein-Barr virus (EBV) [13–16]. Dyer et al. integrated and
compared publicly available human-pathogen PPIs from 190
different pathogens to provide a global view of pathogenesis
strategies [17]. Unfortunately, it is very limited that PPI pairs
between HPV16 and human are obtained by experiment.
Therefore, computational methods to predict PPIs have an
important role [18]. The SVM with 217-dimensional vector
was employed to predict the interactions of HPV16 and
HPV18 proteins with human proteins by Cui et al. at the same
time [19]. But it is easy to lead overfitting for small sample.
In this paper, a new method was employed to represent
protein sequence. A support vector machine (SVM) model
with sequence and topological features was built to predict
new interactions between HPV16 and human proteins. Sub-
sequently, all interactions were filtered and further analyzed
by some strategies.

2. Methods

2.1. Data Sources. We collected human PPIs from large-
scale high-throughput screens [20–22] and several interac-
tion databases [23–26], which contained 193,801 interactions
among 13,306 proteins. The Pathway Interaction Database
(PID) is a growing collection of human signaling and regula-
tory pathways curated from peer-reviewed literature [27]. As
a source of reliable information we extracted about 224 dif-
ferent pathways from the PID.Then the interactions between
HPV16 and human proteins were extracted from IntAct [28],
APID [29], and VirHostNet [30]. After removing redun-
dancy, a total of 174 interactions were identified and used as
positive training set (see Table S1 in the supplementary mate-
rial available online at http://dx.doi.org/10.1155/2015/890381).

We collected 254 new nonredundant interaction pairs
from the literature (see Table S2 in the supplementary
material). Finally, the 254 interaction pairs were used as
positive test set. It should be noted thatwhether it was positive
training set or positive test set, the interactions were centered
on E6 protein and E7 protein because of experimental biases.

2.2. Choosing of Negative Set. As a 2-class classification, both
positive set and negative set are needed [31]. Positive set
is interacting pairs and negative set is noninteracting pairs.
Unfortunately, the noninteracting pairs were not readily
available. In the absence of negative set, the following strategy
was adopted to choose negative set. This strategy was based
on such an assumption that proteins locating different sub-
cellular localizations do not interact [32]. First, the all human
proteins of human PPI network were grouped into eight sub-
sets based on the eightmain types of localization—cytoplasm,
nucleus, mitochondrion, endoplasmic reticulum, golgi appa-
ratus, peroxisome, cytoplasm&nucleus and secreted. Then
we totaled subsets of human proteins which were targeted
by a kind of HPV16 protein denoted as ℎ. Therefore, other
proteins that did not appear in those subsets were made as
candidates who did not interact with ℎ. Finally, the same
amounts of proteins with targeted human proteins of ℎ were

randomly picked as negative set of ℎ. For example, eight
human proteins targeted by E5 protein occupied cytoplasm
subset and nucleus subset in positive training set; thus, other
human proteins which did not appear in those two subsets
were made as candidates and eight proteins of candidates
were randomly picked as negative training set of E5 protein.

2.3. Feature Extraction. The sequence compositions of the
protein pair and the topological features of corresponding
human protein were employed to represent protein interac-
tion between HPV16 and human.

In accordancewith Shen et al. [33], a protein sequencewas
represented by three consecutive amino acids. On account
of limited sample, however, another class of amino acids
was used to reduce the dimension of the vector space of
feature vectors. Based on the chemical nature of the side
chain of the amino acid, twenty amino acids were classified
into five categories: {GAVLIMP}, {STCNQ}, {KRH}, {ED},
and {FYW}. The third category and the fourth category were
incorporated into one category, and four categories were
considered in total. So there are 4 × 4 × 4 = 64 possible
amino acid combinations. The frequency of a combination
𝑘 in a protein 𝑖 was defined as 𝑓

𝑖𝑘
= 𝑛
𝑖𝑘
/∑
64

𝑙=1
𝑛
𝑖𝑙
, where

𝑛
𝑖𝑘
was the occurrences of combination 𝑘 in protein 𝑖. An

interaction between a HPV protein 𝑖 and a human protein 𝑗
was represented by their frequency difference, 𝑑

𝑖𝑗
= 𝑓
𝑖
− 𝑓
𝑗
.

The parameter 𝑑
𝑖𝑗
was normalized by

𝑛
𝑖𝑗𝑘

= 2 ×
𝑑
𝑖𝑗𝑘
−min {𝑑

𝑖𝑗1
, 𝑑
𝑖𝑗2
, . . . , 𝑑

𝑖𝑗64
}

max {𝑑
𝑖𝑗1
, 𝑑
𝑖𝑗2
, . . . , 𝑑

𝑖𝑗64
} −min {𝑑

𝑖𝑗1
, 𝑑
𝑖𝑗2
, . . . , 𝑑

𝑖𝑗64
}

− 1,

(1)

where 𝑑
𝑖𝑗𝑘

is the frequency difference of the 𝑘th combination.
The numerical value of 𝑛

𝑖𝑗𝑘
ranges from −1 to 1.

Besides the standardized frequency difference, degree
and betweenness of the human proteins were also used as
features. Ultimately, a 66-dimensional vector was built to
represent each protein pair. Each interaction was labeled +1
and noninteraction was labeled −1.

The classification model for predicting PPIs was based on
support vector machine (SVM) using LIBSVM [34] with the
radial basis function (RBF).

There are three differences between our representation
and that of Cui et al. [19]. First, twenty amino acids were clas-
sified into six classes by Cui et al.: {IVLM}, {FYW}, {HKR},
{DE}, {QNTP}, and {ACGS}. So there are 6 × 6 × 6 = 216
possible amino acid combinations. Second, standardization
was done by

𝑑
𝑖
= {𝑒
(𝑓𝑖−min{𝑓1 ,𝑓2 ,...,𝑓216})/(max{𝑓1 ,𝑓2 ,...,𝑓216}−min{𝑓1 ,𝑓2,...,𝑓216})} − 1.

(2)

Third, a feature element was used to represent the types
of virus proteins and was included in a feature vector.
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2.4. Tissue Specificity Filtering. To ensure utmost biological
relevance, tissue specificity filtering was adopted. It has been
known that HPVs infect epithelial cells in oral mucosa or
skin [6]. In addition, HPVs also lead to recurrent respiratory
papillomatosis, head afflictions, and cancers of the cervix
uteri, vulva, anus, and oropharynx (including base of the
tongue and tonsils) and interact with basal cell and the
immune system [3, 35]. We extracted proteins in those cells,
tissues, and systems from HPRD [26]. Finally, interactions
were filtered by selecting interaction pairs which only contain
those proteins.

2.5. Enrichment and Pathway Participation Coefficient. The
two parameters have been described byWuchty et al. [13, 36]
in detail. But for the sake of completeness, we would describe
the two parameters in brief.

Proteins were grouped according to their degree in inte-
grated human PPI network. Each group where each protein
has at least 𝑘 interactions was represented by 𝑁

≥𝑘
. In each

group the number of human proteins that were targeted
by HPV16, 𝑁

𝑡,≥𝑘
, was calculated. As a null hypothesis, we

randomly sampled protein set from the integrated human
PPI network and then calculated corresponding number of
targeted proteins, 𝑁𝑟

𝑡,≥𝑘
. Finally the enrichment of targeted

proteins was defined as 𝐸
𝑡,≥𝑘
= 𝑁
𝑡,≥𝑘
/𝑁
𝑟

𝑡,≥𝑘
. In addition to

degree, the same calculation was performed for betweenness.
It was noted that 𝐸 > 1 points to an enrichment and vice
versa.

For each protein 𝑖 that was involved in pathways and the
integrated human PPI network, the corresponding pathway
participation coefficient (PPC) in the total set of pathways
𝑃 was defined as PPC

𝑖
= ∑
𝑝∈𝑃
[|Γ(𝑖) ∈ 𝑝/∑

𝑝∈𝑃
Γ(𝑖) ∈ 𝑝|]

2,
where Γ(𝑖) ∈ 𝑝 was the set of interaction partners of 𝑖 in
the pathway 𝑝. If a protein predominantly interacted with
partners that weremembers of the same pathway, PPC tended
toward 1. Otherwise PPC tended to 0.

2.6. GO Term Enrichment. The Gene Ontology (GO) is a
hierarchically organized, controlled vocabulary to consis-
tently describe and annotate gene products [37]. GO term
enrichment was performed using the DAVID Functional
Annotation Chart tool [38, 39]. GO terms are controlled
vocabularies that form a directed acyclic graph (DAG),
whereby individual terms are represented as nodes connected
to more specific nodes by directed edges, such that each term
is a more specific child of one or more parents. Therefore, to
avoid very general and uninformative GO terms, only GO
level 5 terms were considered. The 𝑃 values were corrected
for multiple testing using the Bonferroni procedure and
transformed by taking the −log

10
for easier visualization [40,

41].

3. Results and Discussion

We extracted 174 interactions between HPV16 and human
proteins and integrated a human PPI network including
193,801 interactions. A flowchart of the whole experiment is
shown in Figure 1.

644 interaction pairs

3,022 candidate
interactions

1,121 interaction pairs

1,015 interaction pairs
Positive training

and test set

299 interaction pairs

Further analysis

Distribution
Enrichment

PPC

GO term enrichment

Filtering
by CC

Tissue specificity filtering

Negative
training

set

Accuracy

5-fold
crossover
validation

Positive
training

set

Model
1,000

times

ROC curve

HPV16

Human

E = 1e − 6

(877 interaction pairs)

Figure 1: Flowchart to integrate and analyze PPI network between
HPV16 and human proteins. A candidate interaction was found, if
the human protein had homologs in the human PPI network. This
method provided 3,022 candidate interactions. An SVMmodel was
employed to evaluate candidate interactions and 1,121 interactions
were left. Subsequently, these interactions were filtered if human
proteins with targeted human proteins had the same as cellular
component. 1,015 interactions were obtained; positive training set
and test set were further filtered by tissue specificity. Finally, 877
interactions were obtained and analyzed. Solid lines delineate val-
idated interactions between virus and human proteins, and dotted
lines delineate candidate interactions which would be validated.
Homologous proteins are surrounded by ellipse.

3.1. Choosing of Negative Training Set and Evaluating ofModel.
The 174 interactions between virus and human proteins were
used as positive training set.The selection of negative training
set was fundamental to the reliability of the prediction
model [33]. Based on a rational assumption, the negative
training set was chosen (see Methods section). The SVM



4 BioMed Research International

with 5-fold cross-validation was employed to optimize the
parameters and check the reliability of randomly selected
negative training set. Repeating such random trials 1,000
times and calculating average accuracy (81.3±1.3%),we chose
a result approaching average accuracy to buildmodel and plot
ROC curve (Figure 2) which allowed for a true positive rate
TPR = 74.71%, a false positive rate FPR = 8.62%, and area
under the curve AUC = 0.8627. Other results were dotted
clouds. It was demonstrated that the method of choosing
negative training set was significantly reliable and robust.

To evaluate expansibility of the model, a positive test
set was collected. Negative test set was selected by the same
method with choosing negative training set. Repeating trials
1,000 times, this model, on average, achieved an accuracy
AC = 80.0 ± 1.8%, TPR = 78.7%, and FPR = 18.2 ± 3.6%.
For comparison, we tested the method of Cui et al. on whole
modeling and evaluating. Our method outperformed the
method ofCui et al., which, on average, achievedAC= 57.25±
1.5%, TPR = 63.4%, and FPR = 47.9 ± 3.1%.

3.2. Inferring and Filtering of Candidate Interactions. To find
candidate interactions, we ran BLAST with the known tar-
geted human proteins as query sequences against the human
proteins in integrated human PPI network. Specifically, we
considered a pair of proteins with homology if their 𝐸-value
was <10−6. A candidate interaction was detected between a
HPV16 protein and homologous protein of targeted human
protein. The final set contained 3022 candidate interactions
between 8 virus and 1,950 human proteins.

The model built by SVM was applied to evaluate can-
didate interactions. The 1,121 interactions between 8 virus
and 701 human proteins were finally obtained. The 701
human proteins were refined further by selecting human
proteins that have the same GO cellular component terms
with homologous human proteins from the positive training
set. 1,015 interactions were obtained by this refinement. To
ensure utmost biological relevance for the 1,015 interactions,
tissue specificity filtering was adopted (see Methods section).
Filtering interactions provided 644 interactions between 8
HPV16 proteins and 405 human proteins. For simplicity of
reference, the filtering result was named as predicted set.
Meanwhile, positive set including training set and test set was
also filtered by tissue specificity. Finally, all filtering results
were combined, providing a total of 877 interactions between
8 virus and 603 human proteins. This set was called as all set.

3.3. Distribution of Targeted Human Proteins Based on Host-
Virus Interaction. Now we paid more attention to the all set.
The frequency of human proteins that interacted with the
same number of viral proteins was calculated. We observed
that most human proteins (69.52%) merely interacted with
a virus protein in Figure 3(a). The positive training set and
the predicted set were addressed by the same calculation
method, and their results illustrated similar trend with all
set. It suggested that HPV16 interacted with human proteins
as much as possible to enlarge its scope of influence by its
limited proteins. In order to provide all necessary cellular
proteins required for viral replication, the virus has to keep
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Figure 2: ROC curve of training set. Negative training sets were
repeatedly chosen 1,000 times. Applying SVM with 5-fold cross-
validation the training sets allowed for a true positive rate TPR =
74.71%, false positive rate FPR = 8.62%, and area under the curve
AUC = 0.8627.

its host cell in cycle [42]. At the molecular level, virus
proteins interact withmany key cell cycle regulatory proteins,
including cyclin-dependent kinase (CDK), cyclin-dependent
kinase inhibitors, and cyclin proteins (Figure 3(b)). Among
them, CDK2 and CDK7 are the most prominent. The two
proteins simultaneously interact with five virus proteins in
all set and the five virus proteins are L2, E4, E5, E6, and
E7. Combination of CDK2 and some cyclins regulates G

1
/S

transition. CDK7 is both a CDK-activating kinase (CAK),
which is able to phosphorylate and activate CDK1, CDK2,
CDK4, and CDK6 within the activation segment (T-loop)
[43–46], and an essential component of the transcription
factor TFIIH, which phosphorylates the C-terminal domain
(CTD) at Ser 5 of the largest subunit of Pol II [47–49]. These
interactions, together with other proteins that bind toHPV16,
alter a broad array of cell cycle progression; for example, they
block cellular proliferation by causing cell cycle arrest in S-
phase [12, 50, 51]. The myosin light chain kinase (MLCK)
is also targeted by five virus proteins. It has been proven
that MLCK plays a role in the regulation of epithelial cell
survival [52] andmodulates hypotonicity-inducedCa2+ entry
and Cl− channel activity in human cervical cancer cells [53].
In addition, HPV16 may be similar to arrest defective-1 that
controls tumor cell behavior by MLCK [54].

3.4. Statistical Implications of Targeted Host Proteins Based
on Human PPI Network. We calculated the enrichment of
targeted human proteins as a function of the degree of human
proteins (see Methods section). With an average over 1,000
randomizations, we observed that whether it was all set,
predicted set, or positive training set, HPV16 preferred to
interact with hub proteins (proteins interacting with a large
number of partners) in the integrated human PPI network
(Figure 4(a)). Subsequently, we calculated the enrichment
of targeted proteins as a function of the betweenness and
consistent trend has shown that bottleneck proteins (pro-
teins that are central to many paths in the network) were
more affected by virus (Figure 4(b)). Testing the significance
that HPV16 tended to interact with hub and bottleneck
proteins, we used Fisher’s exact test, allowing us to find a
statistically significant tendency that HPV16 is indeed highly
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Figure 3: Characteristics of PPI network between HPV16 and human. (a) Whether it was training positive set, predicted set, or all set, a
majority of host proteins interacted with a small amount of virus proteins. (b) A network between five virus proteins and some human
proteins about cell cycle and phosphorylation cascade. The more virus proteins human protein is targeted by, the darker the node color is.
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Figure 4: Characteristics of targeted human proteins. (a) The enrichment of targeted human proteins as a function of their degree was
calculated. It indicated that hub proteins appeared to be primarily targeted. (b) Analogously, HPV16 tended to interact with bottleneck
proteins. (c) 𝑃 values of Fisher’s exact tests indicated that HPV16 is highly prone to interact with hub proteins and bottleneck proteins.
(d) Considering all set, most proteins have low pathway participation coefficients, which indicated that HPV16 reached into a breadth of
signaling pathways. Such a result was shown by positive training set and predicted set.

prone to interact with hub proteins and bottleneck proteins
(Figure 4(c)).

We speculated that virus interacted with human proteins
asmuch as possiblewhile tending to influencemany signaling
pathways to mediate the infection. PPC was adopted to mea-
sure this tendency (see Methods section). Focusing on the
positive training set, we observed that most human proteins
occurred in a variety of pathways through its interaction
partners in integrated human PPI network (Figure 4(d)).The
predicted set and the all set showed more enforced maxima
around low values of PPC. As a comparison, we randomly
selected a subset of equal size with human proteins in all set
from integrated humanPPI network and repeated 1,000 times
to calculate average value of PPC. Ignoring the last bar, we
found that the random set obeyed the normal distribution,
but the all set was linear relationship. Such results strongly
indicated that the HPV16 effectively affected a breadth of
signaling pathways [13, 55, 56].

3.5. Functional Analysis of Targeted Host Proteins. GO
term enrichment was employed to perform the compre-
hensive functional analysis for human proteins of the all

set. The main advantage of this approach is that we can
make use of term-term relationships, in which joint terms
may contain unique biological meaning for a given study
[57].

For all targeted human proteins, significant enrichment
was observed in the processes of phosphorylation, me-
tabolism, signaling, cell death and apoptosis, gene expres-
sion, and positive or negative regulation terms (Figure 5(a)).
This observation was also reflected on the functions which
include kinase activity, receptor activity, promoter, DNA
binding, and so on (Figure 5(b)). MAPK is a particularly
important component in protein kinase phosphorylation
cascade. It can enter the nucleus and phosphorylate ser-
ine/threonine residues of substrate proteins which contain
transcription factors of regulating the cell cycle and cell
differentiation. Notably, viral proteins strongly interacted
with members of the MAPK family (MAPK1, 3, 6, 7, 8, 9,
11, and 14). Besides MAPK family, partial members of
MAP2K andMAP3K family were also targeted (Figure 3(b)).
HPV16 controls phosphorylation cascade so that cell behav-
iors including cell proliferation and differentiation, cell sur-
vival, and apoptosis are broken.
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Figure 5: GO term enrichment of all targeted human proteins. (a) Enriched GO biological process terms. (b) Enriched GO molecular
function terms. Here only fifteen most significant terms are shown. Bonferroni collected 𝑃 values were transformed by −log
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abbreviations are used: “reg” is “regulation of,” “pos” is “positive,” “neg” is “negative,” “proc” is “process,” “macro” is “macromolecule,” and
“bsyn” is “biosynthetic.”

Five proteins (E1, E2 (and E4), L1, and L2) are encoded
by all known PVs. There is a hypothesis that the ancestral
papillomavirus did not contain adaptive proteins and only
need the core set to meet the basic requirements of a viral
infection [11]. In the process of evolution, HPV16 produced
all of the adaptive proteins. It was surprising that the top
four of biological process enrichment of all adaptive proteins
were the same as core set’s top four, and then processes
involving apoptosis and death were enriched for core set
(Figures 6(a) and 6(c)). This showed that HPV16 would
evolve carcinogenicity, but only on the condition that its
own reproduction had been ensured. The E4 protein has
the functions of adaptive proteins and core set (Figure 6)
but prefers the latter. In other words, as a part of the
proteins encoded by all known PVs E4 must first guarantee
viral reproduction and then together with adaptive proteins
enhance the carcinogenicity of HPV16.

4. Conclusions

Significant challenges currently impair experiments to get
a more complete map of interactions between HPV16 and
human proteins, facilitating computationalmethods to detect
potential interactions. Sequence features are popular because
of its simplicity and availability. SVM has been shown to
perform well in multiple areas including detecting remote
protein homologies, evaluating microarray expression data,
and checking new interactions [33, 58, 59]. On the basis of
facts above we predicted new interactions between HPV16
and human proteins. The predicted set and other known
interactions were integrated and filtered, providing a total of
877 interactions between 8 virus and 603 human proteins.

According to the interactions between the virus and human
proteins, we plotted the distribution of targeted host proteins.
The distribution showed that the virus enlarged its scope
of influence by interacting with host proteins as much as
possible. HPV16 alters a broad array of cell cycle progression
by a number of PPIs. Utilizing integrated human PPI network
the enrichment of targeted host proteins as a function of their
degree or betweenness was calculated. Results suggested that
HPV16 was highly prone to interact with hub proteins and
bottleneck proteins, perhaps because these proteins control
critical processes in the human cell [17]. PPC was used as
a measure of diversity. In the light of their distributions,
targeted human proteins effectively mediated the diversity
of influenced signaling pathways which helps virus mediate
the infection. GO term enrichment was utilized to perform
the comprehensive functional analysis. We found that cell
behaviors of host cell were broken; the HPV16 produced
many other functions by evolution, but it was based on the
premise that its own reproduction has been guaranteed.

The integration and analysis of virus-host interactions
boosts our knowledge about the function of HPV16 proteins
and relations between virus and human proteins. These
results improve our understanding of HPV16 pathogenesis
and provide potential new targets for interfering with either
HPV16 or human at key points in the infection. Our results
may point to important areas of research to guide further
experimental studies.
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Breast cancer is a heterogeneous disease with well-defined molecular subtypes. Currently, comparative genomic hybridization
arrays (aCGH) techniques have been developed rapidly, and recent evidences in studies of breast cancer suggest that tumors within
gene expression subtypes share similar DNA copy number aberrations (CNA) which can be used to further subdivide subtypes.
Moreover, subtype-specific miRNA expression profiles are also proposed as novel signatures for breast cancer classification. The
identification of mRNA or miRNA expression-based breast cancer subtypes is considered an instructive means of prognosis. Here,
we conducted an integrated analysis based on copy number aberrations data and miRNA-mRNA dual expression profiling data
to identify breast cancer subtype-specific biomarkers. Interestingly, we found a group of genes residing in subtype-specific CNA
regions that also display the corresponding changes in mRNAs levels and their target miRNAs’ expression. Among them, the
predicted direct correlation of BRCA1-miR-143-miR-145 pairs was selected for experimental validation.The study results indicated
that BRCA1 positively regulates miR-143-miR-145 expression and miR-143-miR-145 can serve as promising novel biomarkers for
breast cancer subtyping. In our integrated genomics analysis and experimental validation, a new frame to predict candidate
biomarkers of breast cancer subtype is provided and offers assistance in order to understand the potential disease etiology of the
breast cancer subtypes.

1. Introduction

Luminal-A and basal-like subtypes are two major breast
cancer subtypes and have shown significant differences in
terms of incidence, risk factors, baseline prognosis, age at
diagnosis, and response to treatment [1]. Luminal-A breast
cancers that express estrogen receptors (ERs) and/or proges-
terone receptors (PRs) and are negative for human epidermal
growth factor receptor 2 (HER2) expression respond well to
endocrine therapy and have a generally favorable prognosis
[2]. In contrast, the basal-like subtype is of particular clinical
focus due to its high frequency, lack of effective targeted
therapies, poor baseline prognosis, and tendency to affect
younger women [3]. Therefore, the identification of breast

cancer subtype-specific biomarkers will help provide biolog-
ical value for the breast cancer clinical trials and therapy
strategies.

Recently, more and more evidence showed that an
increasing number of genomic aberrations were observed in
the progression from normal sample to tumour sample [4].
Array comparative genome hybridization (aCGH) studies of
tumor copy number states have demonstrated that tumors
with similar gene expression subtypes may also share similar
DNA copy number aberrations (CNA) [5, 6] which can be
used to further subdivide expression classes. In the practice,
some early aCGH studies on breast cancer found that the
highly amplified genes were overexpressed and the highly
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overexpressed genes were amplified. For example, Pollack
et al. found that 62% of highly amplified genes show mod-
erately or highly elevated expression, and DNA copy number
influences gene expression across a wide range of DNA copy
number alterations [7]. By analyzing the linear and nonlinear
relationship between gene copy number and expression,
Solvang et al. reveal distinct molecular pathways in breast
cancer [8]. Recently, CNA coupled with gene expression has
been explored for cancer drivers. For example, Akavia et al.
developed a computational framework that integrates chro-
mosomal copy number and gene expression data for identify-
ing known drivers of melanoma and predictedmultiple novel
tumor dependencies [9]. In addition, cancer subtype-specific
biomarkers identification has become the important topic
which have also demonstrated diverse prognostic power.
For example, Liu et al.’s study revealed that gene expression
profiles and clinical features show different prognostic power
for the five breast cancer subtypes, and gene expression
data of the normal-like subgroup contains more valuable
prognostic information and survival associated contexts than
the other subtypes [10]. Román-Pérez et al. documented the
presence of two distinct subtypes of microenvironment, with
active versus inactive cancer-adjacent extratumoral microen-
vironment influencing the aggressiveness and outcome of ER
positive human breast cancers [11]. Therefore, identifying the
genes that contribute to the instability of cancer phenotype or
cancer subtype by integrating DNA copy number aberrations
and gene expression would be useful as a clinical predictor of
therapeutic response.

Currently, people have studied the microRNA-gene
comodule in cancer patients by integrating multiple genomic
data including dual microRNA-gene expression and pre-
dicted miRNA-gene interactions. For example, Zhang et al.
proposed an effective data integration framework using a
multiple nonnegative matrix factorization framework and
simultaneously integrated additional network in a regular-
ized manner to identify microRNA-gene regulatory modules
associated with ovarian cancer [12, 13]. In particular, it is
worth noting that jointly analyzing multiple data types will
help enhance the understanding of the role of biomarkers
in breast cancer pathogenesis and progression [14]. In our
previous studies, we prioritized some breast cancer subtype
related biomarkers by analyzing miRNA-mRNA dual expres-
sion profiling data [15, 16]. At this time, in our extended study,
we conducted an integrative data analysis by combining copy
number aberrations andmiRNA-mRNAdual expression pro-
filing data to further identify breast cancer subtype-specific
biomarkers. Our methods were aimed at the discovery of the
interconnected regulatory miRNAs-mRNA pairs as well as
the identification of important subtype-specific (luminal-A
and basal-like) mRNAs or miRNAs. The simultaneous use of
miRNA expression microarray, gene expression microarray,
array-CGH, andmiRNA-mRNA target relationships can give
amore comprehensive understanding of thewhole genome of
the cancerous cells. Our results have shown that the proposed
approach is able to produce meaningful gene regulatory
networks that are highly relevant to the biological conditions
of the data sets. We found that gene sets residing in subtype-
specific CNA regions also display the corresponding changes

in mRNAs levels and their counterpart miRNAs expressions.
BRCA1-miR-143-miR-145 pairs were selected for further
experimental validation and showed positive correlation in
breast cancer subtypes.

2. Materials and Methods

2.1. Data Source. We introduced three data sets into our inte-
grated data analysis.The first dataset included 180 breast can-
cer subtype samples along with their copy number data. Due
to our focus on two distinct breast cancer subtypes (luminal-
A and basal-like) in the present study, we selected all of 52
luminal-A samples and all of 40 basal-like samples from this
dataset to perform our analysis. All of these samples include
Illumina 109,000 SNP marker DNA copy number data. The
data are available from the Gene Expression Omnibus series
GSE10893 [17]. The second dataset included the mRNA
expression levels of 23,256 genes, which are also available
from GSE10893. We then selected the mRNA levels of 241
samples (158 luminal-A subtypes and 83 basal-like subtypes).
The third dataset reported by Enerly et al. [14] is a miRNA-
mRNA dual expression profiling dataset (GSE19536). For this
dataset, we selected themiRNAandmRNAexpression data of
15 basal-like samples and 41 luminal-A samples. The original
miRNA microarrays covered 799 miRNAs arisen from the
Agilent Technologies. miRNA expression status was scored
as present or absent for each gene in each sample by default
settings. miRNAs in samples that were run in replicates
were considered present if scored in one of the two arrays.
Those miRNAs that were detected in less than 10% of the
samples were excluded.This filtering resulted in 489miRNAs
considered to be expressed in this set of human breast
tumors. SAM (significance analysis of microarrays) method
[18] was used to identify statistically significant differential
expression of miRNAs and mRNAs which distinguished the
reciprocal basal-like and luminal-A breast cancer subtypes.
According to a filtering criterion of 𝑃 < 0.05 and false
discovery rates (FDR) < 0.1, 201 differentially expressed
miRNAs and 8,796 differentially expressed mRNAs for the
third dataset were identified (see our previous study [16]).
For each identifiedmiRNA, we obtained its target genes from
MicroCosm Targets database (http://www.ebi.ac.uk/enright-
srv/microcosm/htdocs/targets/v5/), in which the candi-
date miRNA-target relationships were mostly predicted by
miRanda algorithm [19].

2.2. Assessment of Tumor Genomics DNA Copy Number
Changes. For the copy number data in the first dataset, we
used a sparse Bayesian learning (SBL) model and backward
elimination (BE) procedure to find candidate CNA regions. A
SBL model was used to find the most likely candidate break-
points for the copy number state, and the BE procedure was
used to remove sequentially the least significant breakpoints
estimated by the SBL model, allowing a flexible adjustment
of the false discovery rate (FDR) [20].Therefore, this method
provides great flexibility in adjusting the final breakpoint
set, and we can obtain a list of breakpoints with lower FDR
(<5%) by adjusting the corresponding parameters. We used
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gada package of R software (http://www.r-project.org/) to
implement this analysis.

2.3. Determining Subtype-Specific CNAs. To determine
subtype-specific CNAs, the segment output file which had
arisen from the SBL model and BE procedure was converted
into an indicator matrix, where, for each sample, each gene’s
copy state was represented as −1 = loss, 0 = no change, and 1 =
gain.The counts of state for luminal-A subtype and basal-like
subtype were compared to identify subtype-specific CNAs.
We performed a Chi-square test on the subtype for each gene.
Genes with 𝑃 < 0.05 were selected as the subtype-specific
genes.

2.4. The Expression Change of Genes Residing in Subtype-
Specific CNA Regions. Generally, the copy number alter-
ation at gene promoters typically does not alter the coding
sequences of genes but contributes to cancer by influencing
gene expression [21]. The genes residing in CNA regions
are expected to cause the corresponding expression changes.
Therefore, genes amplified or deleted as well as overexpressed
or underexpressed in a subtype-specific manner are good
candidate genes. To determine whether the mRNA levels
of the candidate genes residing in subtype-specific CNA
regions are correlated withDNA gain or loss, we observed the
expression change of these genes between the two subtypes
of samples (luminal-A and basal-like). According to the copy
state and the expression change of the genes, we divided
them into four gene groups: the luminal-A gain group
(the significantly high counts of gain and the significantly
overexpressed in the luminal-A sample); the luminal-A loss
group (the significantly high counts of loss and the signifi-
cantly underexpressed in the luminal-A sample); the basal-
like gain group (the significantly high counts of gain and
the significantly overexpressed in the basal-like sample); the
basal-like loss group (the significantly high counts of loss and
the significantly underexpressed in the basal-like sample).
The further analysis will be performed based on these four
groups.

2.5. The Reconstruction of miRNA-mRNA Dysregulated Rela-
tionships. Although some previous studies have identi-
fied cancer-related gene subnetworks using the Bayesian
approach, these methods did not take advantage of the
existing biological knowledge, such as miRNA-mRNA target
information [9]. Therefore, in this study, for each of the
four gene groups (luminal-A gain, luminal-A loss, basal-like
gain, and basal-like loss) obtained from above analysis, we
used the Bayesian network to identify breast cancer subtype
related biomarkers and their regulatory relationships. In the
process of learning a Bayesian network with more nodes, if
the search space is not restricted, all of the possible networks
will be formed with the variables and this is time-consuming.
To address this issue, we reconstructed the miRNA-mRNA
target dysregulation relationships as the prior biological
knowledge to construct the Bayesian network. In the present
study, we used a correlation coefficient ratio (CCR) defined
by a previous study [15] to reflect the contrast of miRNA

and mRNA target combination strength in two different
breast cancer subtypes (luminal-A versus basal-like). The
empirical distribution of |CCR| was obtained by using the
permutation tests and a threshold value was considered as a
cut-off value at a significant level (𝑃 < 0.05) to screen out
the significant miRNA-mRNA dysregulated relationships. If
|CCR
𝑖𝑗
| is significant and 𝑃

𝑖𝑗-𝐿 < 0.05, we defined the
relationship between miRNA 𝑖 and target 𝑗 is luminal-A
trend, whereas the relationship is basal-like trend when
|CCR
𝑖𝑗
| is significant and 𝑃

𝑖𝑗-𝐵 < 0.05, where 𝑃𝑖𝑗-𝐿 and
𝑃
𝑖𝑗-𝐵 are the 𝑃 values of Pearson correlation coefficients tests

for miRNA 𝑖 and target 𝑗 in luminal-A samples and basal-
like samples, respectively. The detailed method description is
illustrated in our previous study [15].

2.6. Construction of Bayesian Networks and Identification of
Network Motifs. For each of the four gene groups (luminal-
A gain, luminal-A loss, basal-like gain, and basal-like loss),
our goal was to discover the interactions between mRNAs
and their regulating miRNAs using their dual expression
profiling data under the constraint of the reconstructed breast
cancer subtype-trend target information. In order to reduce
the search space in the Bayesian network learning process,
the reconstructed miRNA-mRNA target information based
onCCRwas used as the initial structure [22]. For the luminal-
A gain and luminal-A loss gene groups, the initial miRNA-
mRNA target informationwas a luminal-A trend. In contrast,
the initial miRNA-mRNA target information was a basal-
like trend for the basal-like gain and basal-like loss gene
groups. A Bayesian network is a graphicalmodel that encodes
probabilistic relationships among variables of interest. Let
𝑋 = {𝑥

1
, 𝑥
2
, . . . , 𝑥

𝑛
} be a set of variables. A Bayesian network

over a set of variables is defined as a network structure 𝑆,
which is a directed acyclic graph (DAG) over 𝑋 and a set
𝑃 of local probability distributions. The Bayesian network 𝑆
encodes the assertions of conditional independence; that is,
each variable 𝑥

𝑖
is independent of its nondescendants, given

its parents in 𝑆. In the present study, we allow that the nodes
fed into the Bayesian network are genes involved in four
gene groups and their regulating miRNAs. The conditional
likelihood of the variables given their parents is represented
in a Bayesian network by using Gaussian conditional den-
sities. Under the assumption of parameter independence,
an initial Bayesian network structure 𝑆 is learned from the
training data. From this initial network, greedy search algo-
rithm with random restarts is performed to get the highest
score posterior network to avoid local maxima. Finally, an
optimized Bayesian network that maximizes the Bayesian
factor is obtained using heuristic search of the network space
in a specified domain.The Bayesian network learning process
was shown in Figure S1 (see SupplementaryMaterial available
online at http://dx.doi.org/10.1155/2014/746970). We used
BNArray package of R software (http://www.r-project.org/)
to construct Bayesian network. Also, we are particularly
interested in the network motifs, which are patterns of
subgraphs that recur at frequencies much higher than those
found in randomized networks [22]. In the present study,
networkmotifs are topological modules which are frequently
occurring subgraphs in our integrated regulatory network.
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Figure 1: The flow chart of our work is as follows. (a) Using breast cancer subtype related aCGH data and breast cancer subtype related
expression profile data to determine the genes residing in subtype-specific CNA regions and divide the genes into four gene groups: luminal-
A gain group; luminal-A loss group; basal-like gain group; and basal-like loss group. (b) Using breast cancer subtype related miRNA-mRNA
dual expression profile data to reconstruct the miRNA-mRNA target information based on the defined correlation coefficient ratio (CCR)
values. (c) Construct Bayesian networks and identify network motifs for the four gene groups: for luminal-A gain and luminal-A loss gene
groups, the initial target information was a luminal-A trend. In contrast, the initial target information was a basal-like trend for basal-like
gain and basal-like loss gene groups.

Each network motif is composed of multiple interaction
types which reflect regulatory, signaling, or compensatory
pathway mechanisms using the novel network motif finding
algorithm-Cyclus3D [23], and the identified network motifs
involve at least two biomarkers. Our work flow chart was
shown in Figure 1.

2.7. KEGG and CePa Pathway Enrichment Analysis. To fur-
ther explore each functional gene cluster, we used DAVID
(http://david.abcc.ncifcrf.gov/) web tool to perform KEGG
pathway enrichment analysis for each of the four gene groups
(luminal-A gain, luminal-A loss, basal-like gain, and basal-
like loss). A KEGG pathway with a 𝑃 value of 0.01 adjusted
by Benjamini [24] correction was considered to be signif-
icant. Considering that the network structure information
is necessary for the interpretation of the importance of the

pathways, we further used aCePa package [25] to perform the
extended enrichment analysis by introducing network cen-
tralities as the weight of nodes which have beenmapped from
differentially expressed genes in pathways. Differing from
the traditional overrepresentation analysis methods that find
significant pathways without the topological information, the
CePa takes into account the pathway structure information so
that it can capture new findings that are closely related to the
current biological problems [25].

2.8. The Validation of Predicted Regulatory Relationships of
BRCA1-miRNAs Pairs by qRT-PCR Detection. To determine
whether BRCA1 regulates miRNA processing, we examined
the expression levels of primary, precursor, and mature
forms of selected miRNAs using quantitative RT-PCR (qRT-
PCR) after overexpression or knock-down of BRCA1 in
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MCF-7 cells. The major experiment process was described as
follows.

(1) Cell Cultures and Transfection. MCF-7 breast tumor
cell line was provided by the American Type Culture
Collection (ATCC). In our study, MCF-7 were cultured in
RPMI 1640 media supplemented with 2mM L-glutamine
(Invitrogen), 20 𝜇g/mL gentamycin (Panpharma), 10% fetal
bovine serum (Invitrogen), and 0.04UI/mL insulin (Novo
Nordisk) in a humidified atmosphere at 37∘C containing
5% CO

2
. MCF-7 cells were transfected with a pCMV6-XL4

vector containing the full-length BRCA1 gene purchased
from Origene (Beijing, China) (empty vector as control) or
pSilencer siRNA expression vector (Ambion) containing
BRCA1 specific shRNA expression cassette (scramble shRNA
expression vector as siRNA control). The siRNA target
was shown in Table S1. For transfections, cells at 50–60%
confluence were incubated with 2 𝜇g of plasmid DNA,
using the FuGENE 6 transfection reagent (Roche Molecular
Biochemicals, Monza, Italy) according to the manufacturer’s
instructions. Cells were then selected in G418 (0.4mg/mL)
(Invitrogen Life Technologies, La Jolla, CA, USA). Cell
clones that stably expressed G418 and retained growth
potential were assayed for BRCA1 expression by qPCR
and Western blot assay. qPCR primers for BRCA1 were
synthesized as in the following sequence: BRCA1-forward:
5-TTGTTACAAATCACCCCTCAAGG-3; BRCA1-reverse:
5-CCCTGATACTTTTCTGGATGCC-3. Antibodies for
BRCA1 and beta-actin were purchased from Cell Signaling
(Danvers, MA, USA).

(2) RNA Extraction, Reverse Transcription, and qRT-PCR
Assays. Total RNA was isolated from transfected and control
MCF-7 cells with TRIZOL reagent (Invitrogen) according to
the manufacturer’s protocol. The RNA quality was checked
by electrophoresis using a Bioanalyzer 2100 with RNA
6000 Nano LabChip and BioSizing A.02.11 software (Agilent
Technologies). For mRNA-, pri-, and pre-miRNAs reverse
transcription, 5𝜇g of total RNA was reverse transcribed in
a total volume of 15𝜇L using the First-Strand DNA Synthesis
Kit and performed according to the manufacturer’s protocol
(Amersham Biosciences). For mature microRNA reverse
transcription, 5𝜇g of total RNA was reverse transcribed in
a total volume of 15 𝜇L mix with TaqMan microRNA reverse
transcription kit (Applied Biosystems). Reverse transcriptase
was thermally inactivated (95∘C, 10min). qRT-PCR assays
were performed for determining the expression levels of
primary, precursor, and mature miRNAs, as described pre-
viously [26, 27]. The qPCR reaction was performed using
SYBR Green PCR Master Mix (Applied Biosystems) for
pri- and pre-miRNAs. For detection of mature miRNAs,
TaqMan MicroRNA assay kit (Applied Biosystems) was
used, according to the manufacturer’s protocol. The Taq-
Man reaction was performed with TaqMan Fast Universal
PCR Master Mix (Applied Biosystems). Data analysis was
performed using the comparative Ct method. Results were
normalized to human beta-actin for pri- and pre-miRNAs or
humanU6 small nuclear RNA (snRNA; hRNU6-1) formature
miRNAs.

(3) In Vivo Monitoring of Pri-miRNA Processing. Plasmid
constructs with pri-miRNA at the 3 untranslated region of
firefly luciferase cDNA and BRCA1 or siBRCA1 expression
vectors were transfected into MCF-7 cells. Cell extracts were
prepared at the 48-hour point after transfection, and the ratio
of firefly and Renilla luciferase was measured using a Dual-
Luciferase Reporter Assay system (Promega). The values
were further normalized by using an empty pmirGLO vector
and are indicated with standard deviation. The values are
presented as themean± SD of results of separate experiments
and were compared using Student’s 𝑡-test. Values at 𝑃 <
0.05 were considered to indicate significant differences. All
analyses were conducted using JMP IN software, version 5
(SAS).

3. Results

3.1. Subtype-Specific CNAs Were Determined by Assessment
of Tumor Genomics DNA Copy Number Changes. By imple-
menting the SBL model and backward elimination (BE)
procedure, we obtained the candidate CNA regions. In regard
to the luminal-A subtype, the total counts of gains and
losses were 3,650 and 3,544, respectively. For the basal-like
subtype, the total counts of gains and losses were 4,024
and 3,980, respectively. In particular, the highest counts of
CNA regions for a luminal-A subtype sample and a basal-
like subtype sample were 663 and 547, respectively (see
Figure S2). Moreover, the copy number changes detected
high frequency regions (more than 40% across the breast
cancer subtype samples) included 8 regions (2 gain regions
and 6 loss regions) for the luminal-A subtype and 18
regions (6 gain regions and 12 loss regions) for the basal-
like subtype, respectively (see Table 1). Peak incidences were
observed in smaller subregions, that is, gains of 10q11-q27
(62.5%) for basal-like subtype and losses of 17q21 (59.60%)
for luminal-A subtype. These regions have all been previ-
ously shown to be associated with subtype related breast
cancers.

In this analysis, the counts of state for subtype were
compared to identify the subtype-specific CNAs. To avoid
loss, the multiple test corrections were not performed and
4,551 genes with 𝑃 < 0.05 were then gathered for each
subtype. To determine whether the mRNA levels of these
candidate genes residing in subtype-specific CNA regions
were also correlated with DNA gain or loss, we observed the
expression change of these genes between the two distinct
samples (luminal-A and basal-like). The results indicated
that 1,267 genes had the simultaneous subtype-specific CNAs
as well as the corresponding expression change. According
to the counts state and the expression change of genes,
we divided the genes into four gene groups as the method
described: luminal-A gain (261 genes), luminal-A loss (297
genes), basal-like gain (298 genes), and basal-like loss (411
genes) (see Figure S3).

3.2. Several Breast Cancer Related Regulatory Network Motifs
Were Identified Based on Bayesian Networks and Reconstruc-
tion ofmiRNA-mRNADysregulated Relationships. To acquire
the prior miRNA-mRNA target information as the initial
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Table 1: The detected high frequency CNA regions (more than 40% across samples).

Gains Losses
Subtype Chromosome Frequency (%) Subtype Chromosome Frequency (%)
Luminal-A 5p15.3-q11.1 46.20 Luminal-A 1p36.3-31.2 55.80
Luminal-A 16p13.3-13.1 61.50 Luminal-A 11p15.5-15.4 42.30
Basal-like 2p25.3-24.2 42.50 Luminal-A 17p13.3-11.2 59.60
Basal-like 6p25.3-21.2 52.50 Luminal-A 18p11.3-q12.1 40.40
Basal-like 9p24.3-22.1 47.50 Luminal-A 19p13.3-13.2 42.30
Basal-like 10p15.3-11.1 62.50 Luminal-A 22q11.1-13.1 50.00
Basal-like 12p13.3-13.1 47.50 Basal-like 1p36.3-35.3 55.00
Basal-like 21q11.1-21.3 60.00 Basal-like 3p26.3-25.2 42.50

Basal-like 4p16.3-15.3 50.00
Basal-like 7p22.3-21.3 45.00
Basal-like 8p23.3-23.1 67.50
Basal-like 11p15.5-15.2 57.50
Basal-like 13q11-14.3 57.50
Basal-like 14q11.2-q13.1 42.50
Basal-like 16p13-11.2 45.00
Basal-like 17p13.3-11.2 67.50
Basal-like 19p13.3-13.1 65.00
Basal-like 22q11.1-12.1 50.00

structure of the Bayesian network, we reconstructed the
miRNA-mRNA target dysregulated relationships based on
the defined CCR. The CCR critical value is of 6.17, and, by
using this criterion, 2,659 luminal-A trend and 3,563 basal-
like trend miRNA-target dysregulated relationships were
identified (see our previous study [15]).

For each of the four gene groups, the nodes fed into
the Bayesian network contain the following: (1) luminal-A
gain group: 73 nodes involved in miRNA-mRNA luminal-
A trend pairs; (2) luminal-A loss group: 81 nodes involved
in miRNA-mRNA luminal-A trend pairs; (3) basal-like gain
group: 54 nodes involved in miRNA-mRNA basal-like trend
pairs; and (4) basal-like loss group: 67 nodes involved
in miRNA-mRNA basal-like trend pairs. We utilized their
miRNA-mRNA dual expression profiling data to construct
the Bayesian networks (see Figures 2(a1)–2(d1) and Table 2).
From Table 2, it is evident that the luminal-A loss gene group
has a greater betweenness and clustering coefficient when
compared to the other three gene groups. That means the
genes (miRNAs) involved in the luminal-A loss group are on
higher number of shortest paths between partners and tend to
interact with each other. In particular, we observed that miR-
145 displayed the highest degree in the network. Blenkiron
et al. [28] have previously observed higher expression ofmiR-
145 in luminal-A samples, and miR-145 may be one of the
miRNAs related to the breast cancer subtype. In addition,
the identified let-7e for the basal-like gain group and miR-
21 for the basal-like loss group are all approved to be breast
cancer subtype related [29, 30]. Furthermore, we used the
Cyclus3D algorithm to identify the network motifs that are
patterns of subgraphs that recur at frequencies much higher
than those found in randomized networks (see Figures 2(a2)–
2(d2)). For each of the network motifs, we calculated the

Pearson correlations for each of the links.The results showed
that all of the links in these network motifs are significant
(𝑃 < 0.05). The average Pearson correlation coefficients were
0.527 for the luminal-A gain group, 0.495 for the luminal-A
loss group, 0.658 for the basal-like gain group, and 0.701 for
the basal-like loss group, respectively. Although the results
generated by our method are compact with only a small
number of interactions, some of the identified miRNAs (or
mRNAs) by our integrated data analysis are particularly
breast cancer related. As an example, in the luminal-A loss
related Bayesian network motif, BRCA1 connected multiple
significantly underexpressed miRNAs or genes in basal-
like samples. It has been reported that breast cancers in
BRCA1 mutation carriers frequently have a distinctive basal-
like phenotype. A new finding has supported a derivation
of the majority of human BRCA1-associated and sporadic
basal-like tumors from luminal progenitors rather than from
basal stem cells [31]. For another example, in basal-like
loss related Bayesian network motif, given the importance
of miR-21 in tumorigenesis, Yang et al. found that miR-
21 affects the expression of many of its targets through
translational inhibition by knocking down the expres-
sion of endogenous miR-21 in MCF-7 breast cancer cells
[32].

It should be noted that some interactions have been
shown to be highly relevant to the subtype of breast cancer,
and several of the miRNAs involved in the interactions
have been confirmed to be breast cancer subtype related
using evidence from previous studies. For example, in the
luminal-A gain related Bayesian networkmotif, we found that
HTRA1was regulated bymultiple biomarkers including three
miRNAs (miR-379, miR-190b, and miR-31) and two genes
(DKK3 and C1orf 123), where miR-190b andmiR-379 showed
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Figure 2: Continued.
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Figure 2: Bayesian network and network motifs. (a1) Luminal-A gain Bayesian network; (a2) luminal-A gain network motif; (b1) luminal-A
loss Bayesian network; (b2) luminal-A loss network motif; (c1) basal-like gain Bayesian network; (c2) basal-like gain network motif; (d1)
basal-like loss Bayesian network; and (d2) basal-like loss network motif. In (a2–d2), each blue line indicates the interaction between two
miRNAs; each red line indicates the relationship between miRNA and its target; and each green line indicates the interaction between two
genes.

a higher expression in the luminal-A subtype than found in
the basal-like subtype, whereasmiR-31 presented the contrary
situation (see Figure 3(a)). Recent evidences approved that
HTRA1 might function as a tumor suppressor by controlling
the epithelial-to-mesenchymal transition and might func-
tion in chemotherapeutic responsiveness by mediating DNA
damage response pathways by characterizing expression in
primary breast tissues and the seven human breast epithelial
cell lines [33]. In the luminal-A loss related Bayesian network
motif, BRCA1 showed the most links with other biomarkers,
including two miRNAs (miR-143 and miR-145) and 4 genes
(CASC3, ITGA2B, BID, and LMNB1). BRCA1, miR-143, and
miR-145 all displayed the higher expression in the luminal-A
subtype than in the basal-like subtype (see Figure 3(b)). This
suggests that there might be a positive correlation between
BRCA1 and miR-143-miR-145. To validate whether BRCA1
regulates these two miRNAs, we examined the expression
levels of primary, precursor, and mature forms of miR-143
and miR-145 using quantitative RT-PCR (qRT-PCR) after
overexpression or knock-down of a BRCA1 in MCF-7 cells
(see Figures 4(a) and 4(b)). Plasmid constructs with pri-
miRNA at the 3 untranslated region of firefly luciferase
cDNA (pmirGLO-miR-143, pmirGLO-miR-145) and BRCA1
or siBRCA1 expression vectors were transfected into MCF-
7 cells. The primer sequences used for cloning are shown
in Table S1. We found that BRCA1 increased precursor
and mature miRNAs level of miR-143 and miR-145, though
their primary transcripts were found to be with no sig-
nificant changes (see Figure 4(c)). On the contrary, knock-
down of BRCA1 attenuated the expressions of precursor and
mature forms ofmiR-143 andmiR-145, whereas their primary
transcripts were found to have no significant changes (see
Figure 4(d)). Next, to determine whether BRCA1 processes

a pri-miRNA substrate, we performed an in vivo pri-miRNA
processingmonitoring assay of BRCA1 function as previously
described [34].MCF-7 cells were transfected with a luciferase
vector construct carrying a segment of pri-miR-143 and
pri-miR-145 between the luciferase gene and polyadenyla-
tion signal. By using this monitoring system, we observed
that BRCA1 overexpression caused a decrease in luciferase
activity containing pri-miR-143 and pri-miR-145 sequences
(see Figure 4(e)), whereas that activity was increased by
knockdown of BRCA1 (see Figure 4(f)). Collectively, these
results demonstrate that BRCA1 enhances miR-143 and miR-
145 processing of human breast cancer-associated specific
miRNAs in vivo.

Besides miR-145, in the basal-like gain related Bayesian
network motif, IL18 was found to be regulated by two
miRNAs (miR-936 andmiR-125a-5p) and four genes (ASPM,
ILF2, IL10RB, and IL2RG). We found that two miRNAs dis-
played the higher expression in the luminal-A subtype than in
the basal-like subtype (see Figure 3(c)). Recent studies have
shown that the expression of miR-125a-5p is downregulated
in human breast cancer and also that a germline mutation in
mature miR-125a-5p is closely associated with breast cancer
tumorigenesis [35, 36]. In the basal-like loss related Bayesian
network motif, CPA3 was regulated by three miRNAs (miR-
154, miR-362-3p, and miR-584) and four genes (GLT8D2,
GLT8D1, ECM2, and RASA1). Except miR-154 showing the
higher expression in the luminal-A subtype than in the basal-
like subtype, other two regulating miRNAs (miR-362-3p and
miR-584) showed the lower expression in luminal-A subtype
samples (see Figure 3(d)). This is supported by the report
showing that the expression levels of miR-154 are negatively
correlated with Estrogen receptor (ER) positivity in a cohort
of early breast cancers [37].
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Figure 3: Genes targeted by differentially expressed miRNAs in four network motifs. (a) Luminal-A gain network motif; (b) luminal-A loss
network motif; (c) basal-like gain network motif; (d) basal-like loss network motif.

3.3. Functional Enrichment Analysis for Four Gene Groups
or Network Motifs. For each of the gene groups (luminal-A
gain, luminal-A loss, basal-like gain, and basal-like loss), we
performed KEGG and CePa enrichment analysis. The results

were shown in Table 3. From Table 3, the CePa enrichment
analysis results showed that only genes of the luminal-A
gain group and basal-like gain group were enriched on the
significant pathways. It is interesting here to note that the
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Figure 4: BRCA1 facilitatesmiR-143 andmiR-145 processing. In order to confirmwhether BRCA1 facilitatesmiR-143 andmiR-145 processing,
BRCA1 overexpression and siBRCA1 expression plasmids were transfected intoMCF-7 cells.The empty vector or scramble siRNA expression
vector served as controls. (a) BRCA1 mRNA level and (b) protein level were examined by qPCR and Western blot, respectively, in stable
transfected cells, normalized by beta-actin (∗𝑃 < 0.05 as compared with mock control; 𝑛 = 3). Then, the expression levels of the primary
(pri), precursor (pre), and mature (mat) forms of the indicated miRNAs were examined in human BRCA1 (c) overexpressed and (d) knock-
down MCF-7 cells using qRT-PCR analysis. Pri- and pre-miRNAs were normalized by beta-actin, and mature miRNA was normalized by
U6 snRNA (∗𝑃 < 0.05 as compared with mock control; 𝑛 = 3). Meanwhile, in vivo monitoring assay of pri-miRNA processing in (e) BRCA1
overexpression or (f) knock-downMCF-7 cells carryingmiR-143 ormiR-145 at the 3 untranslated region of the luciferase gene.The intensities
were normalized by Renilla luciferase and are shown as fold induction as compared with an empty pmirGLO vector (∗𝑃 < 0.05; 𝑛 = 3). Error
bars represent standard deviation.
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Table 3: The KEGG and CePa pathway enrichment analysis results for the four gene groups.

Gene group KEGG pathway enrichment analysis CePa pathway enrichment analysis
Luminal-A gain hsa05212: pancreatic cancer (𝑃 = 0.0093) hsa05212: pancreatic cancer

Luminal-A loss hsa03440: homologous recombination (𝑃 = 0.0013) —
hsa05200: pathways in cancer (𝑃 = 0.0096) —

Basal-like gain

hsa00250: alanine, aspartate, and glutamate metabolism
(𝑃 = 0.0052)

hsa00250: alanine, aspartate, and glutamate
metabolism

hsa04060: cytokine-cytokine receptor interaction
(𝑃 = 2.85𝐸 − 04)

hsa04060: cytokine-cytokine receptor
interaction

hsa04810: regulation of actin cytoskeleton (𝑃 = 0.0036) —
hsa04630: Jak-STAT signaling pathway (𝑃 = 4.73𝐸 − 05) —
hsa05130: pathogenic Escherichia coli infection (𝑃 = 0.0095) —

Basal-like loss hsa04142: lysosome (𝑃 = 0.0033) —
hsa04512: ECM-receptor interaction (𝑃 = 0.0061) —

significantly enriched pathway of the luminal-A gain genes
group is pancreatic cancer (𝑃 = 0.0093). Although the
pancreatic cancer pathway appears not to be associated with
breast cancer, some reports have determined that mutations
in the BRCA2 gene have been implicated in pancreatic
cancer susceptibility through studies conducted on high-
risk breast and ovarian cancer families. A recent study
suggested that BRCA2 mutations could account for 6% of
moderate and high-risk pancreatic cancer families [38]. In
addition, there were two significantly enriched pathways of
the basal-like genes group: alanine, aspartate, and glutamate
metabolism pathway (𝑃 = 0.0052) and cytokine-cytokine
receptor interaction pathway (𝑃 = 2.85𝐸 − 04). This result
indicated that the genes involved in the basal-like group were
significantly enriched on the functions related to amino acid
metabolism and cytokine-cytokine receptor interaction. In
fact, many studies have reported that the genes differentially
expressed in breast cancer cells are more inclined to be
enriched on cytokine-cytokine receptor interaction pathway
[39, 40]. Also, to further explore whether the identified
four network motifs are associated with the breast cancer
subtype, we used Goeman’s global test here to determine
their significance. The global test potentially can determine
whether the global expression pattern of a group of genes and
miRNAs is significantly related to the clinical outcome [41].
The results showed that the identified four networkmotifs are
all strongly associated with the breast cancer subtype (𝑃 =
4.89𝐸−16 for the luminal-A gain networkmotif; 𝑃 = 1.40𝐸−
13 for the luminal-A loss network motif; 𝑃 = 2.14𝐸 − 14 for
the basal-like gain network motif; and 𝑃 = 1.07𝐸 − 15 for the
basal-like loss network motif; see Figure 5). From Figure 5,
we can see that some miRNAs displayed a strong association
with a particular breast cancer subtype, such as miR-135b
which has been proven to be upregulated in basal-like tumor
subtypes [14].

3.4.The Identified FourNetworkMotifs by Kaplan-Meier (KM)
Survival Analysis. To explore whether the global expression
pattern of the identified four network motifs or gene groups
involved in these network motifs are significantly correlated
with survival, we performed a Kaplan-Meier (KM) survival

analysis using the mRNA expression levels of the second
dataset and the miRNA-mRNA dual expression levels of
the third dataset, respectively. In this analysis, each network
motif or gene group was classified using 𝐾-means clustering
(𝑘 = 2) based on the miRNA or mRNA expression levels
into two groups which were defined as either luminal-A
trend or basal-like trend according to the proportion of
two breast cancer subtype samples. In other words, if the
predicted group acquired with 𝐾-mean cluster includes a
greater number of luminal-A samples than basal-like samples,
this group is defined as luminal-A trend and vice versa.
We performed the Kaplan-Meier (KM) survival analysis for
these network motifs (for the third dataset) or gene groups
involved in the network motifs (for the second dataset)
and assigned KM 𝑃 values for each of the sets in order to
stratify the patients into survival groups on the basis of the
identified sets. For the second dataset in which only mRNA
expression values were included, the analysis found that the
genes groups extracted from the luminal-A loss network
motif and the basal-like gain network motif displayed the
significantly different survival rates (log rank 𝑃 = 0.0073
and log rank 𝑃 = 0.001, resp.). Although we cannot see the
rest of the two gene groups extracted from the luminal-A
gain network motif (log rank 𝑃 = 0.0618) and the basal-
like loss network motif (log rank 𝑃 = 0.0584) show the
significant survival curve differences, we believe an increased
sample size might change these results. Interestingly, for all
of the four gene groups, the basal-like trend samples were
associated with the worse outcomes and lower survival rates
compared to the luminal-A trend samples (see Figure 6).This
is supported by the previous study in which the basal-like
breast cancer subtype was approved to have a poor prognosis
compared with the luminal-A and luminal-B subtypes [42].
However, for the third dataset in which both miRNA and
mRNA expression values were included, we did not find any
significant association of any of the identified networkmotifs:
log rank 𝑃 = 0.6798 for the luminal-A gain network motif;
log rank𝑃 = 0.4074 for the luminal-A loss networkmotif; log
rank𝑃 = 0.7521 for the basal-like gain networkmotif, and log
rank 𝑃 = 0.5020 for the basal-like loss network motif, which
might be caused by the small sample size of this dataset.
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Figure 5: Global test for 4 identified network motifs. (a) Luminal-A gain network motif; (b) luminal-A loss network motif; (c) basal-like gain
network motif; (d) basal-like loss network motif. This graph is based on the decomposition of the test statistic into the contributions made
by each of the genes (or miRNAs) in the alternative hypothesis. The graph illustrated the 𝑃 values of the tests of individual component genes
(or miRNAs) of the alternative. The plotted genes (or miRNAs) are ordered in a hierarchical clustering graph and the clustering method is
average linkage.

Moreover, we additionally performed Kaplan-Meier
(KM) survival analysis for each of the 25 genes involved in
the identified four network motifs. We divided the sample
into high expression group when its gene expression value
is higher than the median expression. On the contrary,

the sample is divided into the low expression group. As a
result, 5 genes (SPAG8, KIF15, ILF2, GL8TD1, and ASPM)
were found to have a significant log-rank 𝑃 value in patient
stratification (high expression group versus low expression
group). We also found that the low average expression of
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Figure 6: Kaplan-Meier (KM) survival analysis for genes involved in the identified network motifs. (a) A group of genes involved in the
luminal-A gain network motif; (b) a group of genes involved in the luminal-A loss network motif; (c) a group of genes involved in the basal-
like gain network motif; (d) a group of genes involved in the basal-like loss network motif.

SPAG8 and GL8TD1 was associated with the worse outcomes
when compared to the high expression (see Figure S4(A) and
4(D)). A contrary trend was observed with KIF15, ILF2, and
ASPM (see Figures S4(B), 4(C), and 4(E)). Some of these
results can be confirmed by recent studies. For example, a
recent study found that ASPM displayed obvious differential
expressions in different breast cancer subtypes, and these
expression levels were associated with the clinical outcomes
[43]. Moreover, our study additionally detected a significant
correlation between the expression of the ASPMandCCNB2,
and the elevated cytoplasmic CCNB2 protein levels were
confirmed to be strongly associated with the short-term
disease-specific survival of breast cancer patients [44].

4. Discussions

In the past few years, more and more evidence has shown
the relationships between biomarkers and cancers. The

significant signatures ofmRNAormiRNAexpression profiles
can be linked to various types of tumors, thereby suggesting
that mRNA or miRNA profiling has diagnostic and prognos-
tic potential. As one remarkable feature, increasing number
of genomic aberrations has been observed in the progression
from normal sample to disease sample. DNA copy number
was found to influence gene expression across a wide range
of DNA copy number alterations, and it has been reported
that at least 12% of all variation in gene expression among
breast tumorswas directly attributed to variation in gene copy
number [8]. The significant CNA of a potential gene should
also be reflected in the expression of its mRNA. Previous
and recent whole-genome analyses of copy numbers and gene
expression have led to the identification of global cellular
processes which are underlying malignant transformation
and progression of breast cancer subtypes. Some studies have
confirmed that the basal-like subtype was the most distinct
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in cases with common losses of the regions containing the
greatest overall genomic instability. Therefore, application of
aCGH allows a direct coupling to the copy number changes
with the potential target genes of miRNAs.

In the present study, we provided an integrative data
analysis by combining the copy number aberrations and
miRNA-mRNA dual expression profiling data to construct
regulatory networks from multiple sources of data: copy
number data, gene expression profiles of miRNAs and
mRNAs, target information based on sequence data, and
sample categories. Our study takes into account not only
the association between the copy number change and gene
expression, but also the association between the expression
of miRNAs and their targets. Specifically, we found some
breast cancer subtype related genes andmiRNAs through the
identified network motifs, and these identified biomarkers
might be potential targets for the subtype diagnosis and
therapy. In the practice, data integration analysis can identify
some important biomarkers which cannot be found by
many simplistic approaches. Therefore, the clinical subtype-
specific driver networks identified through data integration
are reproducible and functionally important. Our integrated
data analysis can assist in revealing important findings with
regard to the underlying molecular mechanisms of breast
cancer subtypes. Some discovered interactions andmolecular
functions have been confirmed by breast cancer documented
related study results. In particular, our experimental vali-
dation showed the positive correlation for BRCA1-miR-143-
miR-145 pairs in breast cancer subtypes. In addition, many
of the other discovered biomarkers are of high statistical
significance and thus are strong candidates for validation by
future experiments.

However, the limitations of our analysis should also be
noted. In our analysis, those genes showed copy number
abnormalities but did not display the significant over- or
underexpression in different subtypes that were excluded. It is
important to note that a recent study observed some subtype-
specific genes that hadno significantCNA, or a relatively poor
correlation between CNA and gene expression [45]. More-
over, we only analyzed the predicted direct miRNA-target
regulation, due to the computational complexity. Many other
relationships such as the protein-protein interaction infor-
mation (PPI) and the transcription regulation network are
not included. On the other hand, the lack of miRNA-mRNA
dual expression profiling datasets causes the limitations in
the data and these results must be confirmed in the future
studies when more miRNA-mRNA dual expression profiling
datasets are available. Additionally, it should be noted that,
except for the copy number changes and miRNA-mRNA
dual expressions, the mutations, protein-protein networks,
methylation alterations, and histone modifications can also
influence the integrated data analysis results. Therefore more
datasets and more biological knowledge are needed to vali-
date the results, and our future study will combine large-scale
data from a variety of analyses at the SNP, gene, methylation
alteration, and protein levels. This will assist directly towards
better understanding of disease pathology. Furthermore, the
amplifications and homozygous deletions are relatively small
regions, which may be overlooked by CGH techniques. The

latest new technique lasermicrodissection applied for the vast
majority of cases will obtain amuch higher percentage of cells
allowing a more reliable detection of copy number changes,
which will be utilized in our future study.

In summary, some of identified biomarkers have been
implicated in breast cancer subtypes and might play impor-
tant roles in breast cancer subtypes since they are considered
therapeutic targets.Therefore, the joint analysis of array com-
parative genomic hybridization (aCGH) copy number data
and microarray gene expression data will dissect biological
relationships relevant to our understanding of breast cancer
subtypes. This may assist in revealing important findings as
well as identifying candidate breast cancer subtype related
biomarkers by using the constructed biological networkswith
regard to the underlying molecular mechanisms of breast
cancer subtypes.
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Background. Respiratory syncytial virus (RSV) infection is the major cause of respiratory disease in lower respiratory tract in
infants and young children. Attempts to develop effective vaccines or pharmacological treatments to inhibit RSV infection without
undesired effects on human health have been unsuccessful. However, RSV infection has been reported to be affected by flavonoids.
The mechanisms underlying viral inhibition induced by these compounds are largely unknown, making the development of new
drugs difficult.Methods. To understand the mechanisms induced by flavonoids to inhibit RSV infection, a systems pharmacology-
based study was performed using microarray data from primary culture of human bronchial cells infected by RSV, together with
compound-proteomic interaction data available forHomo sapiens.Results.After an initial evaluation of 26 flavonoids, 5 compounds
(resveratrol, quercetin, myricetin, apigenin, and tricetin) were identified through topological analysis of a major chemical-protein
(CP) and protein-protein interacting (PPI) network. In a nonclustered form, these flavonoids regulate directly the activity of
two protein bottlenecks involved in inflammation and apoptosis. Conclusions. Our findings may potentially help uncovering
mechanisms of action of early RSV infection and provide chemical backbones and their protein targets in the difficult quest to
develop new effective drugs.

1. Introduction

Respiratory syncytial virus (RSV) is a major cause of lower
respiratory tract infection with high level of mortality in
children around the world [1–3]. It is estimated that all
children by two years of age have been infected by RSV
and more than half of them are reinfected [4]. Moreover,
RSV pathogenesis is notably associated with an increased

airway resistance characterized as wheezing, diagnosed as
bronchiolitis [2].

In the 1960 decade, a vaccine trial was performed with
unexpected and tragic results [5]. Hence, effective preven-
tive treatment to RSV infection is unavailable, since there
is no vaccine against the virus. However, several proto-
types are under study [6–9]. The prophylactic therapy with
palivizumab, a humanized monoclonal antibody, has been
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shown to reduce the number of RSV hospitalizations in
preterm infants [10], but the treatment has a very high cost,
and it is administered only to children with risk factors for
RSV bronchiolitis [11]. Another optional treatment against
RVS infection is ribavirin. It is a nucleoside analog that
introduces mutations into the RNA viral genome during
replication and was previously used routinely for infants
hospitalized with RSV. However, it has been associated with
undesired side-effects and was not considered an effective
treatment [12, 13].

The absence of a vaccine for RSV-induced bronchioli-
tis and the existence of few antiviral agents against RSV
constitute very important problems in pediatric medicine.
Thus, the development of novel anti-RSV drugs that can be
administered orally or parenteral to children is extremely
necessary.

A great variety of viruses have been reported to be
inhibited by natural compounds, such as flavonoids [14–16];
however, the molecular mechanisms underlying such effects
are largely unclear. In this sense, it is difficult to develop new
drugs.

In a search to provide new insights for RSV treat-
ments and to understand the multiples signaling pathways
affected by RSV infection, an integrative model based on
systems pharmacology predictions has been used. Moreover,
this methodology will allow understanding the effect of
flavonoid (FLA) compounds against RSV infection, integrat-
ing chemical-protein (CP) and protein-protein interaction
(PPI) networks.

2. Materials and Methods

2.1. Gene Expression Data from Primary Human Bronchial
Epithelial (PHBE) Cells Infected by RSV. The microarray
data GSE12144 were downloaded from the Gene Expres-
sion Omnibus (GEO) database [http://www.ncbi.nlm.nih
.gov/geo/]. Subsequently, a linear model was applied to nor-
malize this data, using Limma package from R/Bioconductor
to guaranteemaximal statistical stringency [17]. Additionally,
a contrast analysis was applied and differentially expressed
genes (PHBE mock versus PHBE RSV 24h) were identified
by Rank Product with a cutoff 𝑃 value of ≤ 0.05 [18].

2.2. Selection of Flavonoids. To select flavonoids with poten-
tial antiviral effect against pathogenic respiratory agents, a
literature mining was performed. Two flavonoids commonly
described against respiratory viral infections were selected:
quercetin [19–21] and resveratrol [22–24]. Quercetin is found
in abundance in onions, apples, broccoli, and berries [25],
whereas resveratrol is present in grapes, berries, and peanuts
[25].

In order to obtain drug-like compounds, a database-
dependent model was applied to calculate the drug-likeness
of all compounds similar to resveratrol or quercetin through
Tanimoto coefficient (Tc) [37]:

Tc =
∑
𝑘

𝑗=1
𝑎
𝑗
× 𝑏
𝑗

(∑
𝑘

𝑗=1
𝑎2
𝑗
+ ∑
𝑘

𝑗=1
𝑏2
𝑗
− ∑
𝑘

𝑗=1
𝑎
𝑗
× 𝑏
𝑗
)

, (1)

where “a” is the molecular property of each compound
and “b” represents the average molecular properties
of the whole compounds in the Drugbank database
[http://www.drugbank.ca/]. The Drugbank database is a
unique bioinformatic resource that contains 6825 compound
data.These chemical compounds are FDA approved drugs or
are being evaluated in clinical trials. In our work a criterion
of Tc values ≥ 0.611 was used according to suggestion by
Drugbank site (data shown in the Table 1).

2.3. Design of CP-PPI Networks. To obtain CP-PPI networks,
the metasearch engine STITCH 3.1 [http://stitch.embl.de/]
was applied. STITCH software allows visualization of the
connections (edge) among different proteins, chemical
compounds, and compounds-proteins, where each edge
shows a degree of confidence between 0 (lowest con-
fidence) and 1.0 (highest confidence). To this present
work, the parameters used were as follows: all predic-
tion methods were enabled, excluding text mining; max-
imal of 10 interactions by node; degree of confidence,
medium (0.400); and a network depth equal to 1. In addi-
tion, GeneCard [http://www.genecards.org/] and Pubchem
[https://pubchem.ncbi.nlm.nih.gov/] databases were used to
search synonymous names of genes and compounds rec-
ognizable by STITCH. In sequence, the outcomes obtained
through these search engines were analyzed with Cytoscape
2.8.2 [38]. Nonconnected nodes were excluded from the
networks.

2.4. Modular Analysis of CPI-PPI Network. ClusterONE was
the tool used to discover densely connected and possibly
overlapping regions within the Cytoscape network [39].
Dense regions corresponded to protein or compound-protein
complexes or parts of them.

ClusterONE identifies subnetworks by the identification
of “growing” dense regions out of small seeds guided by a
quality function. The quality of a group was evaluated by the
number of internal edges divided by the number of edges
involving nodes of the group.

2.5. Gene Ontology Analysis. Gene ontology (GO) analy-
sis was determined by biological network gene ontology
(BiNGO) software 2.44 [http://chianti.ucsd.edu/cyto web/
plugins/index.php] [40]. The degree of functional enrich-
ment for a given category was assessed (𝑃 value ≤ 0.05) by
hypergeometric distribution [41] andmultiple test correction
was applied using the false discovery rate (FDR) algorithm
[42], from BiNGO software. Overrepresented biological pro-
cess categories were obtained after FDR correction, with a
significance level of 0.05.

2.6. Centralities Parameters and Topological Analysis. Major
network centralities (closeness, betweenness, and node
degree) were analyzed with the CP-PPI networks using the
Cytoscape plugin CentiScape 2.8.2 [43].
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Table 1: List of flavonoid compounds considered to chemical protein-protein network design. Chemical identification (Pubchem), Tanimoto
similarity scores, and the antiviral activity of each compound (manually curated from literature).

Compound ID Pubchem CID Tanimoto similarity (score) Antiviral RSV references
A∗

Resveratrol 445154 1 [22, 24, 26–29]
Piceatannol 667639 0.966 UD∗∗∗

AC1O4D7M 6365297 0.719 UD
Caffeic acid 689043 0.689 UD
Phenol 996 0.687 [30, 31]
HLF 5288545 0.684 UD
Sinapinate 637775 0.635 UD
Ferulic acid 445858 0.622 [32]
Isoferulic acid 736186 0.614 [32]
2MP 7249 0.621 UD
P-coumaric acid 637542 0.611 UD
B∗∗

Quercetin 5280343 1 [19, 25]
Myricetin 5281672 1 UD
ST059620 5281614 0.959 UD
Kaempferol 5280863 0.946 [25]
Tricetin 5281701 0.884 UD
Apigenin 5280443 0.823 [33]
Oroxylin A 5320315 0.791 [34]
Wogonin 5281703 0.765 [34]
Flavone 10680 0.714 [35]
EMD 21388 128600 0.636 UD
𝛼-Naphthoflavone 11790 0.711 [34]
𝛽-Naphthoflavone 2361 0.711 [35]
Rutin 5280805 0.631 UD
Genistein 5280961 0.618 [36]
DB07032 656936 0.612 UD
A∗Group with high similarity to resveratrol.
B∗∗Group with high similarity to quercetin.
UD∗∗∗Undescribed in the literature.

Closeness centralitywas used to evaluate the shortest path
among a random node (protein or chemical compound) and
all other nodes [43]:

Clo (V) = 1

∑𝑤 ∈ Vdist(V,𝑤)
, (2)

where the closeness value (Clo(V)) was calculated by comput-
ing the shortest path between the node V and all other nodes
𝑤 found within a network.

The average closeness (Clo) score was calculated by the
sum of different closeness scores (Clo

𝑖
) divided by the total

number of nodes analyzed (𝑁
(V)):

⟨Clo⟩ =
∑
𝑖
Clo
𝑖

𝑁
(V)
. (3)

Also, the betweenness parameter was taken into account
in the analysis. This parameter is a measure equal to the

number of shortest paths from a couple of nodes that pass
through a different node [43, 44]:

Bet (V) = ∑
𝑠 ̸=V ̸=𝑤∈𝑉

𝜎
𝑠𝑤 (V)
𝜎
𝑠𝑤

, (4)

where 𝜎
𝑠𝑤

is the total number of the shortest paths from node
𝑠 to node𝑤 and 𝜎

𝑠𝑤
(V) is the number of those paths that pass

through the node V.
The average betweenness score (Bet) of the network was

calculated using (5), where the sum of different betweenness
scores (Bet

𝑖
) is divided by the total number of nodes 𝑁

(V)
analyzed:

⟨Bet⟩ =
∑
𝑖
Bet
𝑖

𝑁
(V)
. (5)
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The average betweenness score of CP-PPI network was
used to obtain responsible nodes of the control of the
flow of information in the network. These nodes are called
bottlenecks (B) and show higher probability of connections
of different modules or biological processes.

Finally, parameter degree was calculated. This parameter
is a measure that indicates the number of adjacent nodes (𝐸

𝑖
)

that are connected to a specific node (V), according to

Deg (V) = ∑𝐸𝑖. (6)

The average node degree of a network (Deg) is given by
(7), where the sum of different node degree scores (Deg

𝑖
)

is divided by the total number of nodes 𝑁
(V) present in the

network:

⟨Deg⟩ =
∑
𝑖
Deg
𝑖

𝑁
(V)
. (7)

Nodes with a high node degree score compared to the
average are called hubs (H) and are responsible for a central
regulatory role in the cell.

In this work, H-B (hub-bottleneck) may correspond to
central proteins or FLA compounds that are highly con-
nected to several complexes, while nodes that belong to
the NH (non-hub-B) group correspond to proteins or FLA
compounds that are important. In order to obtain H-B and
NH-nodes, mathematical means (threshold) generated for
betweenness and degree parameters were considered.

2.7. Molecular Parameters for the Development of a Potential
Drug. All compounds, which were chemically verified by
Zinc database [45, 46] were analyzed taking into account
the Lipinsky’s rule of five (xLogP, molecular weight, num-
ber of hydrogen bond acceptors, and donors). Toxicity
risks (mutagenic, tumorigenic, irritant, and reproductive
effect) were also examined by the Osiris Property Explorer
[http://www.organic-chemistry.org/prog/peo].

A diagram of methodological steps used in this work is
showed in Figure 1.

3. Results and Discussion

Studies of the FLA effects on viruses only have been per-
formed in vitro and in vivo but not in silico using high-
throughput (omic) approaches and network analysis based
on interactome data. This may occur due to the struc-
ture of flavonoids, which generally consist of two aromatic
rings, each containing at least one hydroxyl group that is
connected through a three-carbon “bridge” becoming later
part of a heterocyclic ring [47]. These chemical proprieties
allow increased permeability across the cellular membrane to
interact with multiple intracellular targets [48, 49]. As such,
these compounds possess a broad spectrum of biological
activities [50, 51], leading to the overrepresentation of many
biological pathways, which may not be necessarily linked to
antiviral potential. In this sense, systems pharmacology or
chemobiology strategies could be employed to define specific
targets of flavonoids.

Initial search

STITCH
(Text mining)

Cytoscape
+

ClusterONE

Cytoscape
+

CentiScape

Data interpretation/
predictive

compound effects

GeneCard

Resveratrol
Quercetin ↓

Compound
selection

Normalization
Microarrays

data
+

High Tanimoto
similarity

Cytoscape
+

BiNGO

CP-PPI networks

Differential gene
expression

Figure 1: Experimental approach employed to define poten-
tial treatments against RSV infection. The interactome data was
obtained from microarrays data derived from human bronchial
cells infected with RSV. Differential gene expression was considered
as initial input for network prospection. Additionally, the natu-
ral compounds from flavonoids obtained according to Tanimoto
similarity were added to the initial input in STITCH software.
The CP-PPI network generated was viewed by Cytoscape and
analyzed by ClusterONE in order to identify the major clusters
associated. Biological processes found within clusters were retrieved
by employing BiNGO plugin. Moreover, to find bottlenecks and
hubs, proteins/compounds used CentiScape plugin. Finally, data
interpretation was performed based on Zinc database and Osiris
Property Explorer.

3.1. Topological Design and Analysis of a Major CP-PPI Net-
work of PHBE Cells Infected by RSV. To focus on RSV antivi-
ral effects of flavonoids, we developed an interatomic net-
work considering 285 genes differentially expressed during
RSV infection of PHBE cells and 26 flavonoids compounds
(Table 1) as an initial input on STITCH software. As a result
of this approach, a major CP-PPI network composed of 57
nodes and 92 edges and integrated by five compound targets
with putative antiviral activity was obtained (Figure 2). It is
important to note thatminor networks without CPI were also
detected but were not considered for posterior analysis (Sup-
plementary Figure 1; see Supplementary Material available
online at http://dx.doi.org/10.1155/2014/301635).

Network topological features could successfully predict
FLA mechanisms of action against RSV infection. In this
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Figure 2: ClusterONE analysis of major chemical-protein (CP) and protein-protein interacting (PPI) network. All clustered proteins
(composing different subnetworks) and unclustered proteins are represented by nodes of different colors. Chemical compounds are
represented by square shape nodes. FLA compounds abbreviations: resveratrol (RESV), apigenin (APG), quercetin (QUER), myricetin
(MYR), tricetin (TRIC), and genistein (GEN).

sense, the global organization of clustering in the major net-
work suitable for flavonoid modulation was analyzed. Clus-
terONE identified four interconnected clusters (Figure 2).
Subnetworks of these clusters were created, representing four
discrete biological processes, as identified by gene ontology
analysis (GO) (Supplementary Table 1): (1) cell cycle phase
(corrected 𝑃 value: 2.33 × 10−6); (2) ubiquitin-dependent
protein catabolic process (corrected 𝑃 value: 1.61 × 10−5); (3)
nucleic acid metabolic process (corrected 𝑃 value: 4.68 ×
10−4); and (4) RNA splicing (corrected 𝑃 value: 1.65 × 10−6).
RSV-host studies have identified these processes that occur
upon infection [52–54]. However, all flavonoids and their

targets are unclustered in the major CP-PPI network. This
shows a compound-target regulation independent of cluster
network organization during early RSV infection. An alterna-
tive and possible strategy to understand RVS modulation by
flavonoids is to predict the best ranking of compound target
(high impact on the network) through network connectivity
analysis. In this sense, centrality properties were evaluated;
however, 11H-B nodeswere identified in theCP-PPI network,
represented only by proteins (Figure 3(a), Supplementary
Table 2).These sameH-B nodes possess high closeness values
(Figure 3(b), Supplementary Table 2), suggesting that these
nodes may have close communication with others in the
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Figure 3: Centrality analysis (a and b) of the major CP-PPI network. Dashed lines represent the threshold value calculated for each centrality.
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scores above the network average are indicated. Legend: hub-bottleneck (H-B); non-hub-bottleneck (NH-B). FLACompounds abbreviations:
resveratrol (RESV); apigenin (APG); quercetin (QUER); myricetin (MYR); tricetin (TRIC), and genistein (GEN).

major network. All flavonoid compounds are H-NB andNH-
NB nodes, but these modulate directly 2 H-B proteins (PIM1
and BCL2).

3.1.1. PIM1 and BCL2, as FLA Targets against RSV Infection.
PIM1 is a protooncogene which encodes a serine/threonine
kinase [55]. This kinase controls cell survival, proliferation,
differentiation, and apoptosis [56]. In the context of res-
piratory diseases, a recent study suggests that PIM1 has
a role in the induction of allergic airway responses [57].
Therefore, PIM1 inhibition reduces the development of full
spectrum allergen-induced lung inflammatory responses, at
least partially through limiting the expansion and actions of
CD4+ and CD8 + effector T cells [57]. A similar function for
PIM1 has been described in acute RSV infections [58]. PIM1
inhibition attenuates induced RSV reinfection, enhancing
airway hyperresponsiveness and activation of the inflamma-
tory cascade. In our analyses, PIM1 showed to be upregulated
in comparison with noninfected control (log FC = 0.026)
and to interact with three flavonoids (tricetin, myricetin,
and quercetin). These compounds are cell-permeable and
directly inhibit PIM1 kinase activity [59]. In this sense, these
flavonoids are potential inhibitors of RSV-caused inflam-
mation in a target-specific manner, through yet unknown
mechanisms. It is important to note that anti-RSV activity
of myricetin and tricetin were not tested experimentally and
should be further investigated.

On the other hand, our data suggest BLC2 regulation
mediated by flavonoids. BCL2 is a regulator of programmed
cell death (apoptosis), in part by modulating the release of
proapoptotic molecules from mitochondria. For viruses in
general (included RSV), apoptotic death of infected cells is
a mechanism for reducing virus replication. After 24 h of
infection by RSV, several proapoptotic factors of the BCL2

family and caspases 3, 6, 7, 8, 9, and 10 are induced in
different epithelial cell lines (primary small airway cells,
primary tracheal-bronchial cells, A549, andHEp-2 but not for
PHBE) [60]. At the same time, RSV also mediates induction
of antiapoptotic factors of the BCL2 family [60], which
might account for the delayed induction of apoptosis of RSV-
infected cells. This indicates the importance of a complex
struggle between apoptotic (host) and antiapoptotic (virus)
pathways [60].

In our study, BCL2 was shown to be downregulated
in PHBE infected cells in comparison with noninfected
controls (log FC = −0.008). We hypothesized that differential
expression of this gene may be caused by overexpression of
PIM1. In hematopoietic cells, PIM1 kinase acts as a survival
factor in cooperation with a regulation of BCL2 [61]. This
mechanism should be investigated in RSV infected PHBE.

Furthermore, resveratrol and apigenin control the activity
of BCL2 in inducing apoptosis in cancer cells [62, 63], but
the effect of these flavonoids has not been explored in PHBE
cells or in in vivo models for RSV infection. However, these
compounds are described as inhibitors of RSV replication in
vitro (see Table 1).

3.2. In Silico Analysis of FLA Effects on Human Health. We
have also predicted potential undesired effects on human
health of each of the FLA compounds based on its chemical
structures (for more details, see Section 2.7 of Materials and
Methods). Our analysis suggests that tricetin may have low
risk to human health considering the four main parameters
of the analysis (mutagenic, tumorigenic, irritant, and repro-
ductive effectiveness), as shown in Table 2. The other four
flavonoids (resveratrol, quercetin, apigenin, and myricetin)
may require chemical modification to reduce human health
impact but provide versatile chemical backbones for drug
development. Biotransformation of flavonoids into drugs is
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Table 2: Prediction of effects of FLA compounds based on chemical structure.

Molecules 𝑥 log𝑃∗ H-bond acceptors∗ H-bond donors∗ MV (g/mol)∗ Mutagenic∗∗ Tumorigenic∗∗ Irritant∗∗ Reproductive
effect∗∗

Resveratrol 2.99 3 3 228.247 High-risk Low-risk Low-risk High-risk
Quercetin 1.68 7 5 302.238 High-risk Medium-risk Low-risk Medium-risk
Apigenin 2.46 5 3 270.24 High-risk Medium-risk Low-risk High-risk
Genistein 2.27 5 3 270.24 High-risk High-risk Low-risk High-risk
Myricetin 1.39 8 6 318.237 High-risk Low-risk Low-risk Low-risk
Tricetin 1.68 5 7 302.238 Low-risk Low-risk Low-risk Low-risk
∗All parameters related to Lipinsky’s rule of five were obtained from Zinc database.
∗∗All toxicity risks were predicted by Osiris Property Explorer.

the usual approach in the development of anticancer targets
[64, 65] but could also be applied in the search of new
therapies against RSV.

4. Conclusions

Our model network CPI-PPI identified five target flavonoid
compounds: resveratrol, quercetin, tricetin, apigenin, and
myricetin. These compounds are suggested as potential
candidates in the process of development of novel drugs
against early severe RSV infection. Despite these potentially
interesting associations, these findings are mainly relying
on statistical analysis. Thus, Further experimental testing of
these predictions will be required to support the in silico data.
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Thyroid cancer is a typical endocrine malignancy. In the past three decades, the continued growth of its incidence has made it
urgent to design effective treatments to treat this disease. To this end, it is necessary to uncover the mechanism underlying this
disease. Identification of thyroid cancer-related genes and chemicals is helpful to understand the mechanism of thyroid cancer. In
this study, we generalized some previous methods to discover both disease genes and chemicals.Themethod was based on shortest
path algorithm and applied to discover novel thyroid cancer-related genes and chemicals. The analysis of the final obtained genes
and chemicals suggests that some of them are crucial to the formation and development of thyroid cancer. It is indicated that the
proposed method is effective for the discovery of novel disease genes and chemicals.

1. Introduction

Thyroid cancer (TC) is a typical endocrine malignancy.
During the past three decades, its incidence has been nearly
tripled in the whole world, such as the United States and
other developed countries [1]. Thus, it has been a formidable
and urgent task to uncover the mechanism behind it, thereby
efficiently improving the medical treatment. Research has
been focused on the findings of possible driving genes of this
disease, especially those genes with high frequent mutations,
over-expressions, or fusions for a long time. Until recent
years, this research process just started to accelerate.

With the advent of advanced technology including the
next-generation sequencing technologies, findings of genetic
and epigenetic alterations are speeding up [2]. In other
words, the gradual accumulation of somatic mutations and
chromosomal rearrangements that are related tomany crucial
tumor initiation and development genes has been found [3].
For example, high prevalence of mutations and gene fusions
in effectors of the PI3K-AKT and MAPK pathway occurred
in most patients with TC, suggesting its important contri-
butions to tumor initiation and development. Meanwhile,

dysregulation of hundreds of gene expressions, such as DPP4,
MET, LGALS3, and TIMP1, have been common events in
this disease [4]. This achievement towards the uncovering
of mechanism behind TC is inspiring. However, despite the
unprecedented rate of discovery of novel mutations and gene
fusions in TC, evidence towards the tumor genesis of TC is
still not convincing because of the still large search space.

In addition to the influence of our genomes, it is evident
that cancer is also influenced by environmental chemicals
from our daily lives. This is partly because environmental
exposures can cause DNA mutations and change epigenetic
mechanisms [5]. For example, we might contact fluoride
and arsenic in drinking water, and toxic gases from burning
of fuel and industrial emissions. Current studies show that
outdoor air pollution and second-hand smoke often contain
chemicals, such as arsenic and polycyclic aromatic hydrocar-
bons, which further increase risks of numerous cancers [6].
Exposure to toxic level of arsenic can significantly increase
DNA methylation of p16 and p53 promoter regions [7] and
change miRNA expression [8]. However, many chemicals’
effects towards cancer have not been researched and illus-
trated. Considering the important influences of chemicals
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towards cancer, we are also interested in searching for novel
chemicals related to TC.

We realized that with the simple results from experi-
ments, it would be difficult to meet up our expectation on
the detection of novel genes and chemicals related to TC
due to the time- and money-consuming process. Thus, more
effective and rapid alternative methods must be used to
assist the searching process of genes and chemicals related to
TC. Considering the efficiency of computational approach,
it might be a potential way, which can be used to complete
this arduous searching task in a more effective and time-
saving way. Until now, several computational methods have
been developed in the field of biological network analysis and
other related areas, such as construction and analysis of gene
regulation, gene coexpression or other biological networks
[9–14], and drug designs [15–21]. Recently, some computation
methods were proposed to identify new candidate disease
genes based on the knowledge of the known disease genes
[22–25]. These methods only considered the disease genes.
However, it is easy to improve their methods to identify
both genes and chemicals that were related to certain disease.
In this study, we generalized their methods by constructing
a weighted graph containing the information of protein-
protein interactions, chemical-chemical interactions, and
chemical-protein interactions and applied this method to
study TC. Similar to the methods in [22–25], according to
known TC-related genes that were collected from TSGene
Database [26], UniPort [27], and NCI (National Cancer
Institute) [28] and known TC-related chemicals retrieved
from CTD (Comparative Toxicogenomics Database) [29],
some new candidate genes and chemicals were discovered by
ourmethod.The analysis results of these new candidate genes
and chemicals showed that some of them are crucial to the
formation and development of TC.We hope that this method
could contribute to uncovering the mechanism of TC.

2. Materials and Methods

2.1. Materials. The TC-related genes were collected
from three sources: 209 TC-related genes were
achieved from UniProt (http://www.uniprot.org/)
[27] after we input “human thyroid cancer reviewed”
as the keywords; 16 genes were chosen in the
catalogue of thyroid cancer from TSGene database
(http://bioinfo.mc.vanderbilt.edu/TSGene/search.cgi)
[26]; 251 TC-related genes were retrieved from NCI
(https://gforge.nci.nih.gov/, released April 2009) [28]. After
integrating the above 476 genes, we finally obtained 444
different TC-related genes, which were provided in Online
Supporting Information (see S1 in Supplementary Material
available online at http://dx.doi.org/10.1155/2015/964795).

The TC-related chemicals were retrieved from CTD
(http://ctdbase.org/) [29], which included the interactions
between chemicals and genes and their associations with
diseases that were manually curated from 110,142 arti-
cles (http://ctdbase.org/about/dataStatus.go, accessed 2014
August). Only the 44 chemicals that were markers of TC,
were therapeutic to TC, or had known mechanism in TC
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Figure 1: An example to display the construction of the weighted
graph, where 𝑎, 𝑏, and 𝑐 represent chemicals and 𝑑, 𝑒, 𝑓, and 𝑔
represent proteins.

were analyzed.The pubchem IDs of these chemicals were also
provided in Online Supporting Information S1.

2.2. AWeightedGraphConstructed from Interactions of Chem-
icals and Proteins. Thecore idea of ourmethod is to construct
a hybrid weighted graph containing the information of
proteins, chemicals, and their associations.This idea has been
applied to our previous study on assigning chemicals and
enzymes to metabolic pathway [30]. To do that, we employed
the information of protein-protein interactions, chemical-
chemical interactions, and chemical-protein interactions.

The information concerning protein-protein interaction
was retrieved from STRING (Search Tool for the
Retrieval of Interacting Genes/Proteins, version 9.1,
http://string.embl.de/) [31], a large scale database containing
direct (physical) and indirect (functional) interactions
of proteins, which are derived from genomic context,
high-throughput experiments, (conserved) coexpression,
or previous knowledge (refer to http://string.embl.de/).
Some computational models have been built based on these
information [32–35]. Each obtained interaction contains
two proteins and one score, which measures the strength
of the interaction, that is, the likelihood of the interaction’s
occurrence. For latter formulation, let us denote the score of
the interaction between proteins 𝑝

1
and 𝑝

2
by 𝑆
𝑝𝑝
(𝑝
1
, 𝑝
2
).

In particular, if proteins 𝑝
1
and 𝑝

2
cannot comprise an

interaction according to the current data in STRING,
𝑆
𝑝𝑝
(𝑝
1
, 𝑝
2
) was set to zero.

The information concerning chemical-chemical interac-
tion and chemical-protein interaction was retrieved from
STITCH (Search tool for interactions of chemicals, version
4.0, http://stitch.embl.de/) [36], a sister project of STRING
which provides the known and predicted interactions of
chemicals and proteins. These interactions are confirmed
by evidence derived from experiments, databases, and the
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Figure 2: The top twelve KEGG pathways that were enriched by 169 significant candidate genes.
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Figure 3: The top ten GO terms that were enriched by 169 significant candidate genes.

literature (refer to http://stitch.embl.de/). Each obtained
chemical-chemical interaction contains two chemicals and
five scores: “Similarity,” “Experiment,” “Database,” “Textmin-
ing,” and “Combined score,” which measure the strength of
the interaction from different aspects, such as their struc-
tures, activities, reactions, cooccurrence in literature, and
integration of the above information. To widely indicate the
interaction between chemicals, we used the last score, that
is, “Combined score,” to measure the strength of the inter-
action. For two chemicals 𝑐

1
and 𝑐
2
, the “Combined score”

of the interaction between them was denoted by 𝑆
𝑐𝑐
(𝑐
1
, 𝑐
2
).

Similarly, 𝑆
𝑐𝑐
(𝑐
1
, 𝑐
2
) was set to zero if 𝑐

1
and 𝑐

2
do not

occur as an interaction in STITCH. Each obtained chemical-
protein interaction contains one chemical, one protein,
and five scores. With the similar argument, we used the
“Combined score” to indicate the strength of the interaction
between one chemical and one protein. Let 𝑆

𝑐𝑝
(𝑐, 𝑝) denote

the “Combined score” of the interaction between chemical 𝑐

and protein 𝑝. Also, 𝑆
𝑐𝑝
(𝑐, 𝑝) = 0 if 𝑐 and 𝑝 cannot comprise

a chemical-protein interaction. It is necessary to point out
that all chemicals in the retrieved chemical-chemical and
chemical-protein interactions must have records in KEGG
(Kyoto Encyclopedia of Genes and Genomes) [37] because
the number of chemicals in STITCH is too large and most
of chemicals have few associations with human tissues.

Based on the information concerning protein-protein
interactions, chemical-chemical interactions, and chemical-
protein interactions, a weighted graph 𝐺 = (𝑉, 𝐸) was con-
structed as follows: 𝑉 contained all proteins and chemicals
occurring in the above three kinds of information and 𝐸
consisted of all pairs of nodes such that the corresponding
proteins or chemicals can comprise an interaction. It is easy
to know that each edge in 𝐺 represented an interaction. On
the other hand, as mentioned in the above paragraph, each
interaction was assigned a score to indicate its strength; that
is, different interactions may have different strength. To note
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this fact in𝐺 and use the shortest path algorithm to search for
new candidate genes and chemicals, each edge was labeled a
weight as follows. Since the range of the interaction scores is
between 1 and 999, the weight of an edge 𝑒 with endpoints 𝑛

1

and 𝑛
2
was defined by

𝑤 (𝑒)

=

{{{{{{{{{{{{{

{{{{{{{{{{{{{

{

1000 − 𝑆
𝑝𝑝
(𝑝
1
, 𝑝
2
)

If 𝑛
1
and 𝑛

2
represented proteins 𝑝

1
and 𝑝

2

1000 − 𝑆
𝑐𝑝
(𝑐, 𝑝)

If 𝑛
1
and 𝑛

2
represented chemical 𝑐 and protein 𝑝

1000 − 𝑆
𝑐𝑐
(𝑐
1
, 𝑐
2
)

If 𝑛
1
and 𝑛

2
represented chemicals 𝑐

1
and 𝑐
2
.

(1)

To clearly display the procedures of construction of the
graph, a small example is shown in Figure 1. In the example,
there are three chemicals 𝑎, 𝑏, and 𝑐 and four proteins 𝑑, 𝑒,
𝑓, and 𝑔.The interactions, including their “Combined score,”
between them are listed in the table of Figure 1 and the
constructed graph based on these interactions is shown at the
top of Figure 1.

2.3. Method for Discovery of New Candidate Genes and
Chemicals. The following method for finding new candidate
TC-related genes and chemicals was almost same as that in
our previous study [25].The only differencewas that the input
of the current method contained both genes and chemicals,
while the method in [25] only considered genes. Readers can
refer to our previous study [25] for the detailed procedures of
the method and its principle. For the integrity of this study,
the brief description of the method was as follows: (I) search
all shortest paths connecting any pair of TC-related genes
and chemicals using Dijkstra’s algorithm [38]; (II) for each
node (gene or chemical) in𝐺, count its betweenness that was
defined as the number of paths containing it as an inner node;
(III) select the nodes (genes or chemicals) with betweenness
larger than zero as candidate genes and chemicals; (IV)
produce 1,000 sets by randomly selecting nodes (genes or
chemicals) from 𝐺; the numbers of genes and chemicals in
each set were the same as those in known TC-related gene
and chemical set; (V) for each set, search all shortest paths
connecting any pair of genes or chemicals in 𝐺; (VI) count
the betweenness of candidate genes and chemicals on each
randomly produced sets; (VII) for each candidate gene and
chemical, compare its betweenness on known TC-related
gene and chemical set and those on randomly produced sets,
thereby calculating its permutation FDR that was defined
as “the number of randomly produced sets on which the
betweenness was larger than that on the known TC-related
gene and chemical set”/1000.

3. Results and Discussions

3.1. Candidate Genes and Chemicals. Of the 444 TC-related
genes and 44 TC-related chemicals, we searched the shortest
paths in 𝐺 such that the endpoints of them were TC-related
genes or TC-related chemicals. Accordingly, the betweenness
of each gene and chemical in 𝐺 was computed, obtaining
636 candidate genes and 174 candidate chemicals whose
betweenness was larger than zero; that is, these genes and
chemicals occurred in at least one shortest path as inner
nodes. These genes and chemicals are listed in Online
Supporting Information S2, in which their betweenness is
also provided.

To exclude false discoveries, the permutation test was
executed by constructing 1,000 randomly selected gene and
chemical sets for calculating the permutation FDR of each
candidate gene and chemical, which is also provided in
Online Supporting Information S2. Then, we selected 0.05 as
a threshold to exclude false discoveries, obtaining 169 can-
didate genes and 49 candidate chemicals with permutation
FDRs smaller than 0.05. The information of these genes and
chemicals is available in Online Supporting Information S3.
For convenience, we termed these genes and chemicals as
significant candidate genes and significant candidate chem-
icals, respectively. The following discussion was based on
these significant candidate genes and significant candidate
chemicals.

3.2. Gene Enrichment Analysis. DAVID [39] is a powerful
tool that could be used to make integrative and systematic
of large gene lists. Thus, it was used in this study to
analyze the 169 significant candidate genes. The analysis
results included two parts: KEGG pathway enrichments
(Online Supporting Information S4) and gene ontology
(GO) enrichments (Online Supporting Information S5).
GO enrichments include three parts: biological process
enrichment (BP enrichment), cellular component enrich-
ment (CC enrichment), and molecular function enrichment
(MF enrichment). Since our method was mainly based on
protein-protein interactions, BP enrichment analysis was
more convincing, while other two results were not very
reasonable. Thus, we only gave the discussion based on the
BP enrichment.

For the KEGG pathway enrichment analysis results, 169
candidate genes are enriched in 19 KEGG pathways (see
Online Supporting Information S4). Among these 19 KEGG
pathways, twelve of them were with 𝑃 value (modified
Fisher exact 𝑃 value) less than 0.05. Figure 2 shows these
twelve KEGG pathways and the number of enriched genes
among the significant candidate genes (“count”). Hsa05200
(pathways in cancer, “count” = 20) is the most significant
pathway, which enriched 20 significant candidate genes,
such as FGFR2, FGF6, DVL3, EPAS1, and PPARG. Since all
these genes enriched in this pathway were reported related
to cancer formation and development, it further revealed
the validity of our method. Hsa05211 (renal cell carcinoma,
“count” = 7) is the second significant pathway with 7 genes
related to renal cell carcinoma. Hsa04722 (neurotrophin sig-
naling pathway, “count” = 7) is the third significant pathway,
enriching 7 genes, such as KRAS, PLCG1, and NTF3. Among
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them, NTF3 in neurotrophin signaling pathway has been
reported with the association to cancer [40]. Other pathways,
such as hsa05221 (acute myeloid leukemia, “count” = 5) and
hsa05215 (prostate cancer, “count” = 6), also revealed that the
significant candidate genes are associated with cancer.

For the BP enrichment analysis, results are shown in
Online Supporting Information S5. Ranked by 𝑃 value, top
ten BP GO terms are depicted in Figure 3. The mainly
enriched GO terms are associated with cell proliferation.
For example, genes in GO:0042127 (regulation of cell pro-
liferation, “count” = 35) and GO:0008284 (positive regu-
lation of cell proliferation, “count” = 25) are all reported
related to cell proliferation. Also, GO:0010604 (positive
regulation of macromolecule metabolic process, “count” =
34) and GO:0051173 (positive regulation of nitrogen com-
pound metabolic process, “count” = 26) are associated with
metabolic process. Since proliferative signaling and activating
metastasis are two hallmarks of cancer [41], it is convincing
that the result of BP enrichment analysis further supports the
validity of our method.

Thus, this enrichment analysis further proved the impor-
tance of genes discovered by our method. We hope that it
could be used to gain better understandings of the mecha-
nism of TC.

3.3. Analysis of Some Significant Candidate Genes. Among
169 significant candidate genes, we selected some important
genes to elucidate their potential values to be TC-related
genes. Since they have been reported to be associated with
the tumorigenesis or development of other types of cancers,
we thought it might lend credence to our method and make
our findings more convincing.

The gene CYP2B6 (cytochrome P450, family 2, subfam-
ily B, polypeptide 6) mainly encodes enzymes which are
involved in many reactions, specifically in anticancer drug
metabolism. A report based on one Japanese population
showed that polymorphismofCYP2B6 is significantly associ-
atedwith prostate cancer risk [42]. Also, decreased expression
of CYP2B6 is shown in prostate cancer, and it has been
recognized as growth inhibitory [43].

FURIN, also known as PACE, encodes furin protein.
High expression of furin has been detected in different
cancer types, such as ovarian cancer [44] and head and
neck cancer cells [45]. And the inhibition of its expression
can help decrease the tumorigenesis of cancers [46]. Also,
furin overexpression can promote cell invasion in human
hepatoma cell lines, which plays a role in the development
of hepatocellular carcinoma [47]. Moreover, the gene may
involve in the activity of Notch, and the Notch pathway is
important during the medullary thyroid cancer (MTC) [48].

MERTK (c-mer proto-oncogene tyrosine kinase)
is a protein-coding gene, which belongs to the
MER/AXL/TYRO3 receptor kinase family and encodes
cell-surface transmembrane receptors that contain regulated
kinase activity [49]. Research has found that MERTK is
overexpressed in a variety of cancers, such as prostate cancer,
non-small-cell lung cancer, and breast cancer [50]. Also,
its overexpression can result in the activation of oncogenic

signaling pathways and drive cell transformation in cancer
cells [51].

OAS2 (2-5-oligoadenylate synthetase 2, 69/71 kDa) is
involved in immune response of viral infection, because it
activates RNase L as a result of the elimination of viruses. In a
recent study of cervical cancer, researchers found that genes
related to antiviral response were increasingly expressed,
including OAS2 which is directly involved in viral RNA
degradation [52].

PPARG (peroxisome proliferator-activated receptor
gamma) is a member of PPAR subfamily of nuclear
receptors, which plays a crucial role in the regulation of gene
transcription and adipocyte differentiation. Currently, the
activation of PPARG has been recognized as one key step in
colorectal cancer progression [53], and its deacetylation can
determine lipid synthesis and growth in breast tumor [54].

To summarize, even though these 169 significant candi-
date genes have not been found associated with TC until now,
a wealth of evidence has proved their relations to other types
of cancer. Therefore, previous researches have validated the
reliability of our method and the importance of our findings.
We hope our method will be helpful to search novel TC-
related genes and be further promoted to the exploration of
other biological questions.

3.4. Analysis of Some Candidate Chemicals. Besides the
significant candidate genes, we also discovered 49 significant
candidate chemicals that are deemed to be related to thyroid
cancer development. Most of them (29 out of 49) can be sup-
ported by published literatures. Here, we only gave detailed
discussions for three of them. All of these 29 chemicals are
briefly discussed in Online Supporting Information S6.

Chloride ion (CID000000312) is a common ion in human
cells, which plays a crucial role in cell invasion due to its
ability to change the osmotic balance between the inner-
and extra-cellular space [55]. The reason behind invading
cancer cells that can pass though extracellularmatrix is partly
because it has the ability to reduce its volume. Several major
chloride channels on the cell membrane are responsible for
this invasive behavior of cancer cells. Research has found that
inhibition of the sodium-potassium-chloride cotransporter
isoform-1 (NKCC1) can decrease cell invasion by 50% [56].

Hydrogen cyanide (HCN, CID000000768) is the product
of various tobaccos, existing in the smoke as a colorless gas.
In the study of gastroesophageal cancer based on selected ion
flow tube mass spectrometry (SIFT-MS), hydrogen cyanide
is significantly different between cancer and healthy groups
[57]. Hydrogen cyanide is also recognized to have cardio-
vascular and respiratory toxicity, which might be a potential
factor to cause lung cancer [58].

Aniline (CID000006115) consists of a phenyl group
attached to an amino group, and it is the precursor of
industrial chemicals. It is reported that the incidence of
bladder cancer is clearly related to exposure to aniline [59].
Potential reasonsmight be due to an increase in iron overload
in the spleen and upregulation of TNF-𝛼, IL-1, and IL-6.
Also, the expression of cyclin dependent kinases (CDKs) is
upregulated by aniline [60].
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4. Conclusion

During the fight with thyroid cancer, discovery of its related
genes and chemicals and uncovering the mechanism behind
it are important to today’s research and future’s drug design
for designing effective treatments. Only with the assistance of
experiment methods would be an onerous and low efficient
way. In this study, we sufficiently used known resource, such
as protein-protein interactions, chemical-chemical interac-
tions, chemical-protein interactions, and known thyroid
cancer-related genes and chemicals, to search new can-
didate thyroid cancer-related genes and chemicals by the
shortest path algorithm. The proposed method generalized
our previous method that can only discover disease genes.
Further analysis of the selected genes and chemicals implies
that some of them have direct or indirect relationship with
the formation and development of thyroid cancer, thereby
suggesting the effectiveness of our method. We hope that
our method and the findings could shed new light on the
mechanism research of thyroid cancer.
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In order to understand disease pathogenesis, improve medical diagnosis, or discover effective drug targets, it is important to
identify significant genes deeply involved in human disease. For this purpose, many earlier approaches attempted to prioritize
candidate genes using gene expression profiles or SNP genotype data, but they often suffer from producing many false-positive
results. To address this issue, in this paper, we propose a meta-analysis strategy for gene prioritization that employs three different
genetic resources—gene expression data, single nucleotide polymorphism (SNP) genotype data, and expression quantitative trait
loci (eQTL) data—in an integrative manner. For integration, we utilized an improved technique for the order of preference by
similarity to ideal solution (TOPSIS) to combine scores fromdistinct resources.Thismethodwas evaluated on two publicly available
datasets regarding prostate cancer and lung cancer to identify disease-related genes. Consequently, our proposed strategy for gene
prioritization showed its superiority to conventional methods in discovering significant disease-related genes with several types of
genetic resources, while making good use of potential complementarities among available resources.

1. Introduction

The recent advance in high-throughput experiment tech-
nologies like microarrays and next-generation sequencing
technologies has led to the production of large amounts of
various biological resources regarding human genetic and
disease-oriented data.Thus, it became one of the most signif-
icant issues in current biomedical research to identify disease
genetic markers by exploring such a variety of resources in
a systematic way. For this purpose, many earlier works [1–
10] have been done by prioritizing candidate genes based on
gene expression profiles or SNP genotype data, but they often
producemany false-positive results, leading to the increase of
time and cost to validate them experimentally.

In differential gene expression studies, the most com-
mon approach for gene prioritization is to utilize statistical
methods for case-control microarray data which include 𝑡-
test and significance analysis of microarrays (SAM) [1]. In
these methods, candidate genes are prioritized according

to 𝑃 values and disease markers are chosen as such genes
that have 𝑃 values lower than a specific threshold. Other
methods like fold change or information gain are also used to
select probable disease-associated genes. On the other hand,
genome-wide association studies (GWAS) are often made to
identify genetic variations associated with specific diseases.
For this purpose, some statistical methods, like the Cochran-
Armitage trend test (CATT) [2, 3], the genotypic 𝜒2 test, and
the allelic 𝜒2 test [4], are widely used. The CATT based on a
specific genetic model usually performs better than Pearson’s
𝜒
2 test with 2 degrees of freedom [5] and has therefore been

suggested for use in the analysis of case-control data [6]. Since
the underlying genetic models of a complex disease are often
unknown, the CATT is widely used in combination with an
additivemodel. AlthoughGWAS can identify SNPs and other
variations in DNA that are associated with specific diseases,
they cannot determine specific causal genes [7, 8]. In order to
link the SNP-level data to the gene-level data, Lehne et al. [9]
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proposed the use of MaxT, MeanT, and TopQ since each gene
might have several SNPs assigned to it.

There have also been extensive studies to examine expres-
sion quantitative trait loci (eQTL), which regulate mRNA
and protein expression levels [10]. The eQTL can provide
great insights into the molecular mechanisms underlying
complex traits and aid in elucidating regulatory networks
[11]. Furthermore, because eQTL data allow for the mapping
of SNPs to biologically relevant genes [12], the Sherlock
algorithm [13] employed the SNP and eQTL data to discover
potential disease genes.

In spite of many positive aspects, however, these methods
for gene prioritization have some disadvantages. For example,
differential gene expression studies and GWAS focus only
on a single data type for gene prioritization, so they suffer
from being limited to a single genetic resource. This results
that some potential disease-associated genes identified in
differential gene expression studies remain undetected in
GWAS, and vice versa. Also, both of them tend to show high
false-positive rates.Thus, lately, an increasing number of gene
prioritization tools are interested in integrating data from
several resources [14–16].

In this paper, we propose a meta-analysis strategy for
gene prioritization which integrates three different genetic
resources, namely, gene expression data, SNP genotype data,
and eQTL data, with an improved technique for order of
preference by similarity to ideal solution (TOPSIS) [17]. The
key idea of the proposed strategy is to utilize additional gene-
level data obtained by using the eQTL data that provides
SNP-gene mapping relationship and to combine the signifi-
cance scores of candidate genes from three genetic resources
with the improved TOPSIS. Our experiment results showed
excellent performance of the proposed strategy in discovering
significant disease-related genes.

2. Materials and Methods

2.1. Test Methods for Individual Genetic Resources. For the
significance testing of gene expression data and SNPgenotype
data, we used the 𝑡-test and the CATT, respectively, which are
the most commonly used ones in differential gene expression
studies and GWAS, respectively.

2.2. Methods for Filtering Out Duplicate Gene Scores

Max. It is to choose the best score from duplicate gene scores
for a certain gene. For example, in the case of 𝑡-test, SAM,
and CATT analyses, the smallest 𝑃 value is selected, and for
information gain, the largest score is selected.

TopQ. It is to select the best quartile of all the duplicate
scores given to a gene and use their arithmetic mean as a
representative score of the gene. Here, if the number of the
duplicate scores given to a gene is not a multiple of 4, the
quartile number should be rounded up to the next integer.

Mean. It is to calculate the arithmetic mean of duplicate gene
scores as a representative score of a certain gene.

2.3. Methods for Integrating Scores from
Different Genetic Resources

The Improved TOPSIS Method. The original TOPSIS [18] is
a method to measure comprehensive benefit of an object
based on its relative distance to the ideal solution. The basic
idea of this method is to find the positive ideal solution and
the negative ideal solution in a decision-making process and
then choose the alternatives in the descending order of the
similarities to the positive ideal solution and in the ascending
order of the distance to the negative ideal solution. On
the other hand, the improved TOPSIS, which is a modified
version of the original TOPSIS, was proposed as an evaluation
method for economic problem [17]. To adapt this method
for gene prioritization problem, we slightly modified the
improved TOPSIS method. The detailed description of the
procedure is given in the following.

(1) Firstly, construct a 𝑛 × 𝑚 gene score matrix where 𝑛

is the total number of genes and 𝑚 is the number of
gene scores obtained from different genetic resources:

𝑋 =

[
[
[
[

[

𝑋
11

𝑋
12

⋅ ⋅ ⋅ 𝑋
1𝑚

𝑋
21

𝑋
22

⋅ ⋅ ⋅ 𝑋
2𝑚

.

.

.
.
.
.

.

.

.
.
.
.

𝑋
𝑛1

𝑋
𝑛2

⋅ ⋅ ⋅ 𝑋
𝑛𝑚

]
]
]
]

]

. (1)

There can be some values missing in the matrix when
the corresponding genes might not exist in the score
list of some of the genetic resources. However, the
improved TOPSIS method is not affected by missing
values because it simply integrates existing scores only
for specific genes.

(2) Secondly, normalize the gene scores in each indi-
vidual resource by dividing each of them by the
Euclidean norm of all the gene scores from the same
resource, as in formula (2); for 𝑖 = 1, 2, . . . , 𝑛 and
𝑗 = 1, 2, . . . , 𝑚,

𝑈
𝑖𝑗
=

𝑋
𝑖𝑗

√∑
𝑛

𝑖=1
𝑋2
𝑖𝑗

. (2)

(3) Thirdly, obtain the most positive solution (𝑈
+

𝑗
) and

the most negative solution (𝑈
−

𝑗
) for each type of

genetic resources. That is, for 𝑖 = 1, 2, . . . , 𝑛 and 𝑗 =

1, 2, . . . , 𝑚, calculate the following:

𝑈
+
= (𝑈
+

1
, 𝑈
+

2
, . . . , 𝑈

+

𝑚
) , 𝑈

+

𝑗
= max {𝑈

𝑖𝑗
} ,

𝑈
−
= (𝑈
−

1
, 𝑈
−

2
, . . . , 𝑈

−

𝑚
) , 𝑈

−

𝑗
= min {𝑈

𝑖𝑗
} .

(3)

Here the max indicates the selection of the most
positive solution which is the best score chosen by
taking the smallest 𝑃 value from the 𝑡-test, SAM,
or CATT results or taking the largest score from
the results of information gain. On the other hand,
the min indicates the selection of the most negative
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solution which is the worst score chosen by taking the
largest 𝑃 value for the 𝑡-test, SAM, or CATT results or
taking the smallest score for the results of information
gain.

(4) Finally, for each gene 𝑖 = 1, 2, . . . , 𝑛, calculate its
relative distance 𝑑

𝑖
to the most negative solution by

using formula (4), and then select the genes which
have the larger values of 𝑑

𝑖
to find more significant

genes:

𝑑
𝑖
=

⟨Δ𝑈
𝑖
, Δ𝑈⟩

‖Δ𝑈‖
2

, (4)

where <, > indicates the inter product and ‖ ⋅ ‖ is the
Euclidean norm. Consider

Δ𝑈
𝑖
= (𝑈
𝑖
− 𝑈
−
) ,

Δ𝑈 = (𝑈
+
− 𝑈
−
) ,

‖Δ𝑈‖ = √

𝑚

∑

𝑗=1

(𝑈
+

𝑗
− 𝑈
−

𝑗
)
2

.

(5)

Rank Product (see [19]). This method is to combine ranked
lists for prioritization by using the following formula:

RP
𝑔
= (

𝑘

∏

𝑖

𝑟
𝑔,𝑖
)

1/𝑘

, (6)

where 𝑟
𝑔,𝑖

is the rank of gene 𝑔 in the score list of the 𝑖th
genetic resource. That is, for each gene, it computes the rank
product via the geometric mean of the ranks in the score lists
of different genetic resources. Then the rank product is used
as a final score for gene prioritization.

Fisher’s Method (see [20]). This method combines extreme
value probabilities from several tests, commonly known as 𝑃
values, into one test statistic (𝜒2) using the formula given in
the following:

𝜒
2

2𝑘
∼ −2

𝑘

∑

𝑖=1

ln (𝑝
𝑖
) . (7)

Rescaled Sum of 𝑍-Scores (see [21]). This method combines
several individual 𝑍-scores by using the formula of

𝑅𝑆𝑍 =
∑
𝑘

𝑖=1
𝑍
𝑖

√𝑘
, (8)

where 𝑘 is the number of 𝑍-scores to be combined.

3. Results and Discussion

3.1. Evaluation of Gene Prioritization Results Obtained by Inte-
grating Genetic Resources with Improved TOPSIS. To evaluate

the proposed strategy of gene prioritization integrating differ-
ent genetic resources with the improved TOPSIS, we made
experiments with two different datasets regarding prostate
cancer and lung cancer. For each dataset, we downloaded
gene expression data, SNP genotype data, and eQTL data
from publicly available databases. In particular, for prostate
cancer data, we used the gene expression profiles of the
GSE6919 dataset [22] which includes 128 samples of 65 cases
and 63 controls as in [23]. For SNP genotype data, we used the
GSE18333 dataset [24] excluding 10 United Kingdom samples
from original 82 samples, and this left us with 72 Chinese
samples of 39 cases and 33 controls. For lung cancer data, we
used the GSE19804 dataset [25], which includes 120 samples
of 60 cases and 60 controls, as the gene expression data. For
SNP genotype data, we used the GSE33355 dataset [26] of
122 samples with 61 cases and 61 controls. Also, Affymetrix
6.0 eQTL data were used which are downloadable from
SCANdb [27]. Finally, for the validation of gene prioritization
results, we downloaded the details of disease-associated genes
from the Gene Association Database (GAD) and found 786
prostate cancer related genes and 731 lung cancer related
genes, respectively.

The overall procedure of the proposed strategy for gene
prioritization is illustrated in Figure 1. To begin with, we
preprocessed the gene expression data for specific disease
by using the comprehensive robust multiarray average [28]
method and produced the prostate cancer gene expression
data consisting of 12,625 probes and 128 samples with 65 cases
and 63 controls, and the lung cancer gene expression data
consisted of 54,675 probes and 120 samples with 60 cases
and 60 controls. For the processing of SNP genotype data,
we removed such SNPs satisfying minimum allele frequency
<0.01 and Hardy-Weinberg equilibrium test statistic value
lower than ∼7. Consequently, we obtained the prostate cancer
SNP genotype data consisting of 709,216 SNPs and 72 samples
with 39 cases and 33 controls, and the lung cancer SNP
genotype data consisted of 760,716 SNPs and 122 sampleswith
61 cases and 61 controls. Next, with the above preprocessed
data of gene expression and SNP genotype, we converted
the probe IDs (or SNP IDs) to gene symbols with gene (or
SNP) annotations, producing two datasets named GeneExp
data and GeneSNP data, respectively. Also, by using eQTL
data that conveys the biological relationships between SNPs
and their regulated genes, we converted SNP IDs in the
SNP genotype data to gene symbols, producing another
dataset named GeneQTL data. Thus, eventually, it resulted
in generating three datasets of genes (i.e., GeneExp data,
GeneSNP data, and GeneQTL data), where each dataset may
contain duplicate genes occurring bymultiple probesmapped
into the same gene symbol.These duplicate genes, if any, were
filtered out after obtaining gene scores for each dataset.

In order to obtain gene scores, we applied the most
common test methods for the three datasets, respectively.The
𝑡-test was used for GeneExp data and the CATT was used
for GeneSNP and GeneQTL data. Instead of these methods,
any other common methods can be applicable for each
dataset. Now, we have three datasets of gene scores from the
GeneExp, GeneSNP, and GeneQTL data, which are named
Gene scores, SNP scores, and eQTL scores, respectively.
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Gene prioritization
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SNP score eQTL score Gene score

t--test

Figure 1:Overall procedure of the proposed strategy for gene prioritizationwhich consists of four steps: (1) convert probe IDs to gene symbols,
(2) apply test methods to obtain scores, (3) filter out duplicate genes in each score list, and (4) integrate scores with improved TOPSIS.

Based on these, we filtered out the duplicate genes by using
one of the three available methods [9]: Max, TopQ, and
Mean. In our experiments, we applied all three methods
to remove duplicate genes and compared them in terms
of the ability to discover potential disease-associated genes.
Specifically, we chose the top 10% genes from each score list
(ranked by 𝑃 values) and, among them, counted the number
of actual disease-related genes. The results from prostate
cancer data and lung cancer data are shown in Figures 2(a)
and 2(b), respectively, which clearly demonstrate that the
Max method is the most suitable for filtering out duplicate
genes. Thus, the Max method was used in all subsequent
analyses. Consequently, after filtering out duplicate genes, we
could obtain the prostate cancer dataset that includes 9,072
gene scores in the GeneExp data, 21,243 gene scores in the
GeneSNP data, and 11,860 gene scores in the GeneQTL data.

Similarly, for the lung cancer dataset, we obtained 22,635
gene scores in the GeneExp data, 21,393 gene scores in the
GeneSNP data, and 11,860 genes scores in the GeneQTL data.

Finally, with these three kinds of gene scores, we applied
the improved TOPSIS method to integrate them and pri-
oritized candidate genes according to the combined score.
It should be noted that the candidate genes here to be
prioritized are as many as the union of the genes in GeneExp
data, GeneSNP data, and GeneQTL data, which leads to the
maximal use of distinct genetic resources.

Our experiment results of gene prioritization are sum-
marized in Figures 2, 3, and 4, where the performance was
evaluated in terms of the receiver operating characteristic
(ROC) curves and the area under the curve (AUC) estimates.
In particular, Figure 3 shows the effects of integrating distinct
genetic resources with improved TOPSIS on disease-related
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Figure 2: Comparison of the Max, TopQ, and Mean methods in filtering out duplicate genes: (a) prostate cancer results, (b) lung cancer
results.
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Figure 3: Effects of integrating distinct genetic resources with improved TOPSIS on disease-related gene identification: (a) prostate cancer
results, (b) lung cancer results.
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Figure 4: Comparison of the improved TOPSIS with other integration methods in terms of the ability to discover actual disease-related
genes: (a) prostate cancer results, (b) lung cancer results.

gene identification in (a) prostate cancer data and (b) lung
cancer data, respectively. From these figures, it is observed
that the increasing number of distinct genetic resources to
be used can be quite helpful to improve the performance of
discovering potential disease-related genes, especially when
the improved TOPSIS is used for the integration of different
resources. In addition, this method does not only have the
ability to cover as many genes as the union of the genes
in different resources, but also can make good use of the
potential complementarities among them.

3.2. Comparison of the Improved TOPSIS with Other Integra-
tion Methods. For the evaluation of our integrative approach
with the improved TOPSIS, we also tested other integration
methods (i.e., rank product, Fisher’s method, and rescaled
sum of 𝑍-scores) under the same environment as in our
experiments with the improved TOPSIS. Figure 4 shows the
comparison of the improved TOPSIS with other integration
methods in terms of the ability to discover actual disease-
related genes in (a) prostate cancer data and (b) lung cancer
data. According to these results, the improved TOPSIS per-
formed much better in integrating scores from three distinct
genetic resources (Gene, SNP, eQTL data) than the other
methods. This may be the reason that only the improved
TOPSIS can provide higher ranks to the genes found in
all the three genetic resources than those found in a single
resource or any two resources, whereas the other methods
cannot do so. From the formulas of the rank product, Fisher’s
method, and rescaled sum of 𝑍-scores, which are introduced

in the Methods, we can understand how such results can be
obtained. For example, consider the case of two genes, in
which the first gene’s rank list is (1, 2, 3) and second gene’s
rank list is (3, NA, 1), where “NA” means that the gene is
not present in the second genetic resource. When applying
the rank product method to this case, the first gene’s rank
product is 1.82 and the second gene’s rank product is 1.73.
As a result, this method places the second gene in higher
rank than the first gene, even though the first gene is actually
much more important because it is present in all genetic
resources. The Fisher and rescaled sum of 𝑍-scores methods
have similar problems. Consequently, it seems that such
integration methods like the rank product method, Fisher’s
methods, and rescaled sum of 𝑍-scores, are not suitable for
integrating scores from these types of genetic resources.

3.3. Comparison of Our Strategy with Other Gene Prior-
itization Tools. For comparative purpose, we performed
similar experiments with two existing meta-analysis tools
for gene prioritization, MetaRanker 2.0 and Sherlock. The
MetaRanker 2.0 is a web-based gene prioritization tool in
which several types of data from different genetic resources
can be given as inputs. For our analyses with this tool, we used
the same three genetic resources as in our earlier experiments,
including SNP genotype data, gene expression data, and
eQTL data. On the other hand, the Sherlock is a tool to
discover disease-related genes via genome-wide association
study using eQTL information. For experiments with the
Sherlock, we used SNP genotype data (which is the same as
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Figure 5: Comparison of our gene prioritization strategywith othermeta-analysis tools in identifying actual disease-related genes: (a) prostate
cancer results, (b) lung cancer results.

in our earlier experiments) and the eQTL data used in [29]
which is available to choose at the webpage of the Sherlock.
Figure 5 shows the comparison of our proposed strategy
with these tools in identifying disease-related genes from (a)
prostate cancer data and (b) lung cancer data. From these
figures, it can be clearly observed that our integrative strategy
for gene prioritization is superior to other meta-analysis
tools, such as Sherlock and MetaRanker 2.0. Specifically, for
prostate cancer data, our strategy showed 73.36% AUC esti-
mate in identifying disease-related genes while the Sherlock
and the MetaRanker 2.0 showed 53.74% and 53.26% AUC
estimates respectively. Similarly, our strategy showed 69.76%
AUC estimate in lung cancer related gene identification that
has much better performance than the others, 53.81% AUC
estimate in the Sherlock, and 55.66% AUC estimate in the
MetaRanker 2.0.

4. Conclusions

In this paper we proposed an integrative strategy of gene
prioritization which can employ various genetic resources,
including gene expression data, SNP genotype data, and
eQTL data, even if it is not limited to use these data only. Par-
ticularly, for the integration of scores fromdifferent resources,
we used the improved TOPSIS method and could make good
use of potential complementarities among available genetic
resources. To verify the performance of our proposed strat-
egy, we conducted experiments with two datasets regarding
prostate cancer and lung cancer, each of which includes gene
expression data, SNP genotype data, and eQTL data. The

results demonstrate that our integrative strategy with the
improved TOPSIS is superior to other integrationmethods in
combining scores from distinct genetic resources, leading to
the better performance in discovering disease-related genes.
In addition, compared to other existing gene prioritization
tools, our strategy is easily extensible and customizable to use
many other resources for the meta-analysis, while producing
very impressive results of gene prioritization.

To extend the present work, we are currently devel-
oping a web-based application to implement the pro-
posed strategy. The first test version can be found at
http://155.230.107.81/meta.analysis/.
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There is significant interest in inferring the structure of subcellular networks of interaction. Here we consider supervised interactive
network inference in which a reference set of known network links and nonlinks is used to train a classifier for predicting new links.
Many types of data are relevant to inferring functional links between genes, motivating the use of data integration. We use pairwise
kernels to predict novel links, along with multiple kernel learning to integrate distinct sources of data into a decision function. We
evaluate various pairwise kernels to establish which aremost informative and compare individual kernel accuracies with accuracies
for weighted combinations. By associating a probability measure with classifier predictions, we enable cautious classification, which
can increase accuracy by restricting predictions to high-confidence instances, and data cleaning that can mitigate the influence of
mislabeled training instances. Although one pairwise kernel (the tensor product pairwise kernel) appears to work best, different
kernels may contribute complimentary information about interactions: experiments in S. cerevisiae (yeast) reveal that a weighted
combination of pairwise kernels applied to different types of data yields the highest predictive accuracy. Combined with cautious
classification and data cleaning, we can achieve predictive accuracies of up to 99.6%.

1. Introduction

There is a significant interest in determining subcellular
network structures, from metabolic and protein-protein
interaction networks, through to signalling pathways. Two
broad interactive inference approaches are unsupervised and
supervised network inference. With unsupervised inference,
no prior knowledge of network linkage is assumed. Super-
vised inference is a more tractable alternative in which there
is a training set of links and nonlinks, believed to be reliably
known, and the task is to train a classifier using this informa-
tion. We then make predictions for additional possible links
where interactive network structure is less clearly resolved.
One advantage of supervised inference is that there are a
variety of pathways where the structure is fairly reliably
determined and thus this prior structural knowledge could
give a viable training set. A further advantage of supervised
inference is that different types of data are informative about
whether a functional link may exist, allowing practitioners to

integrate data from diverse sources [1]. Furthermore we can
weight these different data sources according to their relative
significance. With unsupervised learning, it is much more
difficult integrating different types of data into a predictive
model, though various schemes have been suggested.

In this paper we will consider supervised network infer-
ence and we evaluate a variety of strategies to improve
predictive performance. First we consider multiple kernel
learning (MKL) in which different types of data are encoded
into different pairwise base kernels. Using a weighted combi-
nation of base kernels, we construct a composite kernel that
is used in a kernel-based classifier, for example, a Support
Vector Machine (SVM) [2]. In Section 3 we show that this
integrative approach gives better performance over a uniform
weighting of kernels or classifiers constructed using only one
type of data. Secondly, we discuss both established and a
novel pairwise kernel for use with MKL. In this study we are
interested in functional links between pairs of nodes in an
interactive network, so the kernels we use encode similarity
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between pairs. Our goal is to investigate which pairwise
kernel is best and whether a variety of such pairwise kernels
should be used in combinationwithMKL.Nextwe associate a
probabilitymeasure with the predicted class assignment.This
facilitates cautious classification and motivates a novel data
cleaning method. We demonstrate dramatic improvements
in accuracy via cautious classification, in which test accuracy
is improved at the expense of making predictions for only a
subset of possible links or nonlinks.This probability measure
alsomotivates amethod for data cleaning: we train a classifier
incrementally and predict a new link-label prior to adding
it to our training set. If, with a high confidence prediction,
the predicted link-label disagrees with the actual label then
this may indicate an outlier (a wrong link-label) and the
datapoint should not be learnt. We investigate a method of
incremental data cleaning for SVMs in which we sequentially
add training data to the training set by selecting the next
example closest to the current separating hyperplane: these
are necessarily low confidence predictions and, by thismeans,
we defer encounter with potential outliers toward the end of
the sequential learning process. For the data set considered
we show that this strategy leads to a small improvement in
test accuracy.

2. Methods

2.1. Pairwise Kernels. Kernels [2, 3] encode the similarity of
data objects and they can be constructed for a variety of
different types of data, from continuously valued to sequence
or graph information [2, 4]. For network inference, we will
use a label 𝑦

𝑖1 ,𝑖2
= +1 for a functional interaction between a

pair of nodes (e.g., genes), labelled 𝑖
1
and 𝑖
2
. 𝑦
𝑖1 ,𝑖2

= −1 will
label a noninteracting pair. Thus, with supervised inference,
we have an adjacencymatrix with components+1 and−1 and
a number of unknown elements which we wish to estimate.

Our data is in the form x
𝑖
(where 𝑖 = 1, . . . , 𝑚). Linkage

patterns in the data are classified in terms of pairings of nodes
and appropriate kernels quantify a similarity between pairs.
Thus, a comparison between a pair (x

𝑖1
, x
𝑖2
) and a further

pair (x
𝑖3
, x
𝑖4
) could be performed through a comparison of

x
𝑖1
with x

𝑖3
and x

𝑖2
with x

𝑖4
and, secondly, x

𝑖1
with x

𝑖4
and

x
𝑖2
with x

𝑖3
. If we write a general pairwise kernel as �̂�

𝑃
=

�̂�
𝑃
((x
𝑖1
, x
𝑖2
), (x
𝑖3
, x
𝑖4
)) then an appropriate pairwise kernel

would be

�̂�
𝑃1

= 𝐾 (x
𝑖1
, x
𝑖3
)𝐾 (x

𝑖2
, x
𝑖4
) + 𝐾 (x

𝑖1
, x
𝑖4
)𝐾 (x

𝑖2
, x
𝑖3
) . (1)

Subsequently, we will use the loose convention that the
arguments of the pairwise kernel can be data vectors, x

𝑖
, or

derived kernel matrices, 𝐾(x
𝑖
, x
𝑗
). Ben-Hur and Noble [5]

proposed kernel �̂�
𝑃1

and called it the tensor product pairwise
kernel (TPPK). This pairwise kernel can be viewed as the
weighted adjacency matrix of a Kronecker product graph of
two graphs associated with the constituent kernels [6].

The second pairwise kernel we consider is [7]

�̂�
𝑃2

= 𝐾(x
𝑖1
, x
𝑖3
) + 𝐾 (x

𝑖1
, x
𝑖4
) + 𝐾 (x

𝑖2
, x
𝑖3
) + 𝐾 (x

𝑖2
, x
𝑖4
) .

(2)

Assuming𝐾(x
𝑖
, x
𝑗
) is a positive semidefinite (PSD) kernel

then the sum or the product of two such PSD kernels is also
a PSD kernel, hence establishing �̂�

𝑃1
and �̂�

𝑃2
as allowable

PSD kernels. Our third pairwise kernel is called the metric
learning pairwise kernel (MLPK) [8]:

�̂�
𝑃3

= [𝐾(x
𝑖1
, x
𝑖3
) − 𝐾(x

𝑖1
, x
𝑖4
) − 𝐾(x

𝑖2
, x
𝑖3
) + 𝐾 (x

𝑖2
, x
𝑖4
)]
2

.

(3)

A kernel is a mapped inner product 𝐾(x
𝑖
, x
𝑗
) =

Φ(x
𝑖
)
𝑇
Φ(x
𝑗
); hence, �̂�

𝑃3
follows from

�̂�
𝑃3

= [(Φ(x
𝑖1
) − Φ(x

𝑖2
))
𝑇

(Φ(x
𝑖3
) − Φ(x

𝑖4
))]

2

. (4)

Thus, for this kernel, the pair (x
𝑖1
, x
𝑖2
) is mapped to the

vector Φ(x
𝑖1
) − Φ(x

𝑖2
) in feature space and the kernel is the

inner product between these mapped vectors (subsequently
squared). Extending this idea we can introduce a new kernel
that is based on the inner product between the normalised
pairs of vectorsΦ(x

𝑖1
)−Φ(x

𝑖2
) andΦ(x

𝑖3
)−Φ(x

𝑖4
).This kernel

is then based on the cosine similarity measure; that is,

�̂�
𝑃4

= (Φ (x
𝑖1
) − Φ (x

𝑖2
))
𝑇

(Φ (x
𝑖1
) − Φ (x

𝑖2
))

× [√(Φ (x
𝑖1
) − Φ (x

𝑖2
))
𝑇

(Φ (x
𝑖3
) − Φ (x

𝑖4
))

× √(Φ (x
𝑖3
) − Φ (x

𝑖4
))
𝑇

(Φ (x
𝑖3
) − Φ (x

𝑖4
))]

−1

,

(5)

so

�̂�
𝑃4

= (𝐾 (x
𝑖1
, x
𝑖3
) − 𝐾 (x

𝑖1
, x
𝑖4
) − 𝐾 (x

𝑖2
, x
𝑖3
) + 𝐾 (x

𝑖2
, x
𝑖4
))

× [√𝐾(x
𝑖1
, x
𝑖1
) − 2𝐾 (x

𝑖1
, x
𝑖2
) + 𝐾 (x

𝑖2
, x
𝑖2
)

× √𝐾(x
𝑖3
, x
𝑖3
) − 2𝐾 (x

𝑖3
, x
𝑖4
) + 𝐾 (x

𝑖4
, x
𝑖4
)]

−1

.

(6)

For �̂�
𝑃1
, wementioned the relation between this pairwise

kernel and a Kronecker product graph. This motivates con-
sideration of other types of product graphs and one based on
a Cartesian product graph (CSPK) has been proposed by [6].
This kernel is defined by

�̂�
𝑃5

= [𝐾]𝑖1 ,𝑖3
𝐼 (𝑖
2
= 𝑖
4
) + [𝐾]𝑖2 ,𝑖4

𝐼 (𝑖
1
= 𝑖
3
)

+ [𝐾]𝑖1 ,𝑖4
𝐼 (𝑖
2
= 𝑖
3
) + [𝐾]𝑖2,𝑖3

𝐼 (𝑖
1
= 𝑖
4
) ,

(7)

where the (𝑖, 𝑗)th component of a kernelmatrix [𝐾] quantifies
the similarity between the 𝑖’th and 𝑗’th nodes and where
𝐼(𝛾) is an indicator function (1 if its argument is true and 0
otherwise). We include this kernel for completeness, since it
will be included in our usage of MKL later. The information
encapsulated in these product graphs can overlap substan-
tially depending on the nature of the base kernels. The tensor



BioMed Research International 3

product 𝐺 × 𝐺 and the Cartesian product 𝐺◻𝐺 of a graph
𝐺(𝑉
𝐺
, 𝐸
𝐺
) use the same vertex set, defined as a Cartesian

product over the vertices in 𝑉
𝐺
({(𝑔, ℎ) | 𝑔, ℎ ∈ 𝑉

𝐺
}).

However, their edge sets are defined as follows [9]:

𝐸 (𝐺 × 𝐺) = {(𝑔, ℎ) (𝑔

, ℎ

) | 𝑔𝑔


∈ 𝐸
𝐺
, ℎℎ

∈ 𝐸
𝐺
} ,

𝐸 (𝐺◻𝐺)

= {(𝑔, ℎ) (𝑔

, ℎ

) | 𝑔 = 𝑔


, ℎℎ

∈ 𝐸
𝐺
, or𝑔𝑔 ∈ 𝐸

𝐺
, ℎ = ℎ


} .

(8)

A base kernel with nonzero diagonal elements corre-
sponds to a graph with self-edges (i.e., 𝑔𝑔 ∈ 𝐸

𝐺
). In

these cases a tensor product kernel will subsume a Cartesian
product kernel over the same graph.

It is possible to further combine these types of pairwise
kernels with other standard kernels, for example, Gaussian
kernels or kernels based on polynomials; for example,

𝐾 = [𝐾 (x
𝑖1
, x
𝑖3
) + 𝐾 (x

𝑖2
, x
𝑖4
) + 𝑟]

𝑑

. (9)

However, these types of kernels also require the use
and determination of a kernel parameter, for example, 𝑟 in
(9), via a further cross-validation study, and so we will not
consider them further in this study. There are further non-
PSD (infinite) symmetric pairwise kernels which have been
considered [7]. Though it is possible to project these to the
cone of positive semidefinite kernels and use a proxy kernel
[10], we investigated these and did not find consistently good
performance, so they are not considered further in this study.

To give equal weight to different types of data we can
further normalize the base kernels. Thus, viewing the kernel
as a mapped inner product [2], we used the mapping x →

Φ(x)/‖Φ(x)‖
2
; then,

�̂� (x
𝑖
, x
𝑗
) =

Φ (x
𝑖
) ⋅ Φ (x

𝑗
)

√Φ (x
𝑖
) ⋅ Φ (x

𝑖
)√Φ (x

𝑗
) ⋅ Φ (x

𝑗
)

=
𝐾 (x
𝑖
, x
𝑗
)

√𝐾 (x
𝑖
, x
𝑖
)𝐾 (x

𝑗
, x
𝑗
)

.

(10)

2.2. Multiple Kernel Learning. Different sources of data can
be encoded into different types of data kernel [2], which
we denote by 𝐾(x

𝑖1
, x
𝑖2
). Examples include diffusion kernels

or standard kernels such as linear or Gaussian kernels [2]
for encoding the similarity between data objects x

𝑖1
and x

𝑖2
.

These data kernels are, in turn, embedded in pairwise kernels,
as described in the previous section. The resultant pairwise
kernels will be denoted by �̂�

ℓ
(x
𝑖
, x
𝑗
) (where ℓ = 1, . . . , 𝑝)

and are the base kernels used to construct a composite kernel,
denoted by 𝐾, for MKL learning. Two distinct base kernels
may be different pairwise kernels representing the same
source of data (i.e., the same data kernel) or they could be the
same type of pairwise kernel applied to two different sources
of data.

With multiple kernel learning [3, 11, 12], we can derive a
composite kernel, 𝐾, as a linear combination of these base
kernels:

𝐾(x
𝑖1
, x
𝑖2
, x
𝑖3
, x
𝑖4
) =

𝑝

∑

ℓ=1

𝜆
ℓ
�̂�
ℓ
(x
𝑖1
, x
𝑖2
, x
𝑖3
, x
𝑖4
) , (11)

where 𝜆
ℓ
are the kernel weights that are restricted to lie on the

simplex:
𝑝

∑

ℓ=1

𝜆
ℓ
= 1, 𝜆

ℓ
≥ 0. (12)

The kernel weight 𝜆
ℓ
indicates the relative informative-

ness of data source ℓ. Aside from these weights, we must find
the values of the learning parameters 𝛼

𝑖,𝑗
during the training

process. These learning parameters are the same learning
parameters as for a standard Support Vector Machine [3].
However, in this case, rather than a single sample index, we
use two indices, denoting the link between node 𝑖 and 𝑗,
since a data vector is attached to a link between two nodes
and carries information about a possible interaction between
these nodes. Here, we are interested in binary classification
(link or nonlink) so 𝑦

𝑖,𝑗
= ±1. Both 𝛼

𝑖,𝑗
and 𝜆

ℓ
are

found during the learning process through the following
optimisation task:

min
𝜆

max
𝛼

{

𝑚

∑

𝑖1 ,𝑖2=1

𝛼
𝑖1,𝑖2

−
1

2

𝑚

∑

𝑖1 ,...,𝑖4=1

𝛼
𝑖1 ,𝑖2

𝛼
𝑖3 ,𝑖4

𝑦
𝑖1 ,𝑖2

𝑦
𝑖3 ,𝑖4

𝐾(x
𝑖1
, x
𝑖2
, x
𝑖3
, x
𝑖4
)}

(13)
subject to

𝑚

∑

𝑖1 ,𝑖2=1

𝛼
𝑖1 ,𝑖2

𝑦
𝑖1 ,𝑖2

= 0, 0 ≤ 𝛼
𝑖1 ,𝑖2

(14)

and the constraints in (12). This optimisation problem for
MKL [3] can be tackled via quadratically constrained linear
programming [13] and other methods [11, 12]. If {𝛼⋆

𝑖1 ,𝑖2
, 𝜆
⋆

ℓ
}

is the solution to the optimisation problem in (13), then the
predicted class label for novel input data, z

𝑖
, is given by the

sign of

𝜙 (z
𝑖1
, z
𝑖2
) =

𝑚

∑

𝑗1,𝑗2=1

𝛼
⋆

𝑗1 ,𝑗2
𝑦
𝑗1,𝑗2

𝐾(x
𝑗1
, x
𝑗2
, z
𝑖1
, z
𝑖2
) + 𝑏
⋆
, (15)

where

𝑏
⋆
= −

1

2

[

[

max
{𝑖|𝑦𝑖=−1}

(

𝑚

∑

𝑗=1

𝛼
⋆

𝑗
𝑦
𝑗
𝐾(x
𝑖1
, x
𝑖2
, x
𝑖3
, x
𝑖4
))

+ min
{𝑖|𝑦𝑖=+1}

(

𝑚

∑

𝑗=1

𝛼
⋆

𝑗
𝑦
𝑗
𝐾(x
𝑖1
, x
𝑖2
, x
𝑖3
, x
𝑖4
))]

]

(16)

which is an adapted version of the decision function and bias,
𝑏, of a Support VectorMachine [3], appropriate to the context
presented here.
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Table 1: Kernel weights for the pairwise kernels used in this study.The weights selected for each kernel were those at the highest𝐶-value that
had two or more nonzero weights.

Kernel Kernel weights for individual models
�̂�
𝑀

�̂�
𝑃

�̂�
𝑆

�̂�GI �̂�YH �̂�MS

𝐾
𝑃1

0 0.449 0.099 0.033 0 0.419
𝐾
𝑃2

0.362 0.198 0 0.096 0.308 0.035
𝐾
𝑃3

0 0.258 0 0.200 0 0.542
𝐾
𝑃4

0 0.170 0.176 0.211 0.191 0.252
𝐾
𝑃5

0 0.266 0 0 0 0.734

2.3. Introduction of a Probability Measure. In later experi-
ments, we will introduce a confidence measure associated
with linkage prediction.MostMKLmethods have an intrinsic
measure of confidence, namely, the margin measure 𝜙(z)
given in (15). The larger the absolute value of 𝜙(z) the greater
the degree of confidence in the predicted label. We can relate
𝜙(z) to a probabilitymeasure by fitting a posterior probability
distribution [14]. For binary classification, we use the sigmoid
𝑝(𝑦 = +1 | 𝜙) = [1 + exp(𝐴𝜙 + 𝐵)]

−1. With binary
labels for link 𝑙, 𝑦

𝑙
∈ {−1, 1}, we define 𝑡

𝑙
= 0.5(𝑦

𝑙
+ 1) ∈

{0, 1}. The parameters𝐴 and 𝐵 are then found by minimizing
the negative log likelihood of the training data via the cross
entropy error function:

min
𝐴,𝐵

[−∑

𝑙

𝑡
𝑙
log (𝑝

𝑙
) + (1 − 𝑡

𝑙
) log (1 − 𝑝

𝑙
)] , (17)

where 𝑝
𝑙
is the sigmoid probability function evaluated from

𝜙(z) for the link considered. To minimize this function, we
used the Levenberg-Marquardt algorithm [15].

3. Results

In this paper, we set out to investigate the following questions.
Firstly, which pairwise kernel is the most accurate. As a
second objective, we considered MKL and the gain to be
made by using a weighted combination of different types
of data over using a uniform combination. Combined with
our first objective, a further objective was to understand if
one type of pairwise kernel is the best or if higher accuracy
is achieved by using a weighted combination of pairwise
kernels. Our results are reported in Section 3.1. We then
place a probability measure on 𝜙(z

𝑖1
, z
𝑖2
) in (15) and briefly

consider prediction restricted to high confidence inference
(Section 3.2) and strategies for removing possibly wrongly
labelled datapoints in the training data (Section 3.3).

3.1. Multiple Kernel Learning. For our analysis, we used
kernels from six heterogeneous data sets that have been used
for supervised interactive network inference in a previous
study [1]: three based on protein sequence kernels and three
based on diffusion kernels. Borrowing notation from these
authors, we used three data kernels based on sets of amino
acid sequences (spectrum (𝐾

𝑆
) [4], motif (𝐾

𝑀
) [16], and

Pfam (𝐾
𝑃
)) [17] and three diffusion data kernels based

on interaction networks from the BioGRID database [18]

(yeast two-hybrid assay (𝐾YH), genetic interactions (𝐾GI),
and affinity capture-MS (𝐾MS)) [1].

In their original study,Qiu andNoble [1] used a uniformly
weighted combination of kernels: the average value of the
three sequence kernels was added to the average of the three
diffusion kernels (we omit using their RBF kernels, given the
latter contain a kernel parameter). A tensor product pairwise
kernel (TPPK or 𝑃1 in our classification) was applied as
follows:

𝐾 = �̂�
𝑃1

(
𝐾
𝑀

+ 𝐾
𝑆
+ 𝐾
𝑃

3
+

𝐾YH + 𝐾GI + 𝐾MS
3

) . (18)

Here, we use MKL to assign weights according to the
contribution of each data source for predicting edges in a
gene interaction network. Since uniformweighting is a subin-
stance of using variable kernel weights, MKL will inevitably
improve on (or equal) a uniform weighting scheme.The data
we are using provides information on individual proteins,
rather than protein pairs, and hence we use pairwise kernels,
as outlined above. Since we have kernel weights 𝜆

ℓ
and

sequence or diffusion kernels𝐾
ℓ
, for a given pairwise kernel,

�̂�
𝑃
, our composite kernel after MKL training will be

𝐾P =

𝑝

∑

ℓ=1

𝜆
ℓ
�̂�
𝑃
(𝐾
ℓ
) . (19)

We used the simple MKL Matlab package [19]. Training
is compute-intensive, even with an efficient implementation,
so we learned the kernel weights using relatively small sets
of 1,000 to 4,000 examples. We found that the kernel weights
for data sets larger than 4,000 examples were barely altered,
so we did not use larger data sets for this purpose. The
learnt weights for each individual pairwise kernel appear
in Table 1. Of the three sequence data kernels, the Pfam
kernel (𝐾

𝑃
) achieves the highest weight for the TPPK kernel

𝐾
𝑃1
. By contrast, the motif kernel (𝐾

𝑀
) was assigned zero

weight in all cases but 𝐾
𝑃2
. There is a greater difference in

the way these pairwise kernels apply information from the
diffusion kernels. The TPPK (𝐾

𝑃1
) and CSPK (𝐾

𝑃5
) kernels

rely almost entirely on the affinity capture-MS data, while the
𝐾
𝑃2

and 𝐾
𝑃4

kernels are able to leverage information from
the yeast two-hybrid assay and gene interaction data as well.
No pairwise kernel uses more than five of the component
data kernels. The 𝐾

𝑃1
kernel weights exhibit the highest

variation, while the 𝐾
𝑃4

kernel has a more even distribution
of weights. Once theMKL algorithmhad learned the weights,
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Figure 1: Comparison of average rankings for accuracy (a) and AUC (b) for 20 small data sets using unweighted pairwise kernels. The dot
for each kernel identifies its mean rank; horizontal bars depict the Nemenyi test critical region for 𝛼 = 0.05. The tensor product kernel (𝐾

𝑃1
)

consistently had the highest ranking while the symmetric direct sum kernel (𝐾
𝑃2
) had the lowest. The differences between the remaining

three kernels become clearer when we consider AUC as well as accuracy: the metric learning (𝐾
𝑃3
) kernel has higher rankings than the other

two on both measures.

we recomputed the kernels as described in (19) and compared
the kernels’ performance.

The S. cerevisiae data from [1] form a balanced set
consisting of 10,980 positive and 10,980 negative pairs of
interacting genes (21,960 total pairs). Given this relatively
large data set, we wished to see how well each kernel would
perform when trained on subsets of different size. Thus,
we ran three different experiments on these data. To assess
performance on small data sets, we split the original set into
20 subsets of 1,098 examples each, randomly assigning an
equal number of positive and negative examples to each
subset. We ran 5-fold cross-validation to obtain average
accuracy and AUC (area under the ROC curve) values for
each kernel on each subset. Following the recommendations
in [20] for comparing multiple classifiers on multiple
data sets, we ranked the kernels for each data set and used
nonparametric tests to assess differences between the kernels.
We used the Friedman test to determine the significance of
differences between all five kernels and then used the post
hoc Nemenyi test to assess pairwise differences [12, 20]. To
evaluate the kernels’ performance on medium and large data
sets, we used the same procedure, splitting the original data
set into 10 subsets of 2,196 examples (1,757 training/439 test
per fold) or 5 subsets of 4,392 examples (3,514 training/878
test per fold).

We expect this experimental design to yield realistic
results for the data used in our study [21], but to extend
this work to general-purpose classifiers, we recommend
separating test data into separate classes as outlined in [22].

3.1.1. Comparison of Different Pairwise Kernels. For small
data sets, the tensor product kernel (𝐾

𝑃1
) consistently yields

the highest accuracy ranking of any pairwise kernel (mean
1.0) while the symmetric direct sum kernel (𝐾

𝑃2
) con-

sistently yields the lowest (Figure 1). The metric learning
(𝐾
𝑃3
), cosine-like (𝐾

𝑃4
), and Cartesian graph product (𝐾

𝑃5
)

pairwise kernels yield intermediate rankings, though the𝐾
𝑃3

kernel (mean 2.0) was consistently ranked higher than the
other two. When we rank the kernels based on AUC score as
well as accuracy, we again see that the𝐾

𝑃3
kernel yields higher

performance than 𝐾
𝑃4

or 𝐾
𝑃5
, but here the 𝐾

𝑃4
ranking is

higher than that for 𝐾
𝑃5
, making it difficult to identify a

clear winner between them. The 𝐾
𝑃1

kernel’s high accuracy
and AUC rankings are statistically significant (𝛼 = 0.01)
when compared to all but the𝐾

𝑃3
kernels, but the differences

between 𝐾
𝑃1

and 𝐾
𝑃3

are not statistically significant at 𝛼 =

0.05. Results for medium and large data sets (not shown) are
nearly identical, but the smaller data size yields less statistical
power.

3.1.2. Performance of Individual PairwiseKernels withMultiple
Types of Input Data. We compared the performance of each
individual pairwise kernel with and without MKL weights
using the same cross-validation procedure outlined above. To
determine whether MKL yields significant improvements for
any of the kernels, we use a Wilcoxon signed rank test for
𝑁 = 10 and 𝑁 = 20 files and a paired 𝑡-test for 𝑁 = 5

data files (there are no critical values for theWilcoxon test for
𝛼 ≤ 0.05 and𝑁 = 5). Table 2 shows the relative performance
of the weighted and averaged kernels. In many cases we find
a statistically significant increase in performance if we use
weighted kernels (weighted over the 6 constituent kernels);
even if the difference is not significant, it is rare that weighted
kernels limit performance. In particular, the weighted version
of the 𝐾

𝑃3
kernel exhibits significantly higher accuracy than

the unweighted version in all of our experiments. On large
training sets, we see a significant improvement with the
weighted versions of the𝐾

𝑃2
,𝐾
𝑃3
, and𝐾

𝑃4
kernels: increases

in accuracy range from 2.2% to 3.6%. We note that the
weighted version of the 𝐾

𝑃5
kernel yields slightly lower

accuracy on average than the unweighted version, but these
differences are not statistically significant.

Secondly, we compared the relative performance of these
composite MKL kernels with their corresponding base ker-
nels. We ran the same experiment outlined above on the
individual base kernels. In general, we see a significant
difference between the MKL-weighted kernels and their
individual base kernels. For example, the top-performing
combined kernel𝐾

𝑃1
yields accuracy that is at least 4%higher

than the nearest corresponding base kernel (Figure 2). We
note that the weights used for the constituent kernels roughly
track the relative performance of the kernels: for example,
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Table 2: Cross-validation results for the pairwise kernels using unweighted (U) and weighted (W) combinations of the six unpaired kernels
for data sets of different sizes. Shown is test accuracy averaged over 𝑁 = 20, 𝑁 = 10, or 𝑁 = 5 data sets (1,098, 2,196, or 4,392 examples,
respectively, split into 80% training and 20% test sets). In many cases, the MKL weights yield a significant improvement while in other cases
there is no significant change. Significant values are denoted as follows: ∗∗Wilcoxon signed rank 𝛼 = 0.01 or ∗𝛼 = 0.05, and †paired 𝑡-test
𝛼 < 0.01. Statistically significant values are marked in bold type.

Kernel 𝑁 = 20 𝑁 = 10 𝑁 = 5

U W U W U W
𝐾
𝑃1

0.826 0.836∗ 0.860 0.867 0.895 0.901
𝐾
𝑃2

0.667 0.662 0.663 0.681∗∗ 0.694 0.716†

𝐾
𝑃3

0.764 0.801∗∗ 0.802 0.837∗∗ 0.852 0.883†

𝐾
𝑃4

0.731 0.740 0.756 0.764 0.755 0.791†

𝐾
𝑃5

0.764 0.759 0.817 0.807 0.862 0.849
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Figure 2: Graphical depiction showing the typical improvement in
accuracywe seewhenusing aweighted sumof base kernels viaMKL.
Here, we compare the average performance of the best-performing
composite kernel, 𝐾

𝑃1
(solid grey bars), with the corresponding

base kernels (hashed bars) on data sets of three different sizes.
By leveraging information from multiple kernels, 𝐾

𝑃1
provides an

accuracy increase of 4% to 5% over the best of the base kernels.
When we use MKL over all 30 base kernels combined (𝐾All), we
achieve a further 1.2% to 1.4% increase (black bars). Differences
between 𝐾

𝑃1
and its base kernels are significant at 𝛼 < 0.001;

differences between 𝐾All and 𝐾
𝑃1

are significant at 𝛼 < 0.01.

𝐾
𝑃
and 𝐾MS yield the highest accuracy and also have the

largest weights for 𝐾
𝑃1

(see Table 1), while the two weakest
base kernels, 𝐾

𝑀
and 𝐾YH, have zero weights and do not

contribute to the final composite kernel.

3.1.3. Performance Using All Pairwise Kernels and All Types of
Input Data. Next we use MKL with all five pairwise kernels
and all six different types of input data to produce a compre-
hensive kernel,𝐾All. This gave 30 possible kernels but only 11
of these have nonzero kernel weights (Table 3). Notably, the
tensor product kernel (𝐾

𝑃1
) and the metric learning kernel

(𝐾
𝑃3
) contribute 4 and 3 base kernels, respectively. None of

the motif base kernels (𝐾
𝑀
) are included, nor are any of

the Cartesian product base kernels (𝐾
𝑃5
). The resulting 𝐾All

kernel yields accuracy that is 1.2% to 1.4% higher than the best
individual pairwise kernel (horizontal lines in Figure 2). For
all data set sizes tested, this difference is statistically signifi-
cant.The kernel weights and the improved performance both
indicate that there is complimentary information provided by
the different pairwise kernels. By contrast, the closely related
Cartesian product kernels and tensor product kernels likely
yield redundant information (Section 2.1), resulting in zero
weights for Cartesian product base kernels.

3.2. Cautious Classification. We now introduce the probabil-
ity measure considered in Section 2.3. A confidence measure
is of interest in its own right. However, our interest here is
in its use to further improve test accuracy for the pairwise-
kernel based MKL scheme already introduced. Specifically,
we consider cautious classification in which we decline to
make predictions if the confidence is sufficiently low but
make predictions of a link or nonlink in high confidence
instances. For the S. cerevisiae data set, we show that this
strategy can yield significant improvements in test accuracy,
though at the cost of a reduced set of predictions.

In Figure 3 we plot the test accuracy (as a fraction) versus
the 𝑝-value cutoff (a) when using all the above mentioned
pairwise and data kernels. The test accuracy increased up to
0.996 as we increased the 𝑝-value cutoff, while the number of
points predicted dropped to 246 (11.2%). If we used individual
pairwise kernels with all the available data (we illustrate with
𝐾
𝑃1

in this figure), then the test accuracy was lower (0.86 to
0.97 for 𝐾

𝑃1
), but, as illustrated, we also noticed a greater

sensitivity to outliers (incorrect link-labels) for high values
of the 𝑝-value cutoff. These numerical simulations are for
𝑚 = 2, 196 and so they correspond to the weighted values
for𝑁 = 10 in Table 2 when the cutoff is 𝑝 = 0.50.

3.3. Data Cleaning. To address the impact of outliers on our
classifiers, we investigated two data cleaning methods. In
each method, our goal was to train an SVM using as many
informative examples as possible while eliminating counter-
productive examples (outliers). In both cases, we initiated
training with a small subset of reliably labelled datapoints,
where the label of link (positive) or nonlink (negative) is
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Table 3: Kernel weights learned for a comprehensive kernel,𝐾All, that combines all base pairwise kernels. For each pairwise kernel, we show
the final weight assigned to each of its base kernels.The tensor product kernel (𝐾

𝑃1
) and the metric learning kernel (𝐾

𝑃3
) contribute the most

information to this comprehensive kernel. None of the motif base kernels (𝐾
𝑀
) contribute, nor do any of the Cartesian product base kernels

(𝐾
𝑃5
). The kernel weights sum to unity.

Kernel Kernel weights for combined model
𝐾
𝑀

𝐾
𝑃

𝐾
𝑆

𝐾GI 𝐾YH 𝐾MS

𝐾
𝑃1

0 0.193 0 0.103 0.075 0.372
𝐾
𝑃2

0 0.002 0 0.010 0 0
𝐾
𝑃3

0 0.044 0 0.023 0 0.153
𝐾
𝑃4

0 0.006 0 0.019 0 0
𝐾
𝑃5

0 0 0 0 0 0
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Figure 3: Plot of the test accuracy ((a) 𝑦-axis) and fraction of pairs predicted ((b) 𝑦-axis) as a function of the 𝑝-value cutoff (𝑥-axis) for (i)
using all available pairwise and data kernels (𝐾All, solid curve) and (ii) the top-performing pairwise kernel (𝐾

𝑃1
, dashed curve). By increasing

the 𝑝-value cutoff, we increase the accuracy in our predictions but decrease the fraction of pairs for which we can make predictions.

known. To obtain reliable representatives from both positive
and negative example classes, we estimated the centroids of
each class and chose the 10 datapoints in each class that were
closest to their centroids (alternatively, biological insight may
give a reliable starting set). We then learnt the remaining
datapoints sequentially and avoided potential outliers using
one of two strategies. Our first approach, introduced by [3],
is to predict the labels for all currently unlearnt links in the
training data and use the datapoint with the lowest associated
confidence for training in the next iteration. This procedure
tends to postpone learning potential outliers to the end of the
learning process but incurs a high computational cost as it
makes predictions for all unlearnt links at each iteration. A
second and less computationally costly approach is to select
the next training example randomly at each iteration and
predict its label using the current classifier. If the prediction
is high confidence but the actual label is of opposite sign, we
omit the datapoint since it may be an outlier.

For the data set considered [1], there appear to be few
anomalous links in the data, so there is at most a small gain
in test accuracy when we use these methods. In Figure 4,
we give the test error achieved on held-out data, averaged
over 10 distinct data sets from the experiments described in
Section 3.1. In this case, we are making predictions of link-
labels over all currently unlearnt datapoints and learning that
datapoint with the lowest associated confidence for the link-
label. The learning curve has a shallow minimum of the test
error with a fractional test error of 0.1380 at𝑚 = 1563, against
a final test error of 0.1490 at 𝑚 = 2000, having learnt all

the data in the training set. Of course, we can also lessen the
influence of outliers by using an 𝐿

1
or 𝐿
2
soft margin with

a margin-based classifier [2, 3]. However, when using a soft
margin, we need to pursue a validation study, using some
held-out data, to establish the most appropriate value for
the soft margin parameter. With the proposed data cleaning
method, there is no need to use validation data since there is a
suitable stopping criterion available. Specifically, we can stop
learning new datapoints when the equivalent of the margin
band is empty [3], that is, when |𝜙(x

𝑖1
, x
𝑖2
)| > 1 in (15). At this

point, wewould be learning two types of link-labels. Eitherwe
learn a link-label of the expected sign, that is, the predicted
link-label and actual label agree, or the predicted link-label
and actual label disagree. If the predicted and actual link-
labels agree then this potential link is the equivalent of a non-
support vector, with 𝛼

⋆

𝑖1 ,𝑖2
= 0, and so it will not contribute to

the decision function stated in (15). We therefore do not need
to learn this datapoint. Alternatively, the new link will have
a label that is substantially out-of-alignment with the current
hypothesis (after having learnt a number of link-labels).With
|𝜙(x
𝑖1
, x
𝑖2
)| > 1, it is being placed within the data space of the

oppositely labelled datapoints. Such a link could be correct,
but it does have a strong possibility of being an outlier. We
would not stop before the margin band is empty because
the newly learnt datapoints will have 𝛼

⋆

𝑖1 ,𝑖2
> 0 and thus

will contribute to the decision criterion stated in (15). This
stopping criterion gave a termination point that is within 0.1%
of the empirically observed minimum error, with cessation
of learning after 1,642 samples, with a test error of 0.1323, as
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Figure 4: Mean test error as a fraction (𝑦-axis) versus the number
of patterns learnt (𝑥-axis) for the top-performing pairwise kernel,
𝐾
𝑃1
. Error bars depict a 95% confidence interval for 5-fold cross-

validation test error averaged over 10 distinct data subsets, each with
𝑚 = 2, 196.The upper curve gives the performance if we learn all the
data sequentially (from a common start set) in random order. The
lower curve gives the test accuracy if the next addition to the training
set is chosen based on having the lowest confidence predicted link-
label.

against the observed minimum test error of 0.1319 at 1,565
samples learnt. Beyond this stopping point, the test error can
rise as we may start learning links (or nonlinks) which are
anomalously labeled.

An additional advantage of using this sequential learning
method is that the prospects of achieving convergence with
a linear kernel are enhanced. Specifically, a mislabelled
datapoint can appear as a wrongly labelled datapoint within
a cluster of datapoints of the opposite sign. This would mean
the two classes of data can become nonseparable, requiring
the use of a nonlinear kernel (e.g., an RBF kernel), with an
associated validation study to find the appropriate value of
the kernel parameter.

4. Conclusion

In this paper, we have investigated supervised interactive net-
work inference using multiple kernel learning. Our objective
was to consider ways to improve prediction performance and
there are five main conclusions drawn from our study. Firstly,
we compared five different types of pairwise kernel, which did
not require adjustment of a kernel parameter, on six different
types of data for supervised network inference. Our conclu-
sion was that the pairwise kernel 𝑃1 (TPPK) worked best.
Next, we considered whether use of a weighted combination
of kernels (data sources) performed better than a uniformly
weighted combination (Table 2) and, as expected, we found
this was the case. Thirdly, for each pairwise kernel, we
established performance using MKL over these six different
data kernels and then compared this with the performance
of MKL, when using all five different types of pairwise kernel

and taken over all six different types of data; that is, the algo-
rithm could use a weighted combination of 30 different types
of kernel. At a statistically significant level, we found that
this 30-base kernel combination outperformed the best of the
individual pairwise kernels taken in isolation by between 1.2
and 1.4 percentage points.Thus, TPPKmay look like themost
effective pairwise kernel, but there must be complementary
information among these different types of pairwise kernels
and they are best used in combination with kernel-selection
being made by the algorithm. To further improve predictive
test accuracy, we next introduced a confidence measure
associated with the class assignment. We showed that there
are significant gains from using cautious classification, where
prediction is confined to a high confidence instance. Our fifth
study was to investigate the use of this probability measure
with data cleaning. The S. cerevisiae data set considered
appears clean, with only a few link-labels suggested as being
possibly mislabelings. Thus, this strategy only gave a gain of
1.7% in our study in Section 3.3.However, label noisemay be a
more substantial problem in the understanding of pathways
in more advanced organisms. This strategy would therefore
likely yield better gains in these contexts.

In short, each component strategy has delivered modest
through to more substantive improvements in predictive
accuracy. Taken together, though, they lead to a substantial
improvement in predictive accuracy over previous studies [1]
and a highly accurate predictor.

As a consequence of this investigation, we have identified
several potentially fruitful avenues for future work. We
selected the SimpleMKL method for its speed and relatively
sparse kernel weights, but other weighting methods con-
ceivably could provide better performance [12, 23]. Further,
recently proposed methods for predicting protein interac-
tions such as coevolutionary divergence [24] and remote
homology [25] could be used to extend our model. Finally,
we have enumerated several approaches to data cleaning that
could become increasingly effective as novel data sets become
available.
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Identification of miRNA-mRNA modules is an important step to elucidate their combinatorial effect on the pathogenesis and
mechanisms underlying complex diseases. Current identificationmethods primarily are based uponmiRNA-target information and
matchedmiRNA andmRNA expression profiles. However, for heterogeneous diseases, the miRNA-mRNA regulatory mechanisms
may differ between subtypes, leading to differences in clinical behavior. In order to explore the pathogenesis of each subtype,
it is important to identify subtype specific miRNA-mRNA modules. In this study, we integrated the Ping-Pong algorithm and
multiobjective genetic algorithm to identify subtype specific miRNA-mRNA functional regulatory modules (MFRMs) through
integrative analysis of three biological data sets: GO biological processes, miRNA target information, and matched miRNA and
mRNA expression data. We applied our method on a heterogeneous disease, multiple myeloma (MM), to identify MM subtype
specificMFRMs.The constructedmiRNA-mRNA regulatory networks providemodular outlook at subtype specificmiRNA-mRNA
interactions. Furthermore, clustering analysis demonstrated that heterogeneous MFRMs were able to separate corresponding MM
subtypes. These subtype specific MFRMs may aid in the further elucidation of the pathogenesis of each subtype and may serve to
guide MM subtype diagnosis and treatment.

1. Introduction

MicroRNAs (miRNAs) are a class of short, noncoding RNAs
of ∼22 nucleotides RNA molecules that play important roles
in gene regulation during physiological or disease-associated
processes [1]. By regulating gene expression, miRNAs are
involved in most biological processes, such as cell cycle
regulation, development, apoptosis, stress response, and
tumourigenesis [2, 3]. Accordingly, miRNA alterations may
contribute to many human diseases [4]. In fact, deregulated
miRNA expression has been observed in various cancer
types, such asmultiplemyeloma (MM) [5, 6].miRNAs can act
as both tumor suppressors and oncogenes, depending on the
context and target genes [7, 8]. The regulatory mechanisms
underlyingmiRNAs and their target mRNAs remain unclear:
a single miRNA is capable of regulating >200 mRNAs, and

a single mRNA may be regulated by multiple miRNAs [9].
Some studies have shown that miRNAs may not primarily
act by repressing a few cancer-related genes but by disturbing
a regulatory network in which these cancer-related genes
play crucial functional roles [10, 11]. Thus, identification of
context-dependent miRNA-mRNA modules is an important
step to elucidate their synergistic effect on the pathogenesis
of complex diseases.

Several computational methods have been previously
developed for the discovery of miRNA-mRNA modules
[12–18]. Early efforts primarily focused on computational
predicted miRNA-mRNA pairs and detection of miRNA
regulatory modules at the sequence level [16]. However,
miRNA and mRNA expression were not taken into consid-
eration. MiRNAs that are regulatory in one experimental
scenario may not be regulatory in another [12]; expression
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information is essential for the identification of biologically
meaningful miRNA-mRNA modules. Recently, integrated
analysis of both sequence information and expression profiles
of miRNAs and mRNAs was proposed to identify functional
miRNA-mRNA regulatory modules [12–15, 19, 20]. Joung et
al. [13, 14] discoveredmiRNA-mRNAmodules using a combi-
nation of putative miRNA-mRNA pairs and expression data;
however, correlations between the expression of miRNAs
and mRNAs were not considered. Liu et al. [15] identified
modules in two steps: (i) discovering the putative networks
given the target information of miRNAs and mRNAs and
(ii) deriving functional miRNA-mRNA regulatory modules
on expression data given the putative networks. Consider-
ing that the computational predicted miRNA targets exhibit
a high false positive discovery rate and that the targeting rela-
tionship betweenmiRNAs and genes is far from complete, the
first step that is based on target information exhibits an innate
defect concerning the identification of modules. Jayaswal et
al. [12] proposed an improved method: first, identification
of miRNA and mRNA clusters using both target informa-
tion and expression data; and second, estimation of the asso-
ciation between the two types of clusters to select potential
regulatory miRNA-mRNA modules with statistically signifi-
cant associations.However, thismethodwas based on expres-
sion correlations under all available conditions rather than
a subset of conditions, and the procedures for identification
of miRNA and mRNA clusters were separated:; thus, it
was limited to identification of miRNA-mRNA functional
modules under the same specific conditions.

For heterogeneous diseases, the miRNA-mRNA regula-
torymechanismmay be different in various subtypes, leading
to differences in clinical behavior. In order to illustrate the
pathogenesis of different subtypes, identification of context-
dependent miRNA-mRNA functional regulatory modules
(MFRMs) is important. In this study, we propose a novel
method (Figure 1) for the genome-wide identification of
MFRMs for different genetic subtypes of heterogeneous
diseases. We applied the novel method on MM, which is
characterized by significant heterogeneity at the molecular
level [21] and divided into several subtypes on the basis of
chromosomal abnormalities, such as t(4;14), t(14;16), t(11;14),
andRB deletion [22].We identified abundant subtype specific
MFRMs associated with MM pathogenesis. The miRNA-
mRNA regulatory networks were constructed based on
MFRMs and provided numerous subtype specific miRNA-
mRNA interactions. Clustering analysis showed that the
MFRMs involved in multiple MM subtypes could sepa-
rate the corresponding MM subtypes, indicating that these
MFRMs could potentially aid in elucidation of the mecha-
nisms underlying differences in clinical behavior.

2. Materials and Methods

2.1. Preparation of the Data Set. The matched expression
profiles of miRNAs and mRNAs of MM were obtained from
the studies of Gutiérrez et al. [23] (GSE16558). According to
cytogenetic abnormalities, the 60 patients were classified into
five subtypes: 17 patientswith t(4;14); 11 with t(11;14); fourwith
t(14;16); 15withRBDEL (RBdeletion as a unique abnormality,

RB deletion, and P53 deletion); and 13 with NFISH (Normal
Fish).

The seven target prediction data sources were obtained
from DIANA-microT [24, 25], PicTar5 [26], RNA22 (R3/R5)
[27], RNAhybrid [28], TargetScan [29, 30], and miRanda
[31, 32]. The MM associated genes (see Table S1 in Supple-
mentaryMaterial available online at http://dx.doi.org/10.1155/
2014/501262) were collected from three databases: Online
Mendelian Inheritance inMan (OMIM), the Cancer Genome
Project (CGP), and Genetic Association Database (GAD).

2.2. MFRMs Identification and Analysis. The methodology
utilized in this study is illustrated in Figure 1. First, we
identified initial comodules on matched mRNA and miRNA
expression profiles using PPA [33]. A comodule is an ensem-
ble of certain miRNAs, mRNAs, and samples, in which
miRNAs and mRNAs exhibit similar patterns of expression
across the same samples. The samples in the comodule imply
the specific conditions under which themiRNAs andmRNAs
act cooperatively. Second, to derive coherent modules asso-
ciated with the pathogenesis of MM, we integrated GO BP
[34] and miRNA target information to identify MFRMs in
each comodule by multiobjective GA. Three optimization
objectives were defined: (i) the minimum enriched 𝑃 value
on MM associated GO terms; (ii) the correlation coefficient
and target coefficient (see Methods 2.3) of the module; and
(iii) variations of expression values of miRNAs and mRNAs
in the module. The multiobjective GA iteratively searched
Pareto optimal solutions with three objectives and obtained
noninferior MFRMs for each comodule. Next, we sorted the
MFRMs according to their scores on three objectives. Finally,
the top modules in the ranking results were identified and
utilized to construct miRNA-mRNA regulatory networks or
for clustering analysis.

2.3. Discovery of Comodules by PPA. We utilized the PPA
[33] to identify comodules. The PPA is a modular analysis
approach operating on two large-scale data sets that share
one commondimension. Kutalik et al. [33] demonstrated that
PPA could identify coherent patterns across paired data sets
more effectively compared to classical approaches like clus-
tering, regression, or SVD. A further advantage is that PPA
provides context-dependent modules across paired data sets.

Let E
𝑁𝐺×𝑁𝐶

and R
𝑁𝐷×𝑁𝐶

represent paired gene expression
data matrix and miRNA expression data matrix, respectively.
𝑁
𝐺
, 𝑁
𝐷
, and 𝑁

𝐶
represent the number of genes, miRNAs,

and samples, respectively. Then the PPA is summarized in
Pseudocode 1, where |x|, 𝜇(x), and 𝜎(x) denote the norm,
mean, and standard deviation of the components 𝑥

𝑖
in the

vector x; x̂ = x/|x|; 𝑡
𝐺
, 𝑡
𝐷
, and 𝑡

𝐶
denote the threshold

of genes, miRNAs, and samples, respectively; E
𝐺
and E

𝐶

represent the gene expressionmatrix normalized across genes
and samples, respectively; R

𝐷
and R

𝐶
represent the miRNA

expression matrix normalized across miRNAs and samples,
respectively.

Starting with the candidate set of genes (g(0)), the mRNA
expression profile (E

𝑁𝐺×𝑁𝐶
) was used to identify samples

(ĉ(𝑛)) in which these genes were coexpressed. Next, the
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Figure 1: Workflow to identify MFRMs and MFRMs analysis.
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𝑛 = 0; g(0) = 𝑟𝑎𝑛𝑑𝑜𝑚(𝑁
𝐺
) ∈ [0, 1]

𝑁𝐺 (initial random seed)
While (ĝ

(𝑛)
− ĝ(𝑛−1) +


d̂(𝑛) − d̂(𝑛−1) +


ĉ(𝑛) − ĉ(𝑛−1) +


ĉ(𝑛) − ̂̃c

(𝑛−1)
> 𝜀)

(1) c = E𝑇
𝐺
⋅ ĝ(𝑛); 𝑐(𝑛+1)

𝑗
= {

𝑐
𝑗

if 𝑐𝑗 − 𝜇(c)

> 𝑡
𝐶
𝜎(c)

0 otherwise
(𝑗 = 1, . . . , 𝑁

𝐶
)

(2) d = R
𝐶
⋅ ĉ(𝑛); 𝑑(𝑛+1)

𝑘
= {

𝑑
𝑘

if 𝑑𝑘 − 𝜇(d)
 > 𝑡𝐷𝜎(d)

0 otherwise
(𝑘 = 1, . . . , 𝑁

𝐷
)

(3) c̃ = R𝑇
𝐷
⋅ d̂(𝑛); 𝑐(𝑛+1)

𝑙
= {

𝑐
𝑙

if 𝑐𝑙 − 𝜇(c̃)
 > �̃�𝐶𝜎(c̃)

0 otherwise
(𝑙 = 1, . . . , 𝑁

𝐶
)

(4) g = E
𝐶
⋅ ̂̃c
(𝑛)

; 𝑔
(𝑛+1)

𝑚
= {

𝑔
𝑚

if 𝑔𝑚 − 𝜇(g)
 > 𝑡𝐺𝜎(g)

0 otherwise
(𝑚 = 1, . . . , 𝑁

𝐺
)

(5) 𝑛 = 𝑛 + 1;
g∗ = g(𝑛); c∗ = c(𝑛); d∗ = d(𝑛)

Pseudocode 1

miRNA expression profile (R
𝑁𝐷×𝑁𝐶

) was utilized to select
miRNAs (d̂(𝑛)) that also exhibited a coherent expression in
these samples (ĉ(𝑛)). This set of miRNAs (d̂(𝑛)) was then
utilized to refine the set of samples (̂̃c

(𝑛)

) by eliminating those
which had an incoherent miRNA expression and adding
others that behave similarly across these miRNAs. Finally,
this refined set of samples (̂̃c

(𝑛)

) was used to probe for
mRNAs (ĝ(𝑛)) coexpressed in these samples. This alternating
procedure was reiterated until it converged to stable sets of
mRNAs, samples, and miRNAs: comodules.

2.4. Identification of MM Associated GO BP. To identify MM
associated GO BP, we conducted cumulative hypergeometric
distribution test to identify specific biological processes
enriched with the MM associated genes. A total of 63 MM
associated GO BP were identified (𝑃 < 0.05, Bonferroni
corrected, Table S2).

2.5. Identification of MM Associated MFRMs Based on Mul-
tiobjective GA. To identify biologically meaningful coherent
modules, we utilized a multiobjective genetic algorithm to
extract MFRMs for each comodule. Let 𝑚 be the number of
miRNAs in a comodule and 𝑛 be the number of mRNAs. Our
aim is to extract a subset of miRNAs from the 𝑚 miRNAs
and a subset of mRNAs from the 𝑛 mRNAs and construct
a MFRM in which (i) the extracted subset of mRNAs is
significantly enriched in the MM associated GO BP, (ii)
miRNA expression exhibits a significant negative correlation
with mRNA expression across the samples in the comodule,
and, concurrently, the miRNAs and mRNAs exhibit a strong
targeting relationship, and (iii) their expression values vary
greatly among different subtypes. To this end, we defined
three optimization objectives (i.e., the fitness function) as
follows:

𝐹𝑃 = min
𝑘

𝑃
𝑘
, 𝑘 = 1, 2, . . . , 63,

𝐹𝐶 = ccmod + tcmod,

𝐹𝐹 = −

(∑
𝑚


𝑖=1
varmi𝑅

𝑖
+ ∑
𝑛


𝑗=1
varm𝑅

𝑗
)

(𝑚 + 𝑛)
,

(1)

where 𝑃
𝑘
was the 𝑃 value (Bonferroni corrected) of the 𝑘th

GO term enrichment on the subset of mRNAs. The first
objective function𝐹𝑃 represented theminimum𝑃 value of 63
MM associated GO term enrichments. The second objective
function, 𝐹𝐶, reflected the coherence of the module, where
ccmod and tcmod were the correlation coefficient and target
coefficient of the module, respectively:

ccmod =
{{{

{{{

{

𝑚


∑

𝑖=1

𝑛


∑

𝑗=1

𝑐
𝑖𝑗

𝑚𝑛
𝑚

> 0, 𝑛


> 0

0 otherwise,

tcmod =
{{{

{{{

{

−

𝑚


∑

𝑖=1

𝑛


∑

𝑗=1

𝑡
𝑖𝑗

𝑚𝑛
𝑚

> 0, 𝑛


> 0

0 otherwise,

(2)

where 𝑚 and 𝑛 were the number of selected miRNAs and
mRNAs, respectively. The term 𝑐

𝑖𝑗
represented the Pearson

correlation coefficient of the 𝑖th miRNA and 𝑗th mRNA’
expression value across the samples in the comodule (𝑃 value
< 0.05). The term 𝑡

𝑖𝑗
represented the target coefficient of the

𝑖th miRNA and 𝑗th mRNA. The target coefficient between
miRNA and mRNA was defined as the frequency that the
mRNA was predicted as the target of the miRNA in seven
target prediction data sources. The correlation coefficient
ccmod and target coefficient tcmod of a module were defined
as the average correlation coefficient and target coefficient of
allmiRNA-mRNApairs in themodule, respectively.The third
objective function, 𝐹𝐹, denoted the variations of miRNAs
and mRNAs expression in the module, where varmi𝑅

𝑖
and

varm𝑅
𝑗
were the between class variances of the 𝑖th miRNA’s

expression value and 𝑗th mRNA’s expression value across
five subtypes of MM, respectively. Both variances were
normalized to between 0 and 1.
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We used the “bit string” type to encode the individuals in
the population 𝑋. Every individual 𝑥 in 𝑋 was encoded as a
bit string with length𝑚 + 𝑛.

0110 . . . 01100⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟

𝑚 bits
01011 . . . 001100101⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟⏟

𝑛 bits
. (3)

The first𝑚 bits represented𝑚miRNAs in the comodule, and
the remaining 𝑛 bits represented 𝑛mRNAs in the comodule.
The “0” represented the miRNA or mRNA selected into
MFRM and “1” represented the miRNA or mRNA not
selected.The number of “1” in the first𝑚 bits and remaining 𝑛
bits was𝑚 and 𝑛, respectively.Themultiobjective optimiza-
tion is formulated as

min
𝑥∈𝑋

𝐹 (𝑥) = [𝐹𝑃 (𝑥) , 𝐹𝐶 (𝑥) , 𝐹𝐹 (𝑥)]
𝑇

s.t. 𝐹𝑃 (𝑥) < 0.05

𝑚

, 𝑛

≥ 1,

(4)

where 𝐹𝑃, 𝐹𝐶, and 𝐹𝐹 are the objective functions defined
as above. The solutions with fitness function 𝐹𝑃(𝑥) ≥ 0.05
were not kept for further investigation as the mRNAs lists of
these solutions were not significantly enriched on any MM
associated biological process.

2.6. Sorting MFRMs. MFRMs can be classified into six
categories according to the condition under which they act:
t(11;14), 𝑅𝐵 DEL, t(4;14), NFISH and t(14;16) subtype specific
MFRMs, and heterogeneousMFRMs.The first five categories
of MFRMs are specific to a single subtype, whereas the last
category is involved inmultiple subtypes (Figure 1).We sorted
the MFRMs in each category separately. First, we sorted the
MFRMs according to each objective and achieved the ranks
𝑅
1
,𝑅
2
, and𝑅

3
on three objectives, respectively.The final score

of aMFRMwas then defined as the weighted sum of the three
ranks:

𝑆 = 𝛼𝑅
1
+ 𝛽𝑅
2
+ 𝛾𝑅
3
. (5)

We set 𝛼 = 𝛽 = 𝛾 = 1/3. Finally, the MFRMs were sorted by
their final scores in descending order.

3. Results

3.1. The Comodules Discovered by PPA. We applied the PPA
to the matched miRNA and mRNA expression profiles of
MM and produced 2204 comodules which contains mRNAs,
miRNAs, and samples. In each comodule, mRNAs and miR-
NAs exhibit coherent expression across the same samples.
These samples imply the specific conditions under which
the miRNA-mRNA module acts. For example, if the samples
in a comodule all belong to subtype t(4;14), we refer to
the miRNA-mRNA module as t(4;14) specific module. The
miRNAs and mRNAs in the t(4;14) specific module are
coexpressed only in t(4;14) samples but not in samples with
other subtypes. Thus, the miRNAs and mRNAs in the t(4;14)
specific module may exhibit a function specific to t(4;14).The
miRNA-mRNA modules can be classified into six categories

according to the condition under which they act, that is,
t(11;14), 𝑅𝐵 DEL, t(4;14), NFISH and t(14;16) subtype specific
modules, and heterogeneous modules (in other words, the
samples in the corresponding comodule belong to different
MM subtypes; Figure S1 shows a heterogeneous module).
Among the 2204 comodules, we identified 14, 58, 41, 15,
and two comodules specific to MM subtype t(11;14), 𝑅𝐵
DEL, t(4;14), and NFISH and t(14;16), respectively. Figure 2
describes the distribution of the number of samples, mRNAs,
and miRNAs attributed to 2204 comodules. The majority of
comodules contained less than 2000mRNAs and 60miRNAs,
and a fewmRNAs andmiRNAs acted as “hubs” by being part
of up to 600 different comodules.

To assess the biological relevance of the mRNAs in
the modules, we tested the functional homogeneity of the
mRNAs in each module. A set of mRNAs is defined as
functionally homogeneous if it is significantly enriched in at
least one GO biological process category [34, 35]. Among the
2204 modules, 1679 (76.2%) were functionally homogeneous
(𝑞-value< 0.05, FDR correction), indicating that themajority
of modules discovered by PPA were biologically meaningful.
Thus, the PPA was reliable to perform on matched miRNA
and mRNA expression profiles and identify biologically
meaningful miRNA-mRNA modules.

3.2. MFRMs Associated with MM Identified by Multiobjective
GA. The miRNA-mRNA modules in the above section were
identified only based on the expression correlation of miR-
NAs and mRNAs. To identify modules that are more biolog-
ically meaningful, there are still two important aspects need
to be considered: the miRNA-target relationships and identi-
fication of modules that associated with the pathogenesis of
given disease. To this end, we applied multiobjective GA on
each comodule to extract MFRMs by integrating miRNA tar-
get information and MM associated GO BP (See Methods).

For each comodule, the multiobjective GA produced a
Pareto optimal solution set of noninferior MFRMs. More
significant expression correlations and stronger target rela-
tionships between the miRNAs and mRNAs were observed
in the extractedMFRMs. For example, themultiobjective GA
got four MFRMs on comodule 1680 (Table 1). Each MFRM
was enriched on MM associated GO BP (𝐹𝑃 < 0.05). Both
the expression correlation coefficient ofmiRNAs andmRNAs
and the target coefficient of the module were optimized. The
second objective 𝐹𝐶 which reflected the expression correla-
tion and target relationshipwas improved from−0.1599 in the
original comodule to −0.1774, −0.2049 and −0.3456 in three
functional modules, respectively. Although 𝐹𝐶 of the third
MFRM was inferior, the variations of miRNAs and mRNAs
expression (𝐹𝐹, the third objective) in this MFRM were the
best. The larger the 𝐹𝐹, the larger the variation of miRNA
andmRNA expression among differentMM subtypes and the
more subtype specific the MFRM. Comodule 1680 contained
four samples: p709, p831, p841 and p1204 which all belonged
to subtype 𝑅𝐵 DEL. This indicated that the miRNAs and
mRNAs in the MFRM were only co-expressed in samples
with MM subtype 𝑅𝐵 DEL. Because the mRNAs in the
MFRMs were significantly enriched on MM associated GO
BP, the MFRMs extracted from comodule 1680 were 𝑅𝐵DEL
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Figure 2: Comodule statistics. (a) The distribution of the number of comodules according to the number of samples, mRNAs, and miRNAs
they contained. (b) The distribution of the number of samples, mRNAs, and miRNAs according to the number of comodules in which they
were included.

Table 1: Multiobjective GA on comodule 1860.

Comodule 1680 MFRM 1860-1 MFRM 1860-2 MFRM 1860-3 MFRM 1860-4
Number of miRNAs 20 14 15 16 3
Number of mRNAs 511 224 347 209 283
FP Nonea 0 0.031 0.024 0.020
FC −0.1599 −0.1774 −0.2049 −0.1442 −0.3456
FF −0.0469 −0.0610 −0.0548 −0.0665 −0.0339
aThe mRNAs were not enriched on any MM associated biological process.

specific MFRMs and may represent a regulatory mechanism
leading to the specific pathogenesis of subtype 𝑅𝐵 DEL.
Similarly, we obtained subtype specific MFRMs for other
MM subtypes, such as t(4;14), t(11;14), t(14;16), and NFISH.
Multiobjective GA may produce more than one MFRM for
each comodule. Figure S2 shows the distribution of the num-
ber of MFRMs extracted from each comodule. Most como-
dules produced nomore than fiveMFRMs.TheMFRMswere
sorted according to the three objectives (see Methods) and
those with the highest rank had priority for further inves-
tigation.

3.3. The miRNA-mRNA Regulatory Networks Provided a
Modular Outlook at Subtype Specific miRNA-mRNA Inter-
actions: Two Case Studies. We obtained abundant subtype
specific MFRMs for each MM subtype. We focused on
the MFRMs that ranked the highest, and then constructed
miRNA-mRNA regulatory networks based on the expression
correlation and target relationship between miRNAs and
mRNAs in theMFRM. AmiRNA-mRNA pair was connected
with an edge if it concurrently satisfied two condition: (i)
the miRNA exhibited a significant negative correlation with
the mRNA across the samples in the comodule; and (ii)
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Figure 3: MiRNA-mRNA functional regulatory network of RB DEL specific MFRM 1680-1 and functions of miRNAs and mRNAs. (a)
Significant biological pathways that genes of MFRM 1680-1 identified by multiobjective GA participated in. The 𝑋-axis represents − log 10
transformation of 𝑃 value. (b) miRNA-mRNA functional regulatory network of RB DEL specific MFRM 1680-1. Six miRNAs and 52 genes
were involved in the network. miRNA and mRNA were connected with an edge if and only if the mRNA was targeted by the miRNA and
there was a significant negative correlation between miRNA and mRNA expression. The miRNAs in red color were previously reported to
play key roles in the pathogenesis of MM. (c) Significant biological pathways that genes of miRNA-mRNA functional regulatory network of
RB DEL specific MFRM 1680-1 participated in. The𝑋-axis represents − log 10 transformation of 𝑃 value.

the mRNA was predicted as a target of the miRNA by at
least one miRNA target prediction algorithm. Two cases are
presented below: a 𝑅𝐵 DEL specific MFRM and a t(4;14)
specific MFRM.

3.3.1. RB DEL Specific MFRMs. 𝑅𝐵 DEL was a MM subtype
that exhibited high morbidity rate, increased proliferative
activity, and shorter overall survival [36]. We focused on the
MFRM 1680-1 which ranked first among the 𝑅𝐵DEL specific
MFRMs. Firstly, we performed the functional enrichment
analysis of mRNAs, indicating the functional roles of mRNAs
belonged to this 𝑅𝐵DEL specificMFRM. As shown in Figure
3(a), mRNAs in the MFRM significantly participated in
several biological pathways that directly related with tumor.
For example, Spliceosome is the most significant pathway;
the study of Quidville et al. suggested that the deregulation
of spliceosome induces mTOR Blockade and they provided
the component of spliceosome as new therapeutic target of
tumor [37]. Then, the miRNA-mRNA regulatory network
was constructed based on the reverse expression andmiRNA-
target relationships (Figure 3(b)). There were 6 miRNAs and

52 genes in this MFRM (see Supplementary Materials for
details). The functional enrichment analysis of these genes
indicating that miRNAs and mRNAs in this MFRM signifi-
cantly involved in the spliceosome and apoptosis biological
pathways (Figure 3(c)), which are directly related to the
occurrence and progression of tumor [37, 38]. Among these
6 miRNAs in MFRM, up to four miRNAs including miR-
335, miR-17-5p, miR-451, and miR-301 were involved in a
broad range of cancers [39, 40], such as acute lymphoblastic
leukemia (ALL) [41], acute myeloid leukemia (AML) [42],
and chronic myeloid leukemia (CML) [43]. In particular,
miR-335 and miR-17-5p were connected with 33 and 17
mRNAs, respectively, thus exhibiting the important roles
played in the network. Ronchetti et al. [44] reported thatmiR-
335 was recurrently overexpressed in a fraction of primary
tumors, possibly influencing plasma cell homing and/or
interactions with the bone marrow microenvironment. miR-
17-5p was a key regulator of the G1/S-phase cell cycle transi-
tion [45]. The study of Zhou et al. indicated that miR-17-
5p exhibits a high expression level in myeloma cells and it
may participate in the induction of p21Waf1/Cip1 expression,
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which relevant to the cell-cycle arrest process [46].MYC has
been reported to play a causal role in the progression of
monoclonal gammopathy toMM [47]. EPC1, which interacts
with miR-335 in the miRNA-mRNA regulatory network, has
been shown to participate in growth regulation and has been
suggested to be involved in a MYC-centered regulatory net-
work [48]. CD44 was also directly connected with miR-335
and relevant to tumor. Purushothaman and Toole indicated
CD44 serves as the binding partner of serglycin participate
in the progression of MM [49]. Bjorklund et al. suggested
that CD44 may contribute to the lenalidomide resistance in
MM [50]. Moreover, miR-451 has previously been identified
as one of the signatures capable of accurate discrimination
of ALL from AML [41]. Because ALL, AML, CLL, MM, and
lymphoma are all hematological malignancies, it is likely
that these miRNAs also played special functional roles in
MM. Of the 52 genes, many genes have been reportedly
involved in various cancers, such as HIPK3 [51], RSRC2 [52],
BPAG1 [53], and EPC1 [48]. Eight genes were annotated on
apoptosis process, including BNIP2, CD44, HIPK3, IP6K2,
IL1B, PMAIP1, ROCK1, and TNFRSF10D. They interacted
withmiR-335, miR-17-5p, andmiR-451, further indicating the
central role of these miRNAs in the regulatory network. This
suggests that themiRNAs andmRNAs in the networkworked
together and contributed to the pathogenesis MM subtype
Del RB.

3.3.2. The t(4;14) Specific MFRMs. MM subtype t(4;14),
translocation of a region of chromosome 4 to chromosome 14,
was highly associated with poor prognosis [54–57].We firstly
carried out functional enrichment analysis on mRNAs in
MFRM1121-2which is the top ranked t(4;14) specificMFRMs.
As a result, genes in the module significantly involved
in many biological pathways such as “NOD-like receptor
signaling pathway”, “MAPK signaling pathway”, “apoptosis,”
and “tight junction” that have been known as hallmark
processes of tumor (Figure 4(a)). Then, we constructed the
miRNA-mRNA regulatory network of this t(4;14) specific
MFRM, which including 36 miRNAs, 382 mRNAs and 983
edges (Figure 4(b)). Pathway enrichment analysis were also
performed on these 382 mRMAs, the results suggest that
miRNAs and genes in the MFRM were significantly involved
in the biological pathways that directly related with tumor
(Figure 4(c)). There were eight sub-networks identified, and
mostmiRNAs andmRNAswere incorporated into the largest
subnetwork. In the largest subnetwork, several miRNAs (let-
7a, miR-125a, miR-193b, miR-25, and miR-181c) that acted
as hubs in the network were previously reported to be
associated with MM pathogenesis [6, 58]. Let-7a and mir-
125a played important role in the t(4;14) regulatory network,
in concordance with a previous study by Lionetti et al.
[58]. They found that patients with t(4;14) exhibited specific
overexpression of the miRNA cluster with let-7e, miR-125a,
and miR-99b. Bakkus et al. also reported that Let-7a has a
higher expression level in both theMMpatients and cell lines
[59]. Changes expression of miR-125a and let-7f which is in
the same family of let-7a contributes to the myelomagenesis
and are also relevant to overall prognosis [60]. Furthermore,
the expression of miR-125b which is the same family member

ofmiR-125a is associatedwith the chemotherapeutic-induced
cell death in MM [61]. MiR-193b was a member of the miR-
193b-365 cluster, which was previously identified as part of
the unique miRNA signature in MM [62]. Mir-25 was a
member of the oncogenic clustermiR-106b-25. Pichiorri et al.
[6] determined that the oncogenic cluster miR-106b-25, miR-
181a and miR-181b, which belonged to the same gene family
with mir-181c, was a miRNA signature in the malignant
transformation from MGUS to MM. Upregulation of miR-
25 and miR-181-a/b and inactivation of miR-34, a central
player in a smaller subnetwork, could negatively regulate the
expression of the tumor suppressor gene p53 [6, 63, 64],
and contribute to MM progression. Alteration in miRNA
expression (such as miR-34, miR-25, miR-181a/b, and miR-
30d) during the progression fromMGUS to newly diagnosed
MM could be partially responsible for p53 inactivation [5].
miR-25 is connected with 42 mRNAs. Many of these mRNAs
were cotargeted by other miRNAs in the network, such as
RALA, BAK1, BMF, and JARID2. RALA was targeted by 11
miRNAs. The product of RALA belonged to the oncogene
RAS family of proteins and was involved in the MAPK/ERK
signal transduction pathway which is the hallmark process
of tumor. The study of Lim et al. indicated that activation of
RALA play important role in the Ras-induced tumorigenesis
[65]. BAK1 and BMF were targeted by four and six miRNAs,
respectively. JARID2 is an ortholog of themouse jumonji gene
that negatively regulates cell proliferation: it was targeted by
nine miRNAs in the network, suggesting that it may also play
an important role in human MM. Aside from these genes,
56.3% of genes in the network were targeted by multiple
miRNAs, exhibiting the synergistic regulatory mechanism of
miRNAs; miRNAs, along with genes, comprised the complex
network specific to t(4;14).

3.4.HeterogeneousMFRMsWereAble to SeparateCorrespond-
ing Subtypes. Aside from MFRMs involved in a single sub-
type, we obtained a heterogeneous MFRM collection cover-
ing multiple MM subtypes. We found that some heteroge-
neous MFRMs exhibited differences in corresponding sub-
types. For example, in heterogeneous comodule 1649 (Figure
S1), expression of miRNAs and mRNAs between subtypes
t(14;16) and t(4;14) was negatively correlated. The hetero-
geneous MFRMs extracted from this comodule potentially
contain a mechanism that leads to a difference in subtype.
We performed hierarchical clustering on both miRNAs and
mRNAs in MFRM 1649-2 (ranked first among the MFRMs
extracted from comodule 1649) for all t(4;14) and t(14;16)
samples (Figure 5(a)). The clustering results confirmed that
the 21 miRNAs and 196mRNAs in thisMFRM could separate
t(4;14) from t(14;16) patients. Two miRNAs (hsa-let-7e; hsa-
miR-125a) in this MFRM have been previously reported as
miRNA signatures for their specific overexpression in t(4;14).
Another miRNA miR-25, which was discussed above in
t(4;14) specific MFRM 1121-2, was also incorporated in this
MFRM. The 196 genes were significantly enriched in regu-
lation of cell proliferation (𝑃 value = 6.9 × 10−3), regulation
of ossification (𝑃 value = 8.2 × 10−4), blood vessel morpho-
genesis (𝑃 value = 3.7 × 10−3), blood vessel development (𝑃
value = 8.3 × 10−3), angiogenesis (𝑃 value = 1.3 × 10−2), and
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Figure 4: miRNA-mRNA functional regulatory network of t(4;14) specific MFRM 1121-2 and functions of miRNAs and mRNAs. (a)
Significant biological pathways that genes of MFRM 1121-2 identified by multiobjective GA participated in. The 𝑋-axis represents − log 10
transformation of 𝑃 value. (b) miRNA-mRNA functional regulatory network of t(4;14) specific MFRM 1121-2. There were 36 miRNAs, 382
mRNAs and 983 edges involved in the network.ThemiRNAs in red colorwere previously reported to play key roles in the pathogenesis ofMM.
(c) Significant biological pathways that genes of miRNA-mRNA functional regulatory network of t(4;14) specific MFRM 1121-2 participated
in. The𝑋-axis represents − log 10 transformation of 𝑃 value.

others, suggesting that the functional module contributes to
the difference of t(4;14) and t(14;16). Next, we investigated
the heterogeneous MFRM 1953-3, identified in patients with
RBDEL and patients with t(11;14). Unsupervised hierarchical
clustering showed that the 10 miRNAs and 115 genes could
separate RBDEL from t(11;14), aside from one sample (Figure
5(b)). Interestingly, the heterogeneousMFRM1962-4 acted in
three subtypes: RB DEL, t(11;14), and t(14;16). The expression
of miRNAs and genes was positively correlated between
samples in RB DEL and t(11;14), but negatively correlated
between samples in t(14;16) and RB DEL, t(11;14), suggesting
that this module could lead to functional differences between
t(14;16) and the other two subtypes. Clustering analysis using
integrated miRNA and mRNA expression profiles showed

that seven miRNAs and 138 mRNAs could separate t(14;16)
from RB DEL and t(11;14) patients (Figure 5(c)).

3.5. The MFRMs Revealed Active miRNAs and mRNAs in
Each MM Subtype. Overall, a few miRNAs and mRNAs act
as “hubs” by being part of the majority of MFRMs. Further
investigation of the miRNAs and mRNAs that appeared
most frequently in subtype specific MFRMs will be helpful
to elucidate the pathogenesis underlying each subtype. We
referred to these miRNAs/mRNAs as subtype dependent
active miRNAs/mRNAs. For subtype RB DEL, CCDC50 was
an active gene included in the majority of RB DEL specific
MFRMs. It has been reported that tyrosine phosphorylation
ofCCDC50 is important for inhibition of theNFkB-mediated
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Figure 5: Continued.
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Figure 5: Hierarchical clustering diagrams. (a) The clustering diagram on t(14;16) and t(4;14) samples using the miRNAs and mRNAs in
MFRM 1649-2. (b)The clustering diagram onRBDEL and t(11;14) samples using themiRNAs andmRNAs inMFRM 1653-3. (c)The clustering
diagram on RBDEL, t(11;14) and t(14;16) samples using themiRNAs andmRNAs inMFRM 1962-4. Clustering could separate t(14;16) samples
from other two subtypes. The samples in red color were from respective MFRMs. Although the MFRMs were identified in small subsets of
samples only, they captured the principle characteristics of different MM subtypes.

apoptotic pathway [66] and CCDC50 is required for survival
in mantle cell lymphoma (MCL) and CLL cells [67]. KAT5
was another active gene: Zhao et al. [68] demonstrated that
KAT5 negatively modulated c-Myb transcriptional activity
by recruiting histone deacetylases in human hematopoietic
cells. Other active genes, like NFKBIB, PIK3CA, RELA, LYN,
and MAP2K7, were involved in B cell and T cell receptor
signaling pathways. These genes frequently appeared in RB
DEL specificMFRMs, demonstrating that they played critical
roles in RB DEL. The top 15 miRNAs and 50 mRNAs
frequently included in each type of subtype specific MFRMs
are listed in Table S3.

4. Discussion

Identification of subtype specific miRNA-mRNA modules is
important for the study of heterogeneous diseases. Several
points need to be considered regarding miRNA-mRNA
modules: (i) the mRNAs are targeted by miRNAs in the
same module; (ii) there may be a significant expression
correlation of miRNAs and mRNAs; (iii) the functions that
the miRNA-mRNA modules perform; (iv) the conditions
under which the modules work. Most methods [12–16, 19]
considered (i) and (ii) but ignored (iii) and (iv). Besides, the
methods currently employed assign amiRNA/mRNA to only
one module. However, a miRNA/mRNA may participate in
different biological processes working with different genes

and miRNAs. In this study, we used the PPA algorithm to
identify miRNA-mRNA modules. The advantage of PPA is
twofold. First, it can assign miRNAs and genes to multiple
modules, which is well motivated from the biological point
of view as the same gene can function in multiple processes
under different conditions. Second, the PPA could identify
context-dependent modules in which the miRNAs and genes
are coexpressed in a subset of samples. These modules are
widely ignored by many other clustering algorithms which
calculate correlations over all samples. Another improvement
we propose is the ability to identify condition-relatedMFRMs
associated with predefined biological processes (e.g., MM
associated GO BP). This process utilizes an integrated anal-
ysis of three pieces of biological data: GO BP, miRNA target
information, and expression data based on multiobjective
GA. The first objective 𝐹𝑃 utilizes the predefined MM
associated GO BP to optimize the MFRMs. It ensures that
the MFRMs are biologically meaningful and associated with
the pathogenesis of MM.The second objective 𝐹𝐶 integrates
both expression profiles and miRNA target information.
It guarantees that the miRNA expression is significantly
negatively correlated with the mRNA expression in the
MFRM, and concurrently the miRNAs and mRNAs exhibit
a strong targeting relationship. The last objective 𝐹𝐹 is based
on the intuition that the expression values of miRNAs and
genes which lead to pathogenesis and heterogeneity of MM
may vary greatly among the different subtypes. Our method
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Figure 6: miRNA-mRNA functional regulatory network of breast cancer and functions of miRNAs and mRNAs. (a) miRNA-mRNA
functional regulatory network.ThemiRNAs in red color were reported to relevant with breast cancer inmiR2Disease database. (b) Significant
biological pathways that genes ofmiRNA-mRNA functional regulatory network of breast cancer participated in.The𝑋-axis represents− log 10
transformation of 𝑃 value. (c) The hierarchical clustering diagram on breast cancer dataset using the 38 miRNAs and 418 genes in MFRM.

captures a resource of subtype specificMFRMs that constitute
various specific functional mechanisms in each MM subtype
that may lead to differences in clinical behavior.

In order to examine the robustness and extensive applica-
tion of ourmethod, we performed it on breast cancer data set,
which is RNA-seq data of TCGA including 14 normal samples
and 248 cancer samples (http://cancergenome.nih.gov/). In
total, PPA algorithmobtained 66modules, 4 of thesemodules
(modules 1, 12, 27, and 42) were normal samples specific
indicating the dysregulation of thesemoduleswere associated

with breast cancer. We then constructed the miRNA-mRNA
regulatory network and carried out functional analysis of
module 1. The module 1 regulatory network contained 38
miRNAs, 418 genes, and 537 edges (Figure 6(a)). These miR-
NAs and genes were involved in several biological pathways
that directly associated with tumor such as “focal adhesion”,
“notch signaling pathway”, “purine metabolism,” and “ECM-
receptor interaction” (Figure 6(b)). Of these 38 miRNAs
in the network, up to 16 miRNAs were recoded to be
relevant with breast cancer in miR2Disease database [69].
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For example, the study of Guttilla and White indicate that
the coordinately regulation of FOXO1 by miR-96 and miR-
182 which involved in themiRNA-mRNA regulatory network
was associated with the oncogenic state in breast cancer
cells [70]. Furthermore, regulation of Rac1 signaling by ARF1
which directly interactwithmiR-96 in the regulatory network
is associated with invasive breast cancer cells [71]. We used
two-dimensional hierarchical clustering analysis to visualize
the expression pattern of miRNAs and genes in the MFRM.
As shown in Figure 6(c), these miRNAs and genes exhibit
different expression pattern in normal and tumor samples. In
summary, these results suggest that our method can robustly
capture important MFRMs relevant to diseases when applied
to RNA-Seq data.

We identified a large number of subtype specificMFRMs,
such as MFRM 1680-1, 1121-2. The regulatory networks
built on these two MFRMs were specific to RB DEL and
t(4;14), respectively. The links in the regulatory networks
predicted new potential subtype dependent miRNA-mRNA
interactions. The genes in the two regulatory networks were
significantly enriched inMM associated biological processes,
such as apoptosis, and regulation of cell death. Although
the miRNAs, genes and the regulatory mechanisms were
different, they all contributed to the pathogenesis of their
respective subtypes. Further investigation of other subtype
specificMFRMsmay uncover a different pathogenesis in each
subtype.

For heterogeneous MFRMs involved in multiple sub-
types, the miRNAs and mRNAs acted in different ways
between the subtypes. For example, in MFRM 1649-2,
approximately one third of mRNAs were upregulated in
t(4;14) but downregulated in t(14;16). Clustering on three het-
erogeneous MFRMs showed that these MFRMs could sepa-
rate different subtypes, although this only involved a small
subset of the corresponding subtypes; the reason for this may
be that all of the samples of the corresponding subtypes were
not covered due, in part, to individual differences. Cluster-
ing results indicated that heterogeneous MFRMs captured
natural differences and led to different subtypes. These
MFRMs could potentially be helpful for identifying func-
tional biomarkers of MM subtypes.
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Alzheimer’s disease (AD) is a progressively and fatally neurodegenerative disorder and leads to irreversibly cognitive andmemorial
damage in different brain regions. The identification and analysis of the dysregulated pathways and subnetworks among affected
brain regions will provide deep insights for the pathogenetic mechanism of AD. In this paper, commonly and specifically significant
subnetworks were identified from six AD brain regions. Protein-protein interaction (PPI) data were integrated to add molecular
biological information to construct the functional modules of six AD brain regions by Heinz algorithm. Then, the simulated
annealing algorithm based on edge weight is applied to predicting and optimizing the maximal scoring networks for common and
specific genes, respectively, which can remove the weak interactions and add the prediction of strong interactions to increase the
accuracy of the networks. The identified common subnetworks showed that inflammation of the brain nerves is one of the critical
factors of AD and calcium imbalance may be a link among several causative factors in AD pathogenesis. In addition, the extracted
specific subnetworks for each brain region revealed many biologically functional mechanisms to understand AD pathogenesis.

1. Introduction

Alzheimer’s disease (AD) is a complex progressive and
irreversible neurodegenerative disease. The characteristic
pathology change in AD is the deposition of beta-amyloid
(A𝛽) and poly-Tau protein in the cell. The pathomorphism
features of AD are the senile plaques (SP) and neurofibrillary
tangles (NFT), cerebrovascular amyloid, dystrophic neuritis,
and loss of synaptic connections [1, 2]. AD is a complex
neurodegenerative disorder with largely unknown genetic
mechanisms. Lots of transcriptome studies show that AD
can lead to the dysfunction of multiple brain regions and
progressively destroys remembering, thinking, and reasoning
skills [3]. Identifying altered gene expression and molecular
mechanism in brain regions differentially affected by AD
would represent a significant advance in the genetics of AD.

Most of the current genome-wide studies for AD patho-
genesis focus on the hippocampus (HIP) since it is the
first and most degraded region in AD brain. However, the
changes of gene expression profiles, pathways, and regu-
latory networks are related to many brain regions which
have close relationship to human learning and memory.
For example, entorhinal cortex (EC) works as a hub in a
widespread network for memory and navigation. The EC-
hippocampus system plays an important role in declarative
and spatial memories. Posterior cingulate cortex (PC) is a
polymodal association area that contributes importantly to
normal recognitionmemory and plays a critical role in visual
perception. The functions of middle temporal gyrus (MTG)
are associated with brain processes like recognizing familiar
faces, ascertaining distance, and understanding meaning of
words while reading. Superior frontal gyrus (SFG) is involved
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in self-awareness and in coordination with the action of the
sensory system. The visual cortex (VCX) of the brain, which
is responsible for processing visual information, has shown
many changes in aging and AD.

In the past decades, many efforts have been made to
explore the differentially expressed genes of different AD-
affected brain regions. For instance, Loring et al. found
that 118 significant genes were differentially expressed in the
amygdala and cingulate cortex [4]. Dunckley et al. found 225
differentially expressed genes up- or downregulated in the
early stages of NFT formation by comparing gene expression
profiles of NFT-bearing with non-NFT-bearing entorhinal
cortex neurons [5]. Liang et al. provided gene expression
profiles of six brain regions from the healthy and AD-affected
individuals. And then they identified differential expression
changes of genes inADpathogenesis, particularly with regard
to tangle and plaque formation [6].

Recently, fast development of statistically computational
tools enables large-scale discovery of coregulated gene groups
and reveal of functional subnetworks for AD. Ray et al. iden-
tified 6 coexpressed genemodules, each of which represented
some biological processes perturbed in the HIP of AD brain
[7]. By using a weighted gene coexpression network analysis
method, Miller et al. identified 12 distinct modules related to
synaptic and metabolic processes and immune response in
the HIP of AD patients [8]. Ray and Zhang developed a novel
differential topological method to identify the coexpression
network of four regions, HIP, EC, PC, and MTG from AD-
affected brain, and built the topological overlap between them
[9]. Liu et al. discovered the relationships among AD related
pathways and dysfunctions in the six brain regions and iden-
tified the similarities and differences of these dysfunctional
pathways by integrating protein-protein interaction (PPI)
data [10, 11]. Liang et al. identified hub genes and the signif-
icantly perturbed subnetwork closely related to plaques and
tangles from six AD-affected brain regions by using a heaviest
induced subgraph algorithmwith amodular scoring function
[12]. Chen et al. identified gene signatures associated with
six different brain regions. Functional analyses revealed that
the biological processes involved with metabolism, protein
ubiquitination, vasculature, and synaptic signaling pathways
were dysregulated and perturbed in AD [13].

In short, the common features of the dysfunctional
pathways and subnetworks extracted from various AD brain
regions can provide cooperativities for potential pathogen-
esis. On the other hand, the distinct features and the dif-
ferences among different brain regions may provide more
enlightenment for finding the pathogenesis of AD. In this
study, both common coexpression and specific subnetworks
of six AD-affected brain regions were extracted and analyzed
to find the underlying AD pathogenesis. Considering that the
gene expression networks have been constructed with poor
precision and accuracy due to the inherent shortcomings of
small sample size and strong noise, protein-protein interac-
tion (PPI) data was added to provide abundant translation
information for extracting significant genes and functional
subnetworks in this research. The heuristic algorithms and
node-scoring functions were applied to integrating gene
expression profiles with PPI network information to find

out not only common coexpression networks, but also
specific dysregulated pathways for six AD-affected brain
regions, including HIP, EC, PC, MTG, SFG, and VCX. Then,
simulated annealing algorithm was applied to building and
optimizing the functional modules. The molecular biological
analysis revealed that the inflammation reaction and calcium
ions metabolism constructed by the common genes of six
brain regions play important roles in AD pathogenesis.
Moreover, the identified specific subnetworks for each brain
region revealed many biological pathways perturbed in AD
which will lead to greater insight into AD pathogenesis.

2. Methods

2.1. Score Function Principle. Score function can be used
as a method for measuring the significance of genes and
subnetworks. It includes edge score and node score, of which
edge score represents the strength of the correlation between
two node-genes and the node score represents the differential
significance of each individual gene [12, 14]. The node score
function can be given as follows:

Score 𝑛 = log(𝑎𝑥
𝑎−1

𝑎𝜏𝑎−1
) = (𝑎 − 1) (log (𝑥) − log (𝜏 (FDR))) ,

(1)

where 𝑎 represents the maximum-likelihood estimation of
the shape parameter for the beta-uniform mixture (BUM)
model, which indicates that the signal component is equal
to the 𝛽(𝑎, 1) density, 𝑥 denotes the raw 𝑃 values, and 𝜏
represents the significance threshold, which controls the false
discovery rate (FDR) for the positively scoring 𝑃 values and
fine-tunes the discrimination of signal and noise. The raw
𝑃 values, which are considered as a mixture of signal and
noise, can be calculated from the raw gene expression data.
By this method, the noise of raw 𝑃 values can be easily
separated since the signal component is assumed to be beta
(𝑎, 1) distributed, and the noise is uniform (0, 1) distributed
[15].

The values of edge score represent the strength signifi-
cance of the interaction between genes. Positive score repre-
sents activation and negative score represents inhibition.The
edge significance score is given as follows:

Score 𝑒 = cov (𝑋, 𝑌) = corr (𝑋, 𝑌) std (𝑋) std (𝑌) , (2)

where 𝑋 and 𝑌 denote two different genes 𝑋 and 𝑌,
respectively, and corr(𝑋, 𝑌) denotes the Pearson correlation
coefficient of the gene expression profiles of 𝑋 and 𝑌. The
differential expressions of the genes are measured as the
overall expression variation (std(𝑋) and std(𝑌)). In order to
avoid the influence from the number of edges, the edge score
function is defined as follows:

Score 𝑒 (𝐺) =
∑
𝑒∈𝐸

Score (𝑒) − avg
𝑘

std
𝑘

, (3)

where avg
𝑘
denotes themean of the edge score of the network

and std
𝑘
represents the standard deviation of edge scores.



BioMed Research International 3

2.2. The Algorithm of Identifying Differential Significance Sub-
networks. The heaviest induced subgraph algorithm (Heinz)
based on the node scoringwas applied to our study to find out
differentially significant genes and optimal subnetworks from
PPI data for different brain regions. The theoretical model
of Heinz algorithm belongs to a Steiner-tree problem. The
main task of the model is to find an optimal network from
a very complex network. In this paper, relevant subnetworks
with maximal score are captured from the PPI network with
negative and positive scores.

The steps of identifying a significant subnetwork byHeinz
algorithm are as follows: firstly, calculate the scores of all the
nodes by the score function. Next, define the edge scores
based on the node scores connected to the edge. Based on
these edge scores, a minimum spanning tree (MST) was
calculated.Then, identify all the paths between positive nodes
and at the same time the negative nodes involved in these
paths were caught. Finally, calculate MST again based on
the negative nodes from the obtained maximal significance
subnetwork; then, the maximal subnetwork can be finally
identified according to the scores of the final positive and
negative nodes.

In order to increase the accuracy of the significance sub-
network, in our study, simulated annealing algorithm based
on edge scores was applied to removing the weak interactions
and enhancing the strong interactions of the calculated
significance subnetwork. Guo et al. applied this method to
analyzing human prostate cancer and yeast cell cycle. Their
results demonstrated that the edge-based method was able
to efficiently capture relevant protein interaction behaviors
under the investigated conditions [14]. Simulated annealing
algorithm is a widely used intelligent optimization algorithm
in a number of fields [16]. The modular analysis of biological
networks in the bioinformatics research can be considered as
a large-scale combinatorial optimization problem essentially.
Meanwhile the simulated annealing algorithm is an effective
approximation algorithm for solving these kinds of large-
scale combinatorial optimization problems with the advan-
tage of avoiding falling into the local optimization.

3. Results and Discussion

3.1. Data and Preprocessing. The gene expression datasets of
healthy elders and AD patients we used in this study were
downloaded from NCBI GEO Datasets-record of GSE5281.
The neurons were collected by laser-capture microdissection
from six different brain regions, including HIP, EC, MTG,
PC, SFG, and primary visual cortex (VCX). The human
GeneChips Affymetrix U133 Plus 2.0 array was used to
provide the gene expression data. Each gene chip involved
54675 genes probes for each sample. The datasets consisted
of 13 control (normal aging) and 10 AD-affected samples
for HIP, the same sample number for EC, 12 control and 16
AD-affected samples for MTG, 13 control and 9 AD-affected
samples for PC, 11 control and 23 AD-affected samples
for SFG, and 12 control and 19 AD-affected samples for
VCX. Moreover, the PPI datasets we utilized in this research
are obtained from the Human Protein Reference Database

(HPRD) [17], which consisted of 36504 interactions among
9386 genes.

Before searching for differential significance subnetworks
with maximal scores, we matched the preprocessed gene
expression data with PPI dataset to get the raw interactions
of genes (nodes) with the related edges, and the raw 𝑃
values of all the nodes were calculated as well. Secondly, we
processed the gene expression data by gene annotation and
variance analysis. For PPI dataset, self-loops and proteins
without expression values were removed for simplifying the
raw protein interaction networks. Next, the Affymetrix probe
set IDs andHPRDgene symbolsweremapped to EntrezGene
IDs to extract maximal network. After the preprocessing,
there are around 6100–6400 genes left for each brain region.

3.2. Results and Discussion. According to our experiments,
adjusting the FDR into different values will obtain different
number of geneswith positive scores; in order to insure plenty
of gene nodes with positive scores, for each brain region,
we selected different suitable FDR for the PPI network by
which each raw network can contain about 15% positive score
nodes. The FDR for HIP, EC, MTG, PC, SFG, and VCX
region were set to be 0.008, 0.004, 0.0007, 0.01, 0.06, and 0.09,
respectively. The node scores and edge scores for each brain
region dataset were calculated. Starting from the positive
score nodes, Heinz algorithm was applied to searching for
the maximal scoring subnetworks in each brain region.
After that the simulated annealing algorithm was applied
to optimizing the networks with the threshold value of 0.8.
By using the simulated annealing algorithm, the interactions
with the edge strength exceeding the threshold were added to
the extracted subnetworks, while the weak strengths whose
value was less than the threshold were removed from the
subnetworks. Six differential significance subnetworks were
finally identified for the six brain regions, respectively. Based
on that, we carried out the functional enrichment analysis
for the identified subnetworks by Gene Ontology (GO)
and DAVID [18]. Many known risk genes and pathways
were extracted in our results such as APP and GAPDH.
Additionally, NF-𝜅B signaling pathway, pathways associated
with mitochondria, nerve tissue, calcium ion metabolism,
and process of acetylation were also identified and shown
to be closely associated with the pathogenetic mechanism of
AD.

By observing the genes and interactions of these six
identified significance subnetworks, it was found that they
were overlapped with each other. The overlapped genes
and interactions may suggest that the similarities may play
important roles in the dysregulated networks in AD. Figure 1
provided the Venn diagram of the overlap of the significance
subnetworks among five brain regions.

From Figure 1 we can see that many significantly
expressed genes overlapped between different brain regions.
Additionally,many other genes were specifically differentially
expressed in each brain region as well. Therefore, the consid-
eration for both common and specific genes and subnetworks
were necessary to discover the pathogenetic mechanism of
AD.
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Figure 1: The Venn diagram of five brain regions with significant
genes.

3.2.1. Molecular Biological Analysis of Common Functional
Subnetworks. For the genes overlapped in overall the six
brain regions, we selected a gene as a common gene when
the number of interactions with other genes exceeds 90%
quantile in different subnetworks. With this criterion, 206
common genes were extracted. It showed that most of
the common genes play important roles in different brain
regions.Themolecular biological analysis revealed that many
common genes were functionally related to metabolism,
synaptic vesicle-mediated transport, transcriptional regula-
tion, protein kinase phosphorylation, apoptosis, intracellular
signaling, and cell cycle. Particularly, two functional sub-
networks consisted of the common genes, which closely
related to inflammation and calcium imbalance, were found
distinctly dysregulated in all of theAD-affected brain regions.
Figure 2 showed the inflammatory response subnetwork con-
structed by the related common genes. Diamonds in Figure 2
denoted the known risk genes of AD, circles presented our
extracted common genes related to inflammation, and their
different colors indicated different numbers of brain regions
in which the gene was upregulated or downregulated. Table 1
provided the KEGG pathway analysis of genes in Figure 2.

FromFigure 2 andTable 1 we can see thatmany regions of
the AD brain suffered from inflammation. The degeneration
of tissue and the deposition of beta-amyloid (A𝛽) and poly-
Tau protein are known as the classical stimulants of inflam-
mation [19]. Mitogen-activated protein kinases (MAPKs)
are serine-threonine kinases that mediate various types of
cellular activities including cell proliferation, differentiation,
survival, death, and transformation [20, 21]. The dysregula-
tion ofMAPK signaling pathways was found to have involved
in many human diseases including AD, Parkinson’s disease
(PD), amyotrophic lateral sclerosis (ALS), and many kinds of
cancers [22]. The activation of ERK, JNK, and p38 signaling
pathways may lead to neuronal apoptosis in AD [23]. In
Figure 2, our results indicated that the crowd MAPK1 and

Table 1: KEGG pathway analysis results.

Pathway Number of
genes

Pathways in cancer 11
Renal cell carcinoma 6
Neurotrophin signaling pathway 7
Chronic myeloid leukemia 6
Fc epsilon RI signaling pathway 6
Focal adhesion 8
ErbB signaling pathway 6
Prostate cancer 6
Jak-STAT signaling pathway 7
T cell receptor signaling pathway 6
Chemokine signaling pathway 7
Insulin signaling pathway 6
Fc gamma R-mediated phagocytosis 4
GnRH signaling pathway 4
Melanogenesis 4
Toll-like receptor signaling pathway 4
Endometrial cancer 3
Nonsmall cell lung cancer 3
Wnt signaling pathway 4
NOD-like receptor signaling pathway 3
Epithelial cell signaling in Helicobacter pylori
infection 3

Long-term depression 3
Pancreatic cancer 3
B cell receptor signaling pathway 5
Adherens junction 5
Prion diseases 4
Colorectal cancer 5
Apoptosis 5
Acute myeloid leukemia 4
Glioma 4
Natural killer cell mediated cytotoxicity 5
Long-term potentiation 4
Alzheimer’s disease 5
MAPK signaling pathway 6
TGF-beta signaling pathway 3
Gap junction 3

MAKP3 expressions were lower than the normal samples
obviously in most of the six AD brain regions.

Our results in Figure 2 also showed that caspase-3, Bcl2,
caspase-6, and caspase-8 were overexpressed in most of the
six AD brain regions. Caspases are a family of cysteine
proteases that plays an important role in apoptosis (pro-
grammed cell death), necrosis, and inflammation [24, 25].
Thepredominant caspase involved in the cleavage of amyloid-
beta precursor protein (APP) is suggested to be associated
with neuronal death in AD [26]. The Bax gene was the first
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Figure 2: Functional subnetwork of the inflammatory response constructed by common genes.

identified proapoptotic member of the Bcl2 protein family;
Bax and caspase-3 are both death effectors in neurodegener-
ative pathways [27]. It implicates that nervous cells apoptosis
will occur. The extracted common genes in our results are
in keeping with recently pathological analysis. Furthermore,
our results also showed that APP was overexpressed in AD
samples in all of the six brain regions. The overexpression of
APP would activate caspase-3 in human postmitotic neurons
and cause the degeneration of postmitotic neurons in AD
[28].

The SOCS (suppressors of cytokine signaling) family of
proteins has a dual identity; they are the inhibitors of JAK

(Janus kinase) signal transducer and the activator of the
STAT signaling pathways as well [29]. The subtype SOCS3
has an important function in inhibiting some inflammatory
genes, cytokine signaling, and STAT3 activation. The STAT3
has dual function in different types of cells; on the one
hand, it promotes proliferation and prevents apoptosis; on
the other hand, it can induce growth arrest and apoptosis
[30, 31]. Our data exhibited that SOCS3 and STAT3were both
overexpressed in six AD brain regions.

Furthermore, TNFRSF1A protein works as a regula-
tor of inflammation, and as a receptor of TNF-𝛼 (tumor
necrosis factor-alpha) it can activate NF-𝜅B (nuclear factor
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Table 2: KEGG pathway analysis results.

Pathway Number of
genes

ErbB signaling pathway 7
Gap junction 7
Calcium signaling pathway 8
Focal adhesion 8
Glioma 6
GnRH signaling pathway 6
Nonsmall cell lung cancer 5
Natural killer cell mediated cytotoxicity 5
Tight junction 5
Vibrio cholerae infection 4
Chemokine signaling pathway 5
Pathways in cancer 6
Melanogenesis 4
Leukocyte transendothelial migration 4
Neurotrophin signaling pathway 4
MAPK signaling pathway 5
Insulin signaling pathway 4
Wnt signaling pathway 4
Endometrial cancer 3
Epithelial cell signaling inHelicobacter pylori
infection 3

Phosphatidylinositol signaling system 4
VEGF signaling pathway 4
Fc epsilon RI signaling pathway 4
Long-term potentiation 3
Adherens junction 3
Colorectal cancer 3
Prostate cancer 3
Fc gamma R-mediated phagocytosis 3
Vascular smooth muscle contraction 3
Dorsoventral axis formation 2

kappa-light-chain-enhancer of activated B cells) and mediate
apoptosis [32]. Our data show that TNFRSF1A and TNF-𝛼
were both overexpressed. The results confirmed that the six
AD brain regions closely associated with inflammation and
apoptosis.

In addition to inflammatory response, another important
subnetwork we found from the common genes was calcium
ionmetabolism subnetwork. Figure 3 showed the subnetwork
of the calcium ion mechanism with the extracted common
genes, and the KEGG pathway analysis of this subnetwork
was provided in Table 2.

InAD-affected brain regions, the calcium ionmetabolism
related signaling were found dysregulated. It was reported
that calcium can modulate many neural processes, including
synaptic plasticity and apoptosis. With the increase of the
intracellular calcium, the accumulation of amyloid-𝛽, the
hyperphosphorylation of Tau, and neuronal death will occur

in the affected brain regions [33]. Particularly, in this subnet-
work, our results showed that APP was greatly upregulated
in HIP, PC, MTG, and VCX. In addition, Annexin is a
Ca (2+)-effector protein which plays an important role
in the metabolism of intracellular Ca (2+) [34]. Annexin
A2 is a calcium-dependent phospholipid-binding protein
whose function is to help organize exocytosis of intracellular
proteins to the extracellular domain. Figure 3 showed that
ATP2A2 and ATP2B2 were lower expressed than normal
samples in overall the six AD brain regions. ATP2A2 and
ATP2B2 are enzymes that can remove bivalent calcium
ions from eukaryotic cells against very large concentration
gradients and play a critical role in intracellular calcium
homeostasis [35, 36].

3.2.2. Specific Subnetworks in Each Brain Region. Figure 1
revealed that many significant genes were specially expressed
in different brain regions. It suggested that some specific
dysregulated pathways and subnetworks among them will
provide deep insights into the pathogenetic mechanism of
AD. By getting rid of the common genes overlapped in
different brain regions, the maximal scoring function and the
simulated annealingmethodwere used again to construct the
specific functional subnetwork by the specifically differential
significant genes for each brain region including HIP, EC,
PC, MTG, and SFG. Therefore, the sizes of the constructed
specific subnetworks are much smaller. Since there were not
enough significant genes that can be discovered to construct
any functional subnetwork, the result of primary visual
cortex (VCX) was absence. Figures 4–8 showed the specific
functional subnetworks in HIP, EC, PC, MTG, and SFG,
respectively. In Figures 4–8, red circles represented the genes
upregulated in this brain region for AD samples, blue circles
denoted the genes downregulated, and grey ones denoted
that this gene had no great changes compared with normal
samples in this brain area.

For HIP, among the specific significant genes, 33 genes
can be constructed to the maximal scoring subnetwork
(Figure 4). It is known that for AD patients the hippocampus
is one of the first regions of the brain to suffer damage
including memory loss and disorientation. In this region,
some genes were specially differentially overexpressed, such
as CAPN1, FXR1, GRIN2B, ITPR1, KDR, KIAA1377, NBN,
PRKG1, RUNX1T1, SGSM2, SREBF2, TAF15, and U2AF2.
CAPN1 (calcium-activated neutral protease) is a kind of
nonlysosomal intracellular cysteine protease.Theoverexpres-
sion of CAPN1 has a relationship with intractable epilepsy as
well as the clinicopathological characteristics in AD patients
[37]. It was interesting to note that kinase 1 was low expressed
in AD, but it was known to be high expressed in cancer.

In EC area, 40 specially expressed genes were constructed
to the maximal scoring subnetwork (Figure 5). The changes
in the Tau protein and the cleaved fragments of APP have
been found in EC region in the early stages of AD [38].
In this brain area, our data showed that BRAF, C21orf91,
CBL, CSF2RB, LYN, MDM2, SLA, and KANK1 were all
overexpressed. BRAF, as a member of the RAF kinase family
of growth signal transduction protein kinases, can affect cell
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Figure 3: Functional subnetwork of the calcium ion mechanism constructed by common genes.

division, differentiation, and secretion by regulating theMAP
kinase/ERKs signaling pathway [39]. Members of the Casitas
B-lineage lymphoma (Cbl) protein family are evolutionarily
conserved multidomain regulators of signal transduction.
Colony stimulating factor 2 receptor 𝛽 (CSF2RB) is a risk
factor in both schizophrenia and major depression since the
overexpression of it has relationship with the disturbance
of nerve signal conduction [40]. AKT1 is a survival factor
and the activated AKT1 plays important roles in inhibiting
apoptosis and promoting cell survival [41, 42]. Our results
showed that AKT1 was low expressed in EC of AD patients
which indicated that apoptosis was happening.

Figure 6 shows the maximal scoring subnetwork of PC
area constructed by 16 specifically significant genes. PC is a
polymodal association area that contributes importantly to
normal recognitionmemory and plays a critical role in visual
perception [43, 44]. From Figure 6 we can see that genes
CASP3, CASP6, CDKN1A, FLNA, ITGB1, MAPT, PCBP2,
PRKACA, and SET were overexpressed in PC area of AD
brain. The genes CASP3 and CASP6 are related to apoptosis.
CDKN1A (p21) has a function of regulating cell cycle by
inhibiting the activity of cyclin-CDK2, cyclin-CDK1, and
cyclin-CDK4/6 complexes and it activates CDK2; thus, it
leads to apoptosis [45, 46]. The Tau proteins are the product
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of alternative splicing from a single gene that is designated
MAPT (microtubule-associated protein tau) in humans, and
the overexpression of Tau will impact a neuroinflammation
gene expression network perturbed in AD [2, 47, 48]. The
major human AP endonuclease APE1 are reported to play
an important role in the base excision repair (BER) pathway
[49]; however, they were found to be low expressed in PC area
of AD brains.

In MTG area, 24 specifically significant genes were
extracted to achieve a maximal scoring subnetwork
(Figure 7). The functions of MTG are associated with
brain processes like recognizing familiar faces, ascertaining
distance, and understanding meaning of words while
reading. Our data exhibited that ANTXR1, BRCA1, CCND1,
GATA2, KMT2D, NEDD9, PITPNM3, PLCG2, PRTFDC1,
RB1CC1, SMAD1, and STAT5A were overexpressed. The
ANTXR1 is amember of the aldo/keto reductase superfamily,
which consists of more than 40 known enzymes and pro-
teins. Aldose reductase contributes to diabetes-mediated
mitochondrial dysfunction and damage through the activa-
tion of p53. The degree of mitochondrial dysfunction and
damage determines whether hyperactivity (mild damage) or

apoptosis (severe damage) will ensue [50]. BRCA1 is part of
a complex that repairs double-strand breaks in DNA [51];
the overexpression of BRCA1 may suggest that DNA damage
is serious; but BRCA1 mutation carriers are at an increased
risk of prostate and breast cancer [52]. CCNDBP1 belongs
to cyclin D family. The expression of cyclin D suggests that
act to link growth factor signals with cell cycle transitions
during G1 [53].

For the SFG area, there were 15 specifically significant
genes that can be used to construct a maximal scoring
subnetwork (Figure 8). SFG is involved in self-awareness
and in coordination with the action of the sensory system
[54]. In this region, genes CAV1, CDH5, EDNRB, GJB2,
JUP, GJB6, and PPAP2B were found overexpressed in AD
brains. The CDH5 gene is a classical cadherin from the
cadherin superfamily, which provides a molecular system
reflecting both early embryonic and mature nervous system
architecture. In AD crowd, overexpression of cadherins may
be related to restoration of neural epithelium [55, 56]. The
PTPN6, which is a member of the PTP (protein tyrosine
phosphatase) family, was downregulated in SFG area of
AD brain. PTP family is reported to have the ability to
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regulate a variety of cellular processes including cell growth,
differentiation, mitotic cycle, and oncogenic transformation
[57, 58].

4. Conclusions

AD progression is known to occur in many brain regions
which have close relationship of human learning and mem-
ory with particular features. Discovering the common and
specific changes and dysregulated pathways of different brain
regions will provide deep insights for finding of the patho-
genesis of AD. In this study, we applied a method of scoring
function and simulated annealing algorithm to constructing

and optimizing the differential significance subnetworks for
six brain regions including hippocampus (HIP), entorhinal
cortex (EC), middle temporal gyrus (MTG), posterior cin-
gulate cortex (PC), superior frontal gyrus (SFG), and pri-
mary visual cortex (VCX). The common genes we identified
from overall the six brain regions revealed two significant
functional subnetworks which showed that the dysregulation
of inflammation and calcium metabolism play important
roles in the onset and deterioration of AD. For example, the
dysregulated MAPK signaling pathways and JNK or p38 sig-
naling pathways, as parts of inflammation subnetwork, were
demonstrated to be associated with many cellular activities
and neuronal apoptosis in AD. Many common genes such
as caspases, SOCS3, STAT3, TNFRSF1A, and TNF-𝛼 were
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confirmed to have close association with inflammation and
apoptosis in all the six AD brain regions. In calcium ion
mechanism subnetwork, many genes such as ATP2A2 and
ATP2B2 played a critical role in intracellular calcium home-
ostasis.The dysregulation of intracellular calcium would lead
to the accumulation of amyloid-𝛽, hyperphosphorylation
of Tau, and neuronal death which are parts of the known
pathogenesis of AD.

Although we highlighted the contributions of the inflam-
mation and calcium imbalance subnetworks as common
features for six brain regions, this paper illustrated the specific
dysregulated subnetworks in each AD-affected brain region
for HIP, EC, PC, MTG, and SFG. In the subnetwork of HIP,
many differentially expressed genes were identified as the
clinicopathological characteristics of AD. EC, as another area
early affected by AD, was characterized by changes in the Tau
protein and APP. Many significant genes in EC played central
roles in regulating the MAP kinase/ERKs signaling pathway
and affected cell division, differentiation, and secretion. The
specific expressed genes in PC area showed close relation-
ship of apoptosis and cell cycle progression. Particularly,
the overexpression of Tau will impact a neuroinflammation
gene expression network perturbed in AD. The specifically
expressed genes in the subnetwork in MTG area of AD
showed that they effected the mitochondrial dysfunction and
DNA damage. The significant genes related to cadherins in
SFG area suggested that this area may contribute to the
formation and maintenance of segmental and functional
nervous system structures.

In summary, our molecular biological analysis demon-
strated that the identified common and specific maximal
scoring subnetworks help in comparing biological phenom-
ena across AD-affected brain regions and obtaining a global
overview of the disease, which can enable us to further
understand the pathogenetic mechanism of AD.
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Protein-protein interactions are the basis of biological functions, and studying these interactions on a molecular level is of crucial
importance for understanding the functionality of a living cell. During the past decade, biosensors have emerged as an important
tool for the high-throughput identification of proteins and their interactions. However, the high-throughput experimental methods
for identifying PPIs are both time-consuming and expensive. On the other hand, high-throughput PPI data are often associated
with high false-positive and high false-negative rates. Targeting at these problems, we propose a method for PPI detection by
integrating biosensor-based PPI data with a novel computational model. This method was developed based on the algorithm of
extreme learning machine combined with a novel representation of protein sequence descriptor. When performed on the large-
scale human protein interaction dataset, the proposed method achieved 84.8% prediction accuracy with 84.08% sensitivity at
the specificity of 85.53%. We conducted more extensive experiments to compare the proposed method with the state-of-the-art
techniques, support vector machine.The achieved results demonstrate that our approach is very promising for detecting new PPIs,
and it can be a helpful supplement for biosensor-based PPI data detection.

1. Introduction

Proteins play crucial roles in cellular biology, including
signaling cascades, metabolic cycles, and DNA transcrip-
tion. In most cases, proteins rarely perform their functions
alone; instead, they cooperate with other proteins by form-
ing protein-protein interactions (PPIs) networks. PPIs are
responsible for the majority of cellular functions. Over the
past decades, many innovative techniques and systems for
identifying protein interactions have been developed [1]; for
example, in the high-throughput experimental technologies
such as yeast two-hybrid (Y2H) screens [2], tandem affinity
purification (TAP) [3], mass spectrometric protein complex
identification (MS-PCI) [4], and other large-scale biological
techniques for PPIs detection, a large amount of PPIs data
for different species has been accumulated [5–11]. However,
the experimental methods are costly and time consum-
ing; therefore, current PPI pairs obtained from biological
experiments only cover a small fraction of the complete

PPI networks [12–14]. In addition, large-scale experimental
methods usually suffer from high rates of both false positives
and false negatives [12, 15–20]. Hence, it is of great practical
significance to build low cost protein detection systems and
establish the reliable computational methods to facilitate the
detection of PPIs [21–25].

A number of computationalmethods have been proposed
for the prediction of PPIs based on different data types,
including phylogenetic profiles, gene neighborhood, gene
fusion, sequence conservation between interacting proteins,
and literature mining knowledge [12, 26–33]. There are also
methods that combine interaction information from several
different data sources [27]. However, the aforementioned
methods cannot be carried out if such biological information
about the proteins is not available. Recently, a number of
methods which derive information directly from protein
sequence are of particular interest [26, 28–30]. Researchers
are committed to develop the sequences-based method for
discovering new PPIs, and the experimental results showed
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Figure 1: The schematic diagram for mapping large-scale protein-protein interactions by integrating biosensor data with ELMmodel.

that the information of amino acid sequences of proteins
alone is sufficient to predict PPIs. Among them, one of the
excellent works is a support vector machine based method
developed by Shen et al. [29]. In that study, the twenty amino
acids were firstly clustered into 7 classes according to their
volumes and dipoles of the side chains. Then the conjoint
triad approach extracts the features of protein pairs based
on the classification of amino acids. When applied to predict
human PPIs, this method yields a high prediction accuracy of
about 84%.

Because the conjoint triad approach did not take neigh-
boring effect into account and the interactions usually occur
in the discontinuous amino acids segments in the sequence,
on the other work Guo et al. developed a method based on
SVM and autocovariance to extract the interactions infor-
mation in the discontinuous amino acids segments in the
sequence [26].Their method yielded a prediction accuracy of
86.55%, when applied to predicting Saccharomyces cerevisiae
PPIs. Lately, Pan et al. proposed a novel hierarchical LDA-
RF model to predict human PPIs from protein primary
sequences directly. In this study, the local sequential features
represented by conjoint triads are firstly extracted from
sequences. Then the generative LDAmodel is used to project
the original feature space into the latent semantic space to
obtain low dimensional latent topic features. Finally, the
random forest model is used to predict the interactions
between two proteins. The experimental results show that it
is a very promising scheme for PPIs prediction [28].

The general trend in the current study for predicting PPIs
has focused on high accuracy but has not considered the
running time taken to train the classification model, which
should be an important factor of developing a sequence-
based method for predicting PPIs because the total number
of possible PPIs is very large. For example, if we assume
that the human genome consists of 22,500 protein-coding
genes, then the total number of possible PPIs is estimated

to be around 253,113,750 (𝑁 = 22, 500 × (22, 500 −

1)/2), which indicates that some classification models with
high classification accuracy may not be satisfactory when
considering the tradeoff between the classification accuracy
and the time for training the models. Here, in addition to
exploring the local and global descriptors to mine interaction
information from the multiscale amino acids segments at the
same time, we also investigate the use of a novel paradigm
of learning machine called extreme learning machine (ELM)
[34], in order to obtain a balance between high classification
accuracy and short training time.

In the present work, we report a novel sequence-based
method for the prediction of interacting protein pairs using
ELM combined with local and global descriptors. More
specifically, we first represent each protein sequence as a
vector by utilizing the novel representation of local and global
protein sequence descriptors which provides us with a chance
to mine interaction information from the multiscale amino
acids segments at the same time. Then we characterize a
protein pair in different feature vectors by coding the vectors
of two proteins in this protein pair. Finally, an ELM model
is constructed using these feature vectors of the protein pair
as input. To evaluate the performance, the proposed method
was applied to human PPI dataset. The experiment results
show that our method achieved 84.8% prediction accuracy
with 84.08% sensitivity at the specificity of 85.53%.

2. Materials and Methodology

In this section, we outline the main idea behind the proposed
method.The flowchart intuitively showing how tomap large-
scale PPIs by integrating biosensor-based PPI data with
computational model is given in Figure 1. Firstly, we discuss
the PPI dataset which is used in the study to evaluate the
performance of the proposed method. Next we introduce
the novel sequence-based protein representation method.
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Finally, we briefly descript the computational model, ELM,
used in this study.

2.1. Golden Standard Datasets. We evaluated the proposed
method with the human PPI dataset, which was downloaded
from theHuman Protein References Database (HPRD). After
self-interactions and duplicate interactions were removed,
the remaining 36,630 PPI pairs between 9,630 different
human proteins comprise the final positive dataset.

The chosen golden negative dataset has a variable impact
on the prediction performance, and it can be artificially
inflated by a bias towards dominant samples in the positive
data. For golden negative set, we followed the previous work
[28] assuming that the proteins in separate subcellular com-
partments do not interact with each other. In this study, the
golden negative dataset is generated fromSwiss-Prot database
version 57.3 according to four criteria: (1) protein sequences
annotated with uncertain subcellular location terms were
removed. (2) Protein sequences annotated by multiple loca-
tions were removed because of lack of the uniqueness. (3)
Protein sequences annotated with “fragment” were removed.
(4) Protein sequences with less than 50 amino acid residues
were also removed because they might be fragments. After
strictly following the above steps, we finally obtained 1,773
human proteins from six subcellular localizations. Then the
noninteracting protein pairs were constructed by randomly
pairing the proteins from separate subcellular compartments.

We also downloaded the golden negative dataset of
human with experimental evidence used in the study of
Smialowski et al. [35]. By combining the above two negative
datasets, the whole final golden negative dataset consists
of 36,480 noninteracting protein pairs. The whole dataset
consists of 73,110 protein pairs, where nearly half are from
the positive dataset and half are from the negative dataset.
Four-fifths of the protein pairs from the positive and negative
dataset were, respectively, randomly selected as the training
dataset and the remaining one-fifths were used as the testing
dataset.

2.2. Representing Proteins with Descriptors from Primary
Protein Sequences. To successfully use the machine learn-
ing methods to identify PPIs from primary protein amino
acids sequences, one of the most important computational
challenges is how to effectively represent a protein sequence
by a fixed length feature vector in which the important
information content of proteins is fully encoded [36, 37]. In
this study, two kinds of sequence representation approach
are used to transform the protein sequences into feature
vectors, including amino acid composition and a novel local
descriptor. For amino acid composition, it is evident that 20
amino acid composition descriptors reflecting the fraction of
each kind of amino acid in a protein sequence are directly
calculated.Then, a local multiscale decomposition technique
is used to divide protein sequence into multiple sequence
segments of varying length to describe local regions. Here,
the continuous sequence segments are composed of residues
which are local in the polypeptide sequence [38].

In order to extract local information, we first divided
the entire protein sequence into seven equal length fractions.

Then a novel binary coding scheme was adopted to construct
a set of continuous regions on the basis of the above partition.
For example, consider a protein sequence “CCYGGGYY-
CYYYCGGCCYYCG” containing 21 residues. To represent
the sequence by a feature vector, let us first divide each protein
sequence into multiple regions. For simplicity, the protein
sequence is divided into four equal length segments (denoted
as S
1
, S
2
, S
3
, and S

4
).Then it is encoded as a sequence of 1’s and

0’s of 4-bit binary form. In binary format, these combinations
are written as 0000, 0001, 0010, 0011, 0100, 0101, 0110, 0111,
1000, 1001, 1010, 1011, 1100, 1101, 1110, and 1111. The number
of states of a group of bits can be found by the expression
2
𝑛, where 𝑛 is the number of bits. It should be noticed that
here 0 or 1 denotes one of the four equal length regions,
and S

1
–S
4
are excluded or included in constructing the

continuous regions, respectively. For example, 1100 denotes a
continuous region constructed by S

1
and S
2
(the first 50% of

the sequence). Similarly, 0011 represents a continuous region
constructed by S

3
and S
4
(the final 50% of the sequence).

It should be noticed that the proposed representation
can be simply and conveniently edited at multiple scales,
which offers a promising new approach for addressing these
difficulties in a simple, unified, and theoretically sound way
when presenting a protein sequence. For a given number
of bits, each protein sequence may take on only a finite
number of continuous or discontinuous regions. This limits
the resolution of the sequence. If more bits are used for
each protein sequence, then a higher degree of resolution is
obtained. In this study, the protein sequence is encoded by 7-
bit binary form; each protein sequencemay take on 126 (27−2)
different regions. Higher bit encoding requires more storage
for data and requires more computing resource to process.
In this study, only the continuous regions are used and the
discontinuous regions are discarded.

For each continuous region, three types of descriptors,
composition (𝐶), transition (𝑇), and distribution (𝐷), are
used to represent its characteristics. 𝐶 denotes the amino
acids number of a particular property (e.g., hydrophobicity)
divided by the total amino acids number in a local region.
𝑇 is the percentage frequency with which amino acids for
a particular property are followed by protein amino acids
of another property. 𝐷 characterizes the chain length within
which the first 25 percent, 50 percent, 75 percent, and 100
percent of the protein amino acids of a particular property
are located, respectively [39].

The three descriptors can be calculated in the following
ways. Firstly, in order to reduce the complexity inherent in
the representation of the 20 standard protein amino acids, we
firstly clustered them into seven clusters based on the volumes
and dipoles of the side chains. Amino acids within the same
groups likely involve synonymous mutations because of their
similar characteristics [29]. The amino acids belonging to
each group are shown in Table 1.

Then, every amino acid in each protein sequence is
replaced by the index depending on its grouping. For exam-
ple, protein sequence “CCYGGGYYCYYYCGGCCYYCG” is
replaced by 773111337333711773371 based on this classification
of amino acids (see Figure 2). There are six “1,” eight “3,” and
seven “7” in this protein sequence.The composition for these
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Protein sequence:
Group index of residue:

Ordinal number for 7:
Ordinal number for 3:
Ordinal number for 1:

1–3 transitions:
1–7 transitions:
3–7 transitions:

C C Y G G G Y Y C Y Y Y C G G C C Y Y C G

7  7 3 1  1  1  3  3 7 3 3  3  7 1  1 7  7  3  3  7 1
1  2  3                           4  5                     6

1              2  3     4 5  6                      7  8 
1  2                          3            4          5  6          7

Figure 2: Sequence of a hypothetic protein indicating the construc-
tion of composition, transition, and distribution descriptors of a
protein region.

Table 1: Division of amino acids into seven groups based on the
dipoles and volumes of the side chains.

Group Class Dipole scale Volume scale

1 Ala, Gly,
Val Dipole < 1.0 Volume < 50

2 Ile, Leu,
Phe, Pro Dipole < 1.0 Volume > 50

3 Tyr, Met,
Thr, Ser 1.0 < dipole < 2.0 Volume > 50

4 His, Asn,
Gln, Trp 2.0 < dipole < 3.0 Volume > 50

5 Arg, Lys Dipole > 3.0 Volume > 50

6 Asp, Glu Dipole > 3.0
(opposite orientation) Volume > 50

7 Cys 1.0 < dipole < 2.0
(form disulphide bonds) Volume > 50

three symbols is 6/(6 + 7 + 8) × 100% = 28.57%, 8/(6 + 7 +
8) × 100% = 38.10% , and 7/(6 + 7 + 8) × 100% = 33.33%,
respectively. There are 2 transitions from “1” to “3” or from
“3” to “1” in this sequence, and the percentage frequency of
these transitions is (2/20)×100% = 10%.The transitions from
“1” to “7” or from “7” to “1” in this sequence can similarly be
calculated as (3/20) × 100% = 15%.The transitions from “3”
to “7” or from “7” to “3” in this sequence can also similarly be
calculated as (6/20) × 100% = 30%.

For distribution 𝐷, there are 6 residues encoded as “1”
in the example of Figure 3, the positions for the first residue
“1,” the 2nd residue “1” (25% × 6 = 2), the 4th “1” residue
(50% × 6 = 3), the 6th “1” (75% × 6 = 5), and the 8th
residue “1” (100% × 6 = 6) in the encoded sequence are
4, 5, 6, 15, and 21, respectively, so the 𝐷 descriptors for “1”
are (4/21) × 100% = 19.05%, (5/21) × 100% = 23.81%,
(6/21) × 100% = 28.57%, (15/21) × 100% = 71.43%,
and (21/21) × 100% = 100%, respectively. Similarly, the 𝐷
descriptor for “3” and “7” is 14.29%, 33.33%, 47.62%, 57.14%,
and 90.48% and 4.76%, 9.52%, 61.9%, 76.19%, and 95.24%,
respectively.

For each continuous local region, the three descriptors (𝐶,
𝑇, and𝐷) were calculated and concatenated, and a total of 63
descriptors are generated: 7 for 𝐶, 21 ((7 × 6)/2) for 𝑇, and
35 (7 × 5) for 𝐷. Then, the local descriptor from 27 regions
(7-bit) was concatenated and a total 1701 dimensional vector
has been built to represent each protein sequence. Finally,
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Figure 3: The structure of extreme learning machine.

the PPI pair is characterized by concatenating the local and
global descriptors of two individual proteins. Thus, a 3442-
dimensional vector has been constructed to represent each
protein pair and was used as a feature vector for input into
SVM classifier.

2.3. Extreme Learning Machine. By virtue of their approxi-
mation capabilities for nonlinear mappings, the feed-forward
neural networks (FNN) have become ideal classifiers inmany
applications. Huang et al. proved that the single-hidden-
layer FNN could exactly learn 𝑀 distinct observations for
almost any nonlinear activation function with almost 𝑀
hidden nods [34, 40, 41]. However, the hidden layer biases
and input weights of FNN have usually to be tuned using
some parameter adjusting approach, which are generally
time-consuming due to inappropriate learning steps with
significantly large latency to converge to local maxima.
Therefore, the slow learning speed of FNN has been a major
bottleneck in different applications.

Extreme learning machine (ELM) was originally devel-
oped for the single hidden layer feed-forward neural network
(SLFNN) and then extended to the generalized SLFNNwhere
the hidden layer need not be neuron alike [34, 40]. As shown
in Figure 3, its architecture is similar to that of a SLFNN.
Recently the ELM algorithm has been increasingly popular
in classification tasks due to its high generalization ability and
fast learning speed. Different from the popular thinking that
network parameters need to be adjusted, the input weights
and first hidden layer biases need not be adjusted but they are
randomly assigned in ELM. It has been proved that the ELM
algorithm performs learning at an extremely fast speed and
achieves a good generalization performance with activation
functions which are infinitely differentiable in hidden layers
[40, 42, 43].

The ELM algorithm transforms the learning problem into
a simple linear system; that is, the output weights of ELM
can be analytically determined through a generalized inverse
operation of the hidden layer weight matrices. Compared
with traditional learning frameworks such a learning scheme
can operate at extremely much fast speed. Improved gen-
eralization performance of ELM with the smallest training
error shows its superior classification capability for real-time
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applications at an exceptionally fast pacewithout any learning
bottleneck [44].

The basic idea behind ELMalgorithm is briefly descripted
as follows: suppose learning 𝑁 arbitrary distinct samples
(𝑥
𝑖
, 𝑡
𝑖
) ∈ 𝑅

𝑛
× 𝑅
𝑚, where 𝑥

𝑖
= [𝑥
𝑖1
, 𝑥
𝑖2
, . . . , 𝑥

𝑖𝑛
]
𝑇
⊆ 𝑅
𝑛,

𝑡
𝑖
= [𝑡
𝑖1
, 𝑡
𝑖2
, . . . , 𝑡

𝑖𝑚
]
𝑇
⊆ 𝑅
𝑚, a standard ELM with 𝐿 hidden

neurons and activation function 𝑔(𝑥) are mathematically
modeled by

𝐿

∑
𝑖=1

𝛽
𝑖
𝑔 (𝑥
𝑗
) =

𝐿

∑

𝑖=1

𝛽
𝑖
𝑔 (𝑤
𝑖
⋅ 𝑥
𝑗
+ 𝑏
𝑖
) = 𝑜
𝑗
, 𝑗 = 1, . . . , 𝑁,

(1)

where 𝑤
𝑖
= [𝑤
𝑖1
, 𝑤
𝑖2
, . . . , 𝑤

𝑖𝑛
]
𝑇 represents the weight vec-

tor connecting the 𝑖th hidden node and the input nodes,
𝛽
𝑖
= [𝛽
𝑖1
, 𝛽
𝑖2
, . . . , 𝛽

𝑖𝑚
]
𝑇 represents the weight vector connect-

ing the 𝑖th hidden neuron and the output neurons, and 𝑏
𝑖
is

the bias of the 𝑖th hidden neuron. 𝑤
𝑖
⋅ 𝑥
𝑗
denotes the inner

product of 𝑤
𝑖
and 𝑥

𝑗
. A wide variety of functions could be

selected as the activation function, including sigmoid func-
tion, radial basis function, sine function, hardlim function,
and triangular basis function. The architecture of ELM is
shown in Figure 3. Equation (1) can be written compactly as

𝐻𝛽 = 𝑇, (2)

where

𝐻(𝑤
1
, . . . , 𝑤

𝐿
, 𝑏
1
, . . . , 𝑏

𝐿
, . . . , 𝑥

1
, . . . , 𝑥

𝑁
)

=
[
[

[

𝑔 (𝑤
1
⋅ 𝑥
1
+ 𝑏
1
) ⋅ ⋅ ⋅ 𝑔 (𝑤

𝐿
⋅ 𝑥
1
+ 𝑏
𝐿
)

.

.

. ⋅ ⋅ ⋅
.
.
.

𝑔 (𝑤
1
⋅ 𝑥
𝑁
+ 𝑏
1
) ⋅ ⋅ ⋅ 𝑔 (𝑤

𝐿
⋅ 𝑥
𝑁
+ 𝑏
𝐿
)

]
]

]𝑁×𝐿

𝛽 =
[
[

[

𝛽
𝑇

1

.

.

.

𝛽
𝑇

𝐿

]
]

]𝐿×𝑚

, 𝑇 =
[
[

[

𝑡
𝑇

1

.

.

.

𝑡
𝑇

𝑁

]
]

]𝑁×𝑚

.

(3)

𝐻 is termed as the hidden layer output matrix of the SLFNN;
the 𝑖th column of𝐻 is the 𝑖th hidden neuron’s output vector
with respect to inputs𝑥

1
, 𝑥
2
, . . . , 𝑥

𝑁
. Hence for fixed arbitrary

input weights 𝑤
𝑖
and the hidden layer bias 𝑏

𝑖
, training a

SLFNN equals finding a least-squares solution 𝛽 of the linear
system𝐻𝛽 = 𝑇; that is,


𝐻 (𝑤
1
, . . . , 𝑤

𝐿
, 𝑏
1
, . . . , 𝑏

𝐿
, 𝑥
1
, . . . , 𝑥

𝑁
) 𝛽 − 𝑇



= min
𝛽

𝐻 (𝑤1, . . . , 𝑤𝐿, 𝑏1, . . . , 𝑏𝐿, 𝑥1, . . . , 𝑥𝑁) 𝛽 − 𝑇
 .

(4)

Equation (12) becomes a linear system and the solution is
estimated as

𝛽 = 𝐻
†
𝑇, (5)

where 𝐻† is the Moore-Penrose generalized inverse of the
hidden layer output matrix𝐻.

In summary, given a training dataset ℵ = {(𝑥
𝑖
, 𝑡
𝑖
) | 𝑥
𝑖
∈

𝑅
𝑛
, 𝑡
𝑖
∈ 𝑅
𝑚
, 𝑖 = 1, . . . , 𝑁}, activation function 𝑔(𝑥), and

hidden neuron number𝐿, the ELM-based learning procedure
can be summarized as follows.

Step 1. Assign arbitrary input weight 𝑤
𝑖
and bias 𝑏

𝑖
, 𝑖 =

1, . . . , 𝐿.

Step 2. Calculate the hidden layer output matrix𝐻.

Step 3. According to (13), calculate the output weight 𝛽.

3. Results and Discussion

In this section, we describe our simulation methodology
and present the experimental results that evaluate the
effectiveness of our schemes. The proposed sequence-based
PPI predictor was implemented using MATLAB platform.
For ELM algorithm, the implementation by Zhu and Huang
available from http://www.ntu.edu.sg/home/egbhuang was
used. Regarding SVM, LIBSVM implementation available
from http://www.csie.ntu.edu.tw/∼cjlin/libsvm/index.html
was utilized, which was originally developed by Chang
et al. [33]. Tree kinds of kernel functions were chosen
and the optimized parameters were obtained with a grid
search approach. All the simulations were carried out on
a computer with 3.1 GHz 2-core CPU, 8GB memory, and
Windows operating system.

3.1. Cross Validation and Performance Evaluation. In the
study, fivefold cross-validation technique has been employed
to evaluate the performance of the proposed model. In five-
fold cross-validation technique, the whole dataset is ran-
domly divided into five subsets, where each subset consists
of nearly equal number of interacting and noninteracting
protein pairs. Four subsets are used for training and the
remaining set for testing. This process is repeated five times
so that each subset is used once for testing. The performance
of method is average performance of method on five sets.

Seven metrics have been used in the study to measure the
predictive ability of the proposed method. The parameters
are as follows: (1) the overall prediction accuracy (ACC)
is the percentage of correctly identified interacting and
noninteracting protein pairs; (2) the sensitivity (SN) is the
percentage of correctly identified interacting protein pairs;
(3) the specificity (SP) is the percentage of correctly identified
noninteracting protein pairs; (4) the positive predictive value
(PPV) is the positive prediction value; (5) the negative
predictive value (NPV) is the negative prediction value; (6)
the 𝐹-score is a weighted average of the PPV and sensitivity,
where an 𝐹-score reaches its best value at 1 and worst score
at 0; (7) Matthew’s correlation coefficient (MCC) is a more
stringent measure of prediction accuracy accounts for both
under- and overpredictions. These parameters are defined as
follows:

ACC = TP + TN
TP + FP + TN + FN

, (6)
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SN =
TP

TP + FN
, (7)

SP = TN
TN + FP

, (8)

PPV = TP
TP + FP

, (9)

NPV = TN
TN + FN

, (10)

𝐹1 = 2 ×
SN × PPV
SN + PPV

, (11)

MCC = (TP × TN − FP × FN)

× ((TP + FN) × (TN + FP)

× (TP + FP) × (TN + FN))−1/2,

(12)

where true positive (TP) is the number of true PPIs that
are predicted correctly; false negative (FN) is the number of
true PPIs that are predicted to be noninteracting pairs; false
positive (FP) is the number of true noninteracting pairs that
are predicted to be PPIs, and true negative (TN) is the number
of true noninteracting pairs that are predicted correctly.

The above mentioned parameters rely on the selected
threshold. The area under the ROC curve (AUC), which is
threshold-independent for evaluating the performances, can
be easily calculated according to the following formula [45]:

AUC =
𝑆
0
− 𝑛
0
(𝑛
0
+ 1) /2

𝑛
0
× 𝑛
1

, (13)

where 𝑛
0
and 𝑛

1
denote the number of positive and negative

samples, respectively, and 𝑆
0
is the sum of the ranks of all

positive samples in the list of all samples ranked in increasing
order by estimated probabilities belonging to positive. AUC
values can give us a good insight into performance com-
parison of different prediction methods. Although the AUC
is threshold-independent, an appropriate threshold must be
selected for the final decision. For the classifier which outputs
a continuous numeric value to represent the confidence or
probability of a sample belonging to the predicted class,
adjusting the classification threshold will lead to different
confusion matrices which decide different ROC points [29].

3.2. Determination of ELMParameter. Thenumber of hidden
nodes is a critical factor for the generalization of ELM. To
determine the parameter, four-fifths of the whole dataset are
randomly chosen to train the ELM classifiers with different
number of hidden nodes, while the rest one-fifths of the
dataset are used as the validation set to compute the accuracy.

Here the sigmoid function was used as the activation
function of the ELM classifier. The results are plotted in
Figure 4, which shows that the accuracy value reaches about
0.9 and increases slowly when the number of hidden neurons
was set to 9 percent of the amount of samples. Based on
Figure 4, we finally set 9 percent of the sample number as the
number of hidden neurons for the ELM classifier.The second
experiment was to examine how the running time scales with
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the number of hidden neurons. We increase the number of
hidden neurons from 1 to 11 percent of the amount of samples
and measure the average time overhead. Figure 5 shows that
the running time of proposed ELMmodel scales nearly linear
as the hidden neuron size increases.

3.3. Prediction Performance of Proposed Model. We eval-
uated the performance of the proposed model using the
PPIs dataset as described in the aforementioned section. To
guarantee that the experimental results are valid and can
be generalized for making predictions regarding new data,
we adopted the fivefold cross-validation in this study. The
advantages of cross-validation are that the impact of data
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Table 2: Comparison of the prediction performance by the proposed method and state-of-the-art SVM classifier on the human dataset.

Method Kernel Mean/std Time (s) ACC SN SP PPV NPV F1 MCC AUC
Testing

ELM

Sigmoid Mean 72.7901 0.8480 0.8408 0.8553 0.8547 0.8415 0.8477 0.7422 0.9232
Variance 1.9062 0.0022 0.0019 0.0028 0.0040 0.0038 0.0029 0.0030 0.0028

Hardlim Mean 77.4139 0.8206 0.8171 0.8242 0.8227 0.8185 0.8199 0.7056 0.9020
Variance 3.7710 0.0050 0.0040 0.0063 0.0088 0.0026 0.0063 0.0064 0.0031

Gaussian Mean 76.9615 0.7257 0.7328 0.7186 0.7232 0.7283 0.7279 0.6018 0.7624
Variance 4.1012 0.0036 0.0048 0.0054 0.0085 0.0077 0.0044 0.0033 0.0017

Training

ELM

Sigmoid Mean 1282.12 0.8887 0.8831 0.8944 0.8933 0.8843 0.8882 0.8022 0.9561
Variance 17.25 0.0006 0.0010 0.0018 0.0014 0.0001 0.0008 0.0010 0.0012

Hardlim Mean 1330.33 0.8668 0.8655 0.8682 0.8683 0.8654 0.8669 0.7691 0.9397
Variance 46.28 0.0027 0.0021 0.0033 0.0027 0.0027 0.0024 0.0039 0.0031

Gaussian Mean 1435.45 0.7824 0.7896 0.7753 0.7790 0.7860 0.7843 0.6595 0.8626
Variance 94.85 0.0033 0.0022 0.0053 0.0040 0.0026 0.0029 0.0037 0.0038

Testing

SVM

Sigmoid Mean 2794.29 0.8177 0.8119 0.8232 0.8215 0.8144 0.8165 0.7018 0.8878
Variance 16.71 0.0127 0.0266 0.0128 0.0067 0.0200 0.0155 0.0160 0.0143

Gaussian Mean 5237.89 0.6947 0.4714 0.9191 0.8535 0.6348 0.6064 0.5320 0.8997
Variance 67.82 0.0228 0.0412 0.0112 0.0178 0.0265 0.0340 0.0276 0.0364

Polynomial Mean 3612.98 0.8019 0.8219 0.7819 0.7903 0.8144 0.8057 0.6820 0.8838
Variance 20.16 0.0101 0.0126 0.0117 0.0165 0.0114 0.0125 0.0122 0.0138

dependency is minimized and the reliability of the results can
be improved.

The prediction performance of ELM predictor with novel
representation of protein sequence across five runs is shown
in Table 2. It can be observed from Table 2 that high predic-
tion accuracy of 84.8% is achieved for the ELM model with
sigmoid function. To better investigate the prediction ability
of our model, we also calculated the values of sensitivity,
specificity, PPV,NPV,𝐹-score,MCC, andAUC. FromTable 2,
we can see that ourmodel gives good prediction performance
with an average sensitivity value of 84.08%, specificity value
of 85.53%, PPVvalue of 85.47%,NPVvalue of 84.15%,𝐹-score
value of 84.77%, MCC value of 74.22%, and AUC value of
0.9232. Further, it can also be seen in Table 2 that the standard
deviation of accuracy, sensitivity, specificity, PPV, NPV, 𝐹-
score, MCC, and AUC is as low as 0.0022, 0.0019, 0.0028,
0.0040, 0.0038, 0.0029, 0.0030, and 0.0028, respectively.

To demonstrate the performance of the proposed model,
we further compared our method with the state-of-the-art
predictor SVM. From Table 2, we can see the performance
of ELM and SVM model. As observed from Table 2, the
testing time of SVM algorithm (2794.29 s) is roughly 38 times
the testing time of ELM algorithm (72.7901 s) for sigmoid
activation function. In addition, the prediction performance
of ELM is also promising. The AUC of the SVM algorithm is
0.8878, which is lower than the ELM. The overall accuracy,
sensitivity, specificity, PPV, NPV, 𝐹1 score, and MCC of SVM
algorithm are, respectively, 81.77%, 81.19%, 82.32%, 82.15%,
81.44%, 81.65%, and 70.18% as illustrated in Table 2. Hence,
it can be seen that almost all evaluation measures of ELM
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Figure 6: The ROC (receiver operator characteristic) curve illus-
trating the performance of different activation functions. The curve
presents the true positive rate (sensitivity) against the false positive
rate (1 − specificity).

algorithm are a little better than those of SVM algorithm,
while its learning speed is much more faster than SVM.

We also conduct an experiment to characterize the
sensitivity (i.e., the size of true positives that can be detected
by our method) and specificity (i.e., 1 − false positive
rate) of proposed approach for different activation functions
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(Figure 6). The results in Figure 6 are reported using receiver
operator characteristic (ROC) curves, which plot the achiev-
able sensitivity at a given specificity (1 − false positive rate).
Good performance is reflected in curves with a stronger bend
towards the upper-left corner of the ROC graph (i.e., high
sensitivity is achievedwith a low false positive rate).We found
that the proposedmethod achieved over 83 percent detection
rate with less than 10 percent false positive rate. The results
demonstrate that the proposed ELM can successfully classify
positive and negative samples in all five activation functions
that we investigated. Our algorithm can perfectly classify
interacting and noninteracting protein pairs with only a few
exceptions.

To sum up, considering the high efficiency as well as the
good performance we can readily conclude that the proposed
approach generally outperforms the state-of-the-art model
with higher discrimination power for predicting PPIs based
on the information of protein sequences. Therefore, we can
see clearly that ourmodel is amuchmore appropriatemethod
for predicting new protein interactions compared with the
othermethods. Consequently, it makes us bemore convinced
that the proposed method can be very helpful in assisting the
biologist to assist in the design and validation of experimental
studies and for the prediction of interaction partners.

4. Conclusions

In this paper, we have developed an efficient and fast learning
technique, which utilizes global and local information of
protein amino acid sequence, for accurate identification PPIs
at considerably high speed both in training and testing phase.
The first contribution of this work is a novel protein amino
acids sequence representation using amino acid composition
and a descriptor to represent global and local information
of a protein sequence, respectively. Then, the application
of extreme learning machine ensures reliable recognition
with minimum error and learning speed approximately
thousands of times faster than the state-of-the-art classi-
fication method SVM. Experimental results demonstrated
that the proposed method performed significantly well in
distinguishing interacting and noninteracting protein pairs.
It was observed that the proposed method achieved the
mean classification accuracy of 84.8% using 5-fold cross-
validation. Meanwhile, comparative study was conducted on
the proposed method and the state-of-the-art SVM. The
experimental results showed that our method significantly
outperformed SVM in terms of classification accuracy with
shorter running time.
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Identifying disease genes is one of the most important topics in biomedicine and may facilitate studies on the mechanisms
underlying disease. Age-relatedmacular degeneration (AMD) is a serious eye disease; it typically affects older adults and results in a
loss of vision due to retina damage. In this study, we attempt to develop an effective method for distinguishing AMD-related genes.
Gene ontology and KEGG enrichment analyses of known AMD-related genes were performed, and a classification system was
established. In detail, each gene was encoded into a vector by extracting enrichment scores of the gene set, including it and its direct
neighbors in STRING, and gene ontology terms or KEGG pathways. Then certain feature-selection methods, including minimum
redundancy maximum relevance and incremental feature selection, were adopted to extract key features for the classification
system. As a result, 720 GO terms and 11 KEGG pathways were deemed the most important factors for predicting AMD-related
genes.

1. Introduction

Age-related macular degeneration (AMD or ARMD) is a
chronic, progressive eye disorder that primarily occurs in
elders (>50 years) and has become amajor cause of blindness
and visual impairment in developed countries as well as the
third major cause globally [1, 2]. In an Asian population
aged 40–79 years, the morbidities of early and late AMD
were 6.8% and 0.56%, respectively [3]. Further, AMD is
likely to increase with a longer life expectancy. Due to retina
damage, AMD typically results in vision loss, which can
render daily activities difficult, such as reading, watching
TV, and recognizing faces [4]. There are two typical types
of AMD: dry AMD and wet AMD. Dry AMD is the major

type of AMD and accounts for approximately 80% of cases;
no efficient surgical or medical treatments are available.
It typically causes mild vision loss, which develops slowly.
However, it can cause vision loss through retinal pigment
epithelial layer atrophy, which results in photoreceptor loss
(rods and cones) in the central portion of the eye.WetAMD is
caused by choroidal neovascularization (CNV), wherein new
blood vessels grow in choriocapillaries through the Bruch’s
membrane. Leaking and bleeding of these vessels can damage
the rods and cones, which lead to rapidly deteriorating vision.
Thus, wet AMD accounts for 90% of AMD cases with severe
visual impairment.

The AMD etiology is complex. AMD results from both
genetic and environmental factors; however, the underlying
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mechanisms are unclear. Moreover, previous studies have
demonstrated strong correlations between AMD and mul-
tiple environmental factors. In addition to age, many risk
factors are correlated with AMD, such as cigarette smoking
[5], oxidative stress [6–8], hypertension, previous cataract
surgery, higher body mass index, a history of cardiovascular
disease, and higher plasma fibrinogen [9].

AMD is characterized by complex traits. Moreover,
mutant protein expression may begin early in AMD patients,
and symptoms associated with AMD do not manifest until
a long time thereafter. Often only clinical information for a
single generation is available for studies; thus, it is difficult
to detect AMD phenotypic heterogeneity and determine
the underlying mechanisms. Initially, through early linkage
studies on small families, several genetic loci at chromosomes
9p24, 10q26, and 15q21 [10] and 1q31, 10q26, and 17q25 [11]
were identified and verified. A GWAS study greatly increased
our understanding of AMD risk loci. Subsequently, more
AMD-related genes have been identified, such as C2 [12],
CFH [13], CFI [14], LIPC [15], CETP, TIMP3 [16], and
TNFRSF10A [17]. Recently a large-scale GWAS analysis of
more than 17,000 AMD cases indicated 19 other AMD loci,
in which 7 loci were novel and near the genes IER3-DDR1,
COL8A1-FILIP1L, SLC16A8, TGFBR1, ADAMTS9, RAD51B,
and B3GALTL [18]. Several studies have evaluated the impact
of susceptibility genes on AMD onset and progression. For
instance, CFH gene mutations yield a high risk of AMD.
Compared with the normal homozygous genotype, individu-
als with heterozygotic and homozygoticCFH exhibited a 4.6-
fold or 7.4-fold increased AMD risk, respectively [19].

AMD is a disease with complex inheritance patterns,
and it may be difficult to discover individual susceptibility
genes due to multiple genetic and environmental effects
and interactions. Identifying several genetic loci revealed
that several important biological pathways are involved in
AMD pathogenesis, such as the cholesterol, lipid metabolism
pathway, complement pathway, extracellular matrix pathway,
oxidative stress pathway, and angiogenesis signaling pathway
in [20–22], which provides a foundation for systematically
analyzing the biological processes underlying AMD. Gene
ontology (GO) is a major bioinformatics tool that stan-
dardizes representation and the product attributes of genes
across species [23]. The Kyoto Encyclopedia of Genes and
Genomes (KEGG) [24, 25] pathway database is a collection
of manually drawn diagrams and comprehensive inferences
for pathwaymapping. Based on the gene ontology andKEGG
pathway materials, we analyzed the GO and KEGG enrich-
ments for known AMD-related genes, which were retrieved
from the Retina International website (http://www.retina-
international.org/files/sci-news/remacdy.htm) or the pub-
lished literature. To extract the distinctive features of these
genes, certain genes, which were not reported as AMD-
related genes, were randomly selected from Ensemble. Each
investigated gene was encoded into numeric vectors con-
sisting of enrichment scores of the gene set, including it
and its direct neighbors in STRING, and the GO terms or
KEGG pathways. Based on certain feature-selectionmethods
and SMO as the prediction engine, certain important GO
terms and KEGG pathways were discovered that were

deemed important for identifying AMD-related genes. Anal-
yses suggest that certain such genes relate directly or indi-
rectly to AMD formation or development.

2. Materials and Methods

2.1. Dataset. The known AMD-related genes were retrieved
from the Retina International website (http://www.retina-
international.org/files/sci-news/remacdy.htm, recent update
from March 24, 2010) and the literature. Specifically, 16
genes are from Retina International; three genes for the
complement system proteins factor H (CFH), factor 3 (C3),
and factor B (CFB), which are strongly related with a
person’s risk for developing AMD, are employed; HTRA1 is
from [26, 27]; ABCR is from [28]; 2 genes are from [29,
30]; and 23 genes are from [18]. Finally, 39 known AMD-
related genes were collected; these genes are referred to as
“positive genes” and compose the gene set 𝑆

𝑝
. To analyze

the differences between the positive genes and other genes,
we randomly selected 1,950 genes (50 times the number of
positive genes) from Ensemble that were not in 𝑆

𝑝
; these

1,950 genes are referred to as “negative genes” and compose
the set 𝑆

𝑛
. The Ensemble IDs for the positive and negative

genes are in Supplementary Material I available online at
http://dx.doi.org/10.1155/2014/450386.

The negative genes outnumbered the positive genes; thus,
we confronted an imbalanced dataset. Encouraged by certain
studies that have managed this type of data [31, 32], the
following strategy was adopted. The negative genes were
equally and randomly split into 10 portions 𝑆1

𝑛
, 𝑆
2

𝑛
, . . . , 𝑆

10

𝑛
(i.e.,

𝑆
𝑛
= 𝑆
1

𝑛
∪ 𝑆
2

𝑛
∪ ⋅ ⋅ ⋅ ∪ 𝑆

10

𝑛
and 𝑆𝑖
𝑛
∩ 𝑆
𝑗

𝑛
= 𝜙 for 𝑖 ̸= 𝑗). For each

𝑆
𝑖

𝑛
, we combined the genes in 𝑆

𝑝
and 𝑆𝑖

𝑛
to comprise the 𝑖th

datasets𝐷
𝑖
(i.e.,𝐷

𝑖
= 𝑆
𝑖

𝑛
∪ 𝑆
𝑝
).

2.2. Feature Construction. To analyze the differences between
the positive and negative genes, each gene must be repre-
sented by certain features that can then be processed by
certain computer programs. Here, we adopted gene ontology
(GO) and KEGG enrichment to compute numerical values
that represent each gene.

GO enrichment indicates the relationship between genes
and GO terms. For each gene 𝑔 and each GO term GO

𝑗
,

a score is generated, which is typically referred to as the
gene ontology enrichment score and defined as the −log

10

of the hypergeometric test 𝑃 value [33–35] for a gene set 𝐺
consisting of 𝑔’s direct neighbors in STRING and the GO
term GOj that can be computed as follows:

ESGO (𝑔,GO𝑗) = −log10(
𝑛

∑

𝑘=𝑚

(𝑀
𝑚
) (𝑁−𝑀
𝑛−𝑚

)

(𝑁
𝑛
)

) , (1)

where 𝑁 denotes the overall number of proteins in humans,
𝑀 denotes the number of proteins annotated in the gene
ontology term GO

𝑗
, 𝑛 denotes the number of proteins in 𝐺,

and𝑚 denotes the number of proteins in𝐺 that are annotated
in the gene ontology term GO

𝑗
. If the score is large for

one gene and one GO term, the gene and GO term likely
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have a strong relationship; there were 12,877 gene ontology
enrichment scores.

Similarly, for each gene 𝑔 and each KEGG pathway 𝑃
𝑗
,

the KEGG enrichment score is defined as the −log
10

of the
hypergeometric test 𝑃 value [35, 36] for a gene set 𝐺 that
consists of 𝑔’s direct neighbors in STRING and the KEGG
pathway 𝑃

𝑗
, which can be calculated as follows:

ESKEGG (𝑔, 𝑃𝑗) = −log10(
𝑛

∑

𝑘=𝑚

(𝑀
𝑚
) (𝑁−𝑀
𝑛−𝑚

)

(𝑁
𝑛
)

) , (2)

where 𝑁 denotes the overall number of proteins in humans,
𝑀 denotes the number of proteins annotated in the KEGG
pathway 𝑃

𝑗
, 𝑛 denotes the number of proteins in 𝐺, and 𝑚

denotes the number of proteins in𝐺 that are annotated in the
KEGG pathway 𝑃

𝑗
. Additionally, a higher KEGG enrichment

score between 𝑔 and 𝑃
𝑗
indicates a stronger relationship; 239

features were KEGG enrichment scores.
Accordingly, each gene 𝑔 can be represented by 12,877

gene ontology enrichment scores and 239 KEGG enrichment
scores, which can be formulated as follows:

V (𝑔) = (ESGO (𝑔,GO1) , . . . ,ESGO (𝑔,GO12877) ,

ESKEGG (𝑔, 𝑃1) , . . . ,ESKEGG (𝑔, 𝑃239))
T
.

(3)

2.3. Prediction Method and Accuracy Measurement. Weka
[37] is a collection of many state-of-the-art machine-learning
algorithms and has been used to solve various biological
problems [38–42]. One classifier, which is referred to as
SMO, was adopted herein as the classification method; it
implements John Platt’s sequential minimal optimization
algorithm to solve the optimization problem that should be
settled during training of a support vector classifier. The
kernel function can be polynomial or Gaussian [43, 44].

The predicted results for a two-class classification prob-
lem can be represented by a confusion matrix consisting
of four entries: a true positive (TP), a true negative (TN),
false positives (FP), and a false negative (FN) [45, 46].
Accordingly, the prediction accuracy (ACC), specificity (SP),
and sensitivity (SN) can be computed as follows:

ACC =
TP + TN

TP + TN + FP + FN
,

SP = TN
TN + FP

,

SN =
TP

TP + FN
.

(4)

However, in each dataset 𝐷
𝑖
, the number of negative genes

was 5 times as many as the number of positive genes,
which is still imbalanced. Thus, an additional measurement,
Matthews’s correlation coefficient (MCC) [47], was employed

to solve the problem; the coefficient can be computed as
follows:

MCC

=
TP ⋅ TN − FP ⋅ FN

√(TN + FN) ⋅ (TN + FP) ⋅ (TP + FN) ⋅ (TP + FP)
.

(5)

2.4. 10-Fold Cross Validation. Ten-fold cross validation is
often used to examine the performance of various classifi-
cation models [48]. In 10-fold cross validation, the dataset is
equally and randomly divided into ten portions. Each portion
is used as testing data, and the samples in the remaining nine
portions compose the training dataset. Each sample is tested
once because each portion is tested once. Compared with
the Jackknife test [49, 50], a 10-fold cross-validation test is
more efficient and provides similar results for a given dataset.
Thus, it was adopted herein to examine the classification
model.

2.5. Feature Selection. As described in Section 2.2, each gene
is represented by 12,877 + 239 = 13,116 enrichment scores. To
analyze these features and extract key features that contribute
the most to the positive and negative gene classification,
certain feature-selection methods were employed. This pro-
cedure included two stages: (1) using Cramer’s coefficient
[51, 52] to exclude nonsignificant features and (2) using
the minimum redundancy maximum relevance (mRMR)
method as well as incremental feature selection (IFS) [53] for
additional selection.

Cramer’s coefficient [51, 52] is a statistical measure of two
variables that was derived from the Pearson Chi-square test
[54]; it ranges from 0 to 1. A high Cramer’s coefficient for two
variables indicates a strong association. Here, for each feature
and samples’ class labels, Cramer’s coefficient was calculated,
and features with a Cramer’s coefficient lower than 0.1 were
excluded.

The remaining features were further refined using
the minimum redundancy maximum relevance (mRMR)
method and incremental feature selection (IFS), which are
feature selection methods that have been widely used in
recent years [34, 55–58]. By evaluating a classification model,
key features can be extracted from a complicated biological
system. The mRMR method has two criteria: max-relevance
and min-redundancy. Accordingly, two feature lists can be
generated using this method: (1) the MaxRel feature list
and (2) the mRMR feature list. Specifically, the former
list sorts features according to their contributions to the
classification (i.e., only considering the criterion of max-
relevance), while the latter list sorts features by consider-
ing both the max-relevance and min-redundancy criteria.
The MaxRel and mRMR features lists were formulated as
follows:

MaxRel features list : 𝐹
𝑀
= [𝑓
𝑀

1
, 𝑓
𝑀

2
, . . . , 𝑓

𝑀

𝑁
] ,

mRMR features list : 𝐹
𝑚
= [𝑓
𝑚

1
, 𝑓
𝑚

2
, . . . , 𝑓

𝑚

𝑁
] ,

(6)
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Table 1:The number of remaining features for each dataset after the
first stage of feature selection.

Dataset Number of remaining features
𝐷
1

4,288
𝐷
2

3,919
𝐷
3

4,549
𝐷
4

4,663
𝐷
5

4,371
𝐷
6

5,012
𝐷
7

4,877
𝐷
8

3,787
𝐷
9

4,701
𝐷
10

4,473

where 𝑁 denotes the total number of features. A detailed
description of the mRMR method can be found in Peng et
al.’s paper [53].

Only the mRMR features list was used to extract key
features. The extraction procedure is described as follows.

(1) For the mRMR features list 𝐹
𝑚
, construct 𝑁 fea-

ture set, say 𝐹
1

𝑚
, 𝐹
2

𝑚
, . . . , 𝐹

𝑁

𝑚
, such that 𝐹

𝑖

𝑚
=

[𝑓
𝑚

1
, 𝑓
𝑚

2
, . . . , 𝑓

𝑚

𝑖
] (1 ≤ 𝑖 ≤ 𝑁) (i.e., 𝐹𝑖

𝑚
contained the

first 𝑖 features in 𝐹
𝑚
).

(2) The classifier SMO was evaluated through 10-fold
cross validation using features in 𝐹𝑖

𝑚
. As described in

Section 2.3, ACC, SP, SN and MCC can be obtained.
(3) The feature set with the maximum MCC is deemed

the optimal feature set. For ease in observation, an
IFS-curve can be plotted with MCC values as the 𝑦-
axis and the superscript 𝑖 of 𝐹𝑖

𝑚
as the 𝑥-axis.

3. Results and Discussion

3.1. Results of the First Stage of Feature Selection. For each
of the 10 datasets 𝐷

1
, 𝐷
2
, . . . , 𝐷

10
, Cramer’s coefficients

of the features and samples’ class labels were calculated.
Accordingly, features with Cramer’s coefficients less than 0.1
were excluded, while the remaining features were processed
further. The number of remaining features in each dataset is
listed in Table 1.

3.2. Results of the Second Stage of Feature Selection. For each
dataset 𝐷

𝑖
, the mRMR, IFS, and SMO methods were used

to process the remaining features. The mRMR program was
retrieved from http://research.janelia.org/peng/proj/mRMR/
and was executed with its default parameters. As a result, we
generated two feature lists: the MaxRel and mRMR features
lists. To reduce the computation time, only the first 500
features in each of the two feature lists were obtained, and
they are available in Supplementary Material II.

The IFS and SMOmethods were used in accordance with
the mRMR features list for each dataset 𝐷

𝑖
evaluated using

10-fold cross validation. The SNs, SPs, ACCs, and MCCs
obtained for each dataset 𝐷

𝑖
are available in Supplementary

Table 2: The number of features in the optimal feature set for each
dataset and the MCC value obtained using these features.

Dataset Number of features in the
optimal feature set MaximumMCC value

𝐷
1 344 0.712699

𝐷
2 226 0.723116

𝐷
3 104 0.873086

𝐷
4 57 0.77142

𝐷
5 146 0.744851

𝐷
6 26 0.699118

𝐷
7 136 0.788893

𝐷
8 462 0.789865

𝐷
9 55 0.704687

𝐷
10 70 0.806162

Mean 0.76139

Material III. For clarity, we plotted an IFS-curve for each
dataset𝐷

𝑖
, which is referred to as IFS-curve-𝐷

𝑖
. The five IFS-

curves for 𝐷
1
, 𝐷
2
, 𝐷
3
, 𝐷
4
, and 𝐷

5
are shown in Figure 1(a),

while the other five IFS-curves for 𝐷
6
, 𝐷
7
, 𝐷
8
, 𝐷
9
, and 𝐷

10

are shown in Figure 1(b); the ten IFS-curves that are plotted in
separate coordinates are available in Supplementary Material
IV. Generating the maximum MCC for each dataset from
Supplementary Material III and IV (listed in column 3 of
Table 2) was a straightforward process. Clearly, most MCCs
are in the range 0.7 to 0.8, and the mean value was 0.76139.
As mentioned in Section 2.5, the features used to obtain
the maximum MCC compose the optimal feature set. The
number of features in the optimal feature set for each dataset
is listed in column 2 of Table 2. The results for dataset𝐷

1
are

described as follows. The maximumMCC for the dataset 𝐷
1

is 0.712699 (listed in row 2 and column 3 of Table 2) using
the first 344 (listed in row 2 and column 2 of Table 2) features
in the mRMR features list of dataset 𝐷

1
(see Supplementary

Material II).

3.3. Analysis of the Optimal Feature Set. Asmentioned in Sec-
tion 3.2, we generated an optimal feature set for each dataset,
thereby obtaining 10 optimal feature sets. We combined these
optimal feature sets to compose the final optimal feature
set, which includes 720 GO terms and 11 KEGG pathways
that are available in Supplementary Material V. To discern
the distribution of these 731 optimal features, we counted
the number of optimal feature sets containing each of 731
features. Figure 2 shows the number of features against the
number of optimal feature sets, from which we can see that
400 featureswere exactly contained in one optimal feature set,
131 featureswere exactly contained in twooptimal feature sets,
while others were contained in at least three optimal feature
sets. Accordingly, 45.28% (331/731) features were contained
in at least two optimal feature sets, indicating that different
datasetsmay induce some common features. It also suggested
that some important features for distinguishingAMD-related
genes were contained in the final optimal feature set. In
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Figure 1: IFS-curve for each dataset. Specifically, (a) shows the IFS-curves for the datasets 𝐷
1
, 𝐷
2
, 𝐷
3
, 𝐷
4
, and 𝐷

5
, while (b) shows the IFS-

curves for the datasets 𝐷
6
, 𝐷
7
, 𝐷
8
, 𝐷
9
, and 𝐷

10
. The 𝑦-axis represents Matthews’s correlation coefficient (MCC), and the 𝑥-axis represents

the number of features involved in the classification model.
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Figure 2: The number of features against the number of optimal
feature sets.

the following sections, features in the final optimal feature set
were discussed.

3.3.1. GO Number and Percentage. It is known that GO
terms can be divided into the following three types: (1)
biological process (BP) GO term, (2) cellular component
(CC)GO term, and (3)molecular function (MF)GO term. To
efficiently discern the biological meanings and characterize
the functional essentiality of the GO terms in the final
optimal feature set, we considered the children terms of the
aforementioned three types. For clarity, let 𝑆

𝑜
be the 720 GO

terms in the final optimal feature set and 𝑆 be the children
terms of any children term of BP GO term, CC GO term, or
MF GO term. To display the distribution of the GO terms
in 𝑆
𝑜
, we calculated the frequency and percentage for each

children term of BP GO term, CC GO term, or MF GO term
which were defined as |𝑆

𝑜
∩ 𝑆| and |𝑆

𝑜
∩ 𝑆|/|𝑆|, respectively.

Figures 3–8 display the frequency and percentage of children
terms of BP GO term, CC GO term, or MF GO term in the
final optimal feature set.

(1) BP GO Terms. In Figure 3, based on the BP term
frequencies, the top five biological process terms are (I) GO:
0009987: cellular process (382); (II) GO: 0065007: biological
regulation (301); (III) GO: 0050789: regulation of biological
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Figure 3: Frequency of children terms of biological process GO
terms in the final optimal feature set.
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Figure 4: Percentage of children terms of biological process GO
terms in the final optimal feature set.

process (269); (IV) GO: 0008152: metabolic process (247);
and (V) GO: 0050896: response to stimulus (152).

The top four BP terms may indicate that these biological
processes are necessary tomaintain normal cellular functions
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Figure 5: Frequency of children terms of cellular component GO
terms in the final optimal feature set.
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Figure 6: Percentage of children terms of cellular component GO
terms in the final optimal feature set.

and may lead to AMD due to aberrant behavior in relevant
cells.

“Response to stimulus” refers to any process that results
from a stimulus, which leads to a change in a state or activity,
such as movement and secretion.
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Figure 7: Frequency of children terms of molecular function GO
terms in the final optimal feature set.
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Figure 8: Percentage of children terms of molecular function GO
terms in the final optimal feature set.

For the BP term percentages, as shown in Figure 4, the
top five biological process terms are (I) GO: 0001906: cell
killing (7.25%); (II) GO: 0040011: locomotion (4.00%); (III)
GO: 0002376: immune system process (3.99%); (IV) GO:
0022610: biological adhesion (3.88%), and (V) GO: 0048518:
positive regulation of a biological process (2.72%).

Biological adhesion between substrate and cells
modulates several critical cellular processes, such as cell
locomotion and gene expression [59]. Biological adhesion-
and locomotion-related gene dysfunction may result in
AMD. Previous research has shown that the immune system,
particularly the complement system, is relevant to AMD.
Genetic studies also indicate that several complement-related
genes, including CFH, complement component 2, complement
component 3, CFHR1, and CFHR3, are highly associated with
AMD [60]. Further, complement can enhance the generation
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of VEGF (vascular endothelial growth factor), which may
strongly facilitate AMD development [61]. Histological
studies show the presence of macrophages, lymphocytes,
mast cells, and fibroblasts in both atrophic lesions and with
retinal neovascularization [61].

(2) CCGO Terms. In Figure 5, for the cellular component GO
term frequency, the top five CC terms are (I) GO: 0005623:
cell (80); (II) GO: 0044464: cell part (64); (III) GO: 0032991:
macromolecular complex (27); (IV) GO: 0043226: organelle
(24); and (V) GO: 0005576: extracellular region (18). Cell, cell
part, organelle, and macromolecular complex inclusion may
be attributed to large base numbers of these GO terms.

For the percentage of cellular component terms, as
shown in Figure 6, the top five CC terms include (I) GO:
0044420: extracellularmatrix part (14.29%); (II)GO: 0031012:
extracellularmatrix (13.13%); (III) GO: 0044421: extracellular
region part (6.94%); (IV) GO: 0005576: extracellular region
(6.74%); and (V) GO: 0005623: cell (1.96%).

From the distribution of CC terms, except for the cell
term (GO: 0005623), the top four CC terms are associated
with the extracellular matrix. Moreover, the extracellular
region is relevant to cell adhesion and locomotion, which
were mentioned in the biological process GO terms.

The results are also consistent with a recent GWAS study,
which identified several new loci with enrichment for genes
involved in the extracellular matrix and other activities [18].
Structural damage of extracellular matrix in retinal cells may
lead to break point of AMD [62]. Matrix metalloproteinases
result in extracellular matrix degradation and are highly
related to AMD pathogenesis [63]. Therefore, taken together,
these facts suggest that the extracellular matrix plays an
important role in AMD.

(3) MF GO Terms. In Figure 7, based on the frequency of
molecular function terms, the top five MF terms are (I) GO:
0003824: catalytic activity (89); (II) GO: 0005488: binding
(72); (III) GO: 0000988: protein binding transcription factor
activity (34); (IV) GO: 0004872: receptor activity (34); and
(V) GO: 0060089: molecular transducer activity (26).

MF terms related to catalytic activity and binding were
highlighted partly due to the large base numbers of these
terms. However, this finding may suggest that genes assigned
to these two terms are essential to maintain normal function.
For example, matrix metalloproteinases, which can degrade
extracellular matrix proteins, play an important role in
AMD [63]. In addition, highlighting receptor activity and
molecular transducer activity indicates that abnormal cellular
signal pathway behaviors are involved in AMD patients. For
example, the Aryl hydrocarbon receptor, which is responsible
for clearing cellular debris and for toxin metabolism, is
essential to maintaining normal function in RPE cells, and
deficiency of this receptor causes AMD in mice [64].

For the percentage of molecular function terms, as shown
in Figure 8, the top five MF terms are (I) GO: 0005198: struc-
tural molecule activity (11.76%); (II) GO: 0016209: antioxi-
dant activity (11.54%); (III) GO: 0016247: channel regulator
activity (8.33%); (IV) GO: 0030545: receptor regulator activ-
ity (5.00%); and (V) GO: 0004872: receptor activity (4.72%).

To our surprise, receptor activity was highlighted in both the
frequency andpercentage ofmolecular function terms,which
is further evidence of the important role that receptor activity
plays in AMD. Antioxidant activity is also highlighted, and
oxidative stress [6] is a risk factor correlated with AMD.
Channel regulator activity and structural molecule activity
may also be involved in AMD.

3.3.2. The KEGG Pathways in the Final Optimal Set. Based
on the final optimal set, we obtained 11 KEGG pathways,
which are (I) hsa00290 (valine, leucine, and isoleucine
biosynthesis); (II) has00450 (selenocompound metabolism);
(III) hsa00512 (mucin-type O-glycan biosynthesis); (IV)
hsa03013 (RNA transport); (V) hsa04145 (phagosome); (VI)
hsa04610 (complement and coagulation cascades); (VII)
hsa04962 (vasopressin-regulated water reabsorption); (VIII)
hsa05133 (pertussis); (IX) hsa05146 (viral myocarditis); and
(X) hsa05150 (Staphylococcus aureus infection); and (XI)
hsa05416 (viral myocarditis).

Valine, leucine, and isoleucine biosynthesis (hsa00290)
and selenocompound metabolism (hsa00450) are related to
amino acid metabolism. Mucin-type O-glycan biosynthe-
sis is associated with modifications of serine or threonine
residues of certain proteins. RNA transport from nucleus to
cytoplasm is also essential for gene expression. These terms
may not be the key factors in AMD, but they may give
us suggestions about the AMD development. Phagosome
(hsa04145) is also associated with AMD. There are various
forms of cell death and phagocytosis in the retina [65]. But
failure of retinal pigment epithelial cells and macrophages to
phagocytize dying retinal pigment epithelial cells may result
in drusen formation and development of AMD [66]. The
underlying mechanism of AMD is still unclear, but many
studies have highlighted the essential role of the immune
system in the development and progression of AMD [67].
Previous studies have revealed a strong association between
complement pathway and AMD [20]. Several complement
genes including complement 2 (C2) and complement 3 (C3)
have been strongly associated with AMD [12, 68]. Except
vasopressin-regulated water reabsorption, viral myocarditis
(hsa05146) and Staphylococcus aureus infection (hsa05150)
are all correlated with immunity, which further emphasizes
the effect of immunity in AMD.

4. Conclusions

In this study, we performed GO and KEGG enrichment
analyses of AMD-related genes. The results suggest that 720
GO terms and 11 KEGG pathways are important factors that
contribute to identifying AMD-related genes.
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For the purpose of improving the prediction of cancer prognosis in the clinical researches, various algorithms have been developed
to construct the predictive models with the gene signatures detected by DNAmicroarrays. Due to the heterogeneity of the clinical
samples, the list of differentially expressed genes (DEGs) generated by the statistical methods or the machine learning algorithms
often involves a number of false positive genes, which are not associated with the phenotypic differences between the compared
clinical conditions, and subsequently impacts the reliability of the predictive models. In this study, we proposed a strategy, which
combined the statistical algorithm with the gene-pathway bipartite networks, to generate the reliable lists of cancer-related DEGs
and constructed the models by using support vector machine for predicting the prognosis of three types of cancers, namely, breast
cancer, acute myeloma leukemia, and glioblastoma. Our results demonstrated that, combined with the gene-pathway bipartite
networks, our proposed strategy can efficiently generate the reliable cancer-relatedDEG lists for constructing the predictivemodels.
In addition, the model performance in the swap analysis was similar to that in the original analysis, indicating the robustness of
the models in predicting the cancer outcomes.

1. Introduction

In the past decade, DNA microarray technology has been
widely used in clinical researches to predict the cancer
outcomes because of its capability ofmonitoring tens of thou-
sands of genes simultaneously [1–9]. Accurately identifying
the genes, for which the changes of their expression levels
are significantly correlated with the phenotypic differences
between the clinical conditions, plays an important role in
the procedure of clinical model construction. The statistical
methods and the machine learning algorithms that are rou-
tinely used for gene selectionmainly identify the differentially
expressed genes (DEGs) according to the changes of the gene
expression levels between the compared biological samples.
However, because of the heterogeneity of the clinical samples,
the changes of the gene expression levels may be not only
caused by the changes in the status of the cancer cells but
also by those of the cells unrelated to the cancers. In addition,

the intensities detected by the microarrays for a gene will
vary to some extent among the technical replicates due
to the complex procedures of the microarray experiment,
such as labeling, hybridization, and scanning. Consequently,
the DEG list generated by the statistical methods or the
machine learning algorithms often involves a number of false
positive genes, which are not associated with the phenotypic
differences between the compared clinical samples, and
subsequently impacts the reliability of the predictive models.

The network-based methodologies can efficiently inte-
grate the biological information with the computational
techniques and link the disease-related genes to relevant
proteins and disease types. In recent years, the network-based
methodologies have been successfully introduced into the
systems biology researches for drug discovering [2], identify-
ing disease-related genes [10–15], and revealing themolecular
mechanisms of tumorigenesis [16–19]. In clinical researches,
the prediction models constructed with the cancer-related
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gene markers, which were selected only by the statistical
methods or the machine learning algorithms, cannot ensure
the accuracy and the reproducibility in predicting the clinical
outcomes of cancer patients. Therefore, for the sake of
improving the model performance and interpreting the bio-
logical relevance of the gene markers and the specific cancer,
a number of network-based algorithms were developed to
prioritize the prognostic genes [20–38].

In our study, a new strategy, which combined the sta-
tistical algorithm with a gene-pathway bipartite network,
was proposed to prioritize the reliable gene signatures and
the supported vector machine (SVM) was used to construct
the models for predicting the clinical outcomes of cancer
patients. The DEG list was firstly generated by the statistical
methods, for example, Student’s t-test. Then, the bipartite
network that connected the genes and the cancer-related
pathways was constructed to score each of the DEGs accord-
ing to its connectivity in the network. Finally, the DEGs were
ranked by the scores in descending order and those, for which
the scores were greater than a given cutoff, were selected as
features for predicting the cancer prognosis.

To evaluate the performance of the predictive models
with the gene signatures generated by our strategy, three data
sets including the gene expression data of the clinical samples
collected from the patients of breast cancer, acute myeloma
leukemia, and glioblastoma were downloaded from the gene
expression omnibus (GEO) database. Gene signatures sepa-
rately identified from these data sets by our strategywere used
as features to predict the reoperative treatment response of
breast cancer, the overall survival milestone outcome of acute
myeloma leukemia, and the molecular subclasses of high-
grade glioblastoma. The results of predicting the reoperative
treatment response of breast cancer and the overall survival
milestone outcome of acute myeloma leukemia showed that
our models performed better than those reported by the
data contributors. In addition, the accuracy of predicting
the molecular subclasses of high-grade glioblastoma was as
high as 87.5%. In the swap analysis, we repeated the model
construction and validation process by training the models
with the original independent test set and validating them
using the original training set with the same gene signatures
prioritized in the original analysis. The prediction results
were similar to those achieved in original analysis, indicating
the robust model performance on predicting the cancer
prognosis when using the gene signatures identified by our
proposed strategy.

2. Materials and Methods

2.1. Data Sets. All microarray gene expression data (series
MATRIX files) generated from the clinical samples of breast
cancer, acute myeloma leukemia, and glioblastoma and the
corresponding clinical information were downloaded from
the National Center for Biotechnology Information’s Gene
Expression Omnibus (GEO) database (series accession num-
bers: GSE16716, GSE12417, and GSE13041).

In the human breast cancer data set [4, 9], the gene
expression data of 230 clinical samples were generated

by using Affymetrix Human Genome U133A (HG-U133A)
microarrays, which included 22,283 probesets. In light of
the data analysis protocol in MicroArray Quality Control
(MAQC)-II Project [9], the gene expression data generated
from 130 out of 230 clinical samples of breast cancer patients
were used as training set and the rest of the 100 cases were
used as independent test set. The response to preoperative
chemotherapy, which was divided into two subcategories of
no residual invasive cancer in the breast or lymph nodes
(pCR) and residual invasive cancer (RD), was used as the
clinical endpoint for prediction [4].

The acute myeloma leukemia data set included the gene
expression profiling of the clinical samples of 242 patients
with cytogenetically normal acute myeloid leukemia (CN-
AML) [39]. In the training set, the gene expression data
of 163 clinical samples were generated by using Affymetrix
Human Genome U133A&B (HG-U133A&B) microarrays,
which included a total of 44,760 probesets. The gene expres-
sion data of 79 clinical samples in the independent test
set were generated by using HG-U133Plus2 microarrays.
During the calculation procedure, we only used 44,693
common probesets between HG-U133A&B chips and HG-
U133Plus2 chips for the DEG selection and predictive model
construction. The clinical endpoint of overall survival times
was dichotomized with a “milestone” cutoff because the
continuous endpoint values cannot be predicted by the binary
classificationmodels. By considering the balance between the
number of positive samples and that of negative samples,
the patients with the survival time less than one year were
categorized into the “high-risk” group and the rest with the
survival time equal to or longer than one year were assigned
to the “low-risk” group. In addition, a patient was excluded
from the data set if the survival time was less than one-year
milestone cutoff and censored when he/she was still alive.
Eventually, there were 152 patients in the training set and 77
patients in the independent test set.

The gene expression data in the glioblastoma data set
[7] were generated by using HG-U133A microarrays. In
glioblastoma research, a subcategory of glioblastoma termed
ProNeural (PN) was highly related to better survival progno-
sis when compared to other subcategories [6]. In our study,
we collected 50 patients belonging to the PN subcategorywith
amean survival of 924 days and 50 patients belonging to non-
PN subcategory with a mean survival of 150 days. Among
these patients, 60 of them, which included 30 patients in PN
subcategory and 30 in non-PN subcategory, were randomly
assigned to the training set and the rest were used as the
independent test set. A predictive model was constructed to
discriminate the PN and non-PN categories based on the
microarray gene expression data.

2.2. Probesets Mapping. For Affymetrix microarray plat-
forms, a gene may be detected by multiple probesets. Before
identifying DEGs, we mapped the multiple probesets to a
unique HUGO gene symbol by using the probeset with the
highest fold change value between two groups of samples.
Accordingly, 22,283 probesets involved in the data sets of
breast cancer and glioblastomaweremapped to 11,285 unique
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genes and 44,693 common probesets involved in the acute
myeloma leukemia data set were mapped to 14,892 unique
genes, respectively.

2.3. Identification of Differentially Expressed Genes. Student’s
t-test, which can assess how significant a gene is differentially
expressed in two compared phenotypes, was used in our
study for the DEG selection.The 𝑃 value for each of the genes
was calculated by t-test and directly used for gene filtering
without multiple-testing correction. Only the genes with 𝑃 <
0.05 were kept. To ensure the reproducibility of the DEG
lists generated by the t-test, a fold change ranking is usually
applied to refining the genes with 𝑃 < 0.05. These genes were
ranked by their fold changes (the expression intensity of a
gene in sample A/its expression intensity in sample B). Only
the genes with fold change >1.5 (FC > 1.5) or fold change
<0.667 (FC < 0.667) were kept for the subsequent analysis.
Note that, in some microarray studies of clinical samples,
only a few genes can meet the fold change cutoff because of
the minor phenotypic differences between the two groups of
clinical samples.

2.4. Construction of Gene-Pathway Bipartite Network. For
the purpose of screening out the genes unassociated with
the phenotypic differences, we constructed a gene-pathway
bipartite network, which can be used to score the genes
according to their connections [40] to the cancer-related
signaling pathways. All the cancer-related pathways were
collected from Kyoto Encyclopedia of Genes and Genomes
(KEGG) pathway database and listed in Table 1. The first six
pathways reflected the overview of cancers and the rest were
correlated with the specific types of cancers.

The bipartite network was a particular class of complex
networks, in which the nodes were divided into two groups
and the connections only existed between two nodes in
different groups [41]. So, the nodes in the gene-pathway
bipartite network were genes or pathways and were divided
into two groups of gene set and pathway set, respectively.
The connections between genes and pathways indicated (1)
which genes were involved in a specific pathway and (2)
which pathways included a specific gene. We scored each
of the genes with a weighting method proposed by Zhou et
al. [42]. Let us consider a gene-pathway bipartite network
𝑁(G,P,E), where𝐺 and𝑃 represent the gene set and pathway
set, respectively. E is the set of connections between genes
and pathways. The genes and pathways in G and P were
denoted by 𝑔
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𝑎
𝑖𝑙

𝑘 (𝑝
𝑙
)

𝑛

∑

𝑗=1

𝑎
𝑗𝑙
𝑠
0

𝑘 (𝑔
𝑗
)

=

𝑛

∑

𝑗=1

𝑐
𝑖𝑗
𝑠
0
(𝑖 = 1, 2, . . . , the number of genes in 𝐺) ,

(5)

where

𝑐
𝑖𝑗
=
1

𝑘 (𝑔
𝑗
)

𝑚

∑

𝑙=1

𝑎
𝑖𝑙
𝑎
𝑗𝑙

𝑘 (𝑝
𝑙
)
. (6)

The matrix C = {𝑐
𝑖𝑗
}
𝑛×𝑛

represented the weighted G
projection. In our study, the DEGs were firstly selected by
the statistical methods and subsequently ranked by the scores
S (S = {𝑠

1
, 𝑠
2
, . . . , 𝑠

𝑛
}). Only the DEGs with 𝑠 ≥ 1 were kept

as features for the construction of the predictive models.

2.5. Model Construction for Clinical Endpoints Prediction.
The binary classification models for predicting the clinical
endpoints were constructed by using support vector machine
(SVM), which is a popular learning machine based on
statistical learning theory [43, 44]. In our study, radial basic
function was used as the kernel function in SVM. The regu-
larization parameter 𝑐 and the kernel width parameter 𝜎were
optimized by a grid search approach. For each of the clinical
endpoints, the SVM model was built by using the training
set and leave-one-out cross-validation and validated by the
independent test set. Four performance metrics, namely,
specificity, sensitivity, accuracy, and Matthew’s correlation
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Table 1: The 20 cancer-related signaling pathways collected from KEGG database for the construction of gene-pathway bipartite network.

Pathway entry KEGG pathway name Number of genes
hsa05200 Pathways in cancer 327
hsa05202 Transcriptional misregulation in cancer 179
hsa05203 Viral carcinogenesis 206
hsa05204 Chemical carcinogenesis 80
hsa05205 Proteoglycans in cancer 225
hsa05206 MicroRNAs in cancer 296
hsa05210 Colorectal cancer 62
hsa05211 Renal cell carcinoma 66
hsa05212 Pancreatic cancer 66
hsa05213 Endometrial cancer 52
hsa05214 Glioma 65
hsa05215 Prostate cancer 89
hsa05216 Thyroid cancer 29
hsa05217 Basal cell carcinoma 55
hsa05218 Melanoma 71
hsa05219 Bladder cancer 38
hsa05220 Chronic myeloid leukemia 73
hsa05221 Acute myeloid leukemia 57
hsa05222 Small cell lung cancer 86
hsa05223 Non-small-cell lung cancer 56

coefficient (MCC), were considered formodel evaluation and
defined as follows:

Specificity = TN
FP + TN

,

Sensitivity = TP
TP + FN

,

Accuracy = TP + TN
TP + FP + TN + FN

,

MCC = (TP × TN − FP × FN)

× ((TP + FP) × (TP + FN)

× (TN + FP) × (TN + FN))−1/2,

(7)

where TP, FP, TN, and FN represent true positive, false
positive, true negative, and false negative, respectively. In
addition, the areas under the ROC curves (AUCs) were
also provided for evaluating the performance of the models
on the prediction of the survival milestone outcomes of
AML patients and the molecular subclasses of high-grade
glioblastoma. The software libsvm 3.17 [45] used in our
study for SVM modeling can be freely downloaded from the
website http://www.csie.ntu.edu.tw/∼cjlin/libsvm/.

3. Results

3.1. Model Performance on Predicting the Reoperative Treat-
ment Response of Breast Cancer. According to the data
analysis protocol in MAQC-II project, 130 clinical samples of
breast cancer patients were assigned to training set and the
rest of the 100 clinical samples were used as independent test

set. By comparing the gene expression profiles of the samples
in pCR subcategory with those in RD subcategory in training
set, 1010 genes with 𝑃 value < 0.05 and |log

2
FC| > 0.585 were

selected as DEGs and used to construct the gene-pathway
bipartite network. Based on the connections between the
DEGs and the cancer-related KEGG pathways, 1010 DEGs
were scored by a weighted method and then 29 DEGs with
the scores ≥1 were kept as features for model construction.
The gene-pathway bipartite network, which connected the
29 DEGs with the 20 cancer-related KEGG pathways, was
shown in Figure 1. It can be seen from Figure 1 that the gene
CCND1, which was ranked 1st in the 1010 DEGs, had the
most connections to the cancer-related pathways, indicating
it was an important feature for the prediction of the clinical
endpoint of breast cancer.

A SVM model was constructed by using the training
set and leave-one-out cross-validation. The best parameters
of 𝑐 and 𝜎 were 2 and 0.03125, respectively. The prediction
results of training set and independent test set were listed in
Table 2. In swap analysis, we repeated themodel construction
and validation process by training the models with the
original independent test set and validating them using the
original training set with the same 29 DEGs identified in the
original analysis. Meanwhile, the prediction results achieved
by MAQC-II candidate models were also listed in Table 2.
Compared with the MAQC-II candidate models, our model
was more robust and superior in predicting the breast cancer
outcomes.

3.2. Model Performance on Predicting the Overall Sur-
vival Milestone Outcome of Acute Myeloma Leukemia. By
comparing the gene expression profiles of the clinical samples
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Figure 1: The gene-pathway bipartite network constructed with 29 gene signatures that were used for predicting the reoperative treatment
response of breast cancer.

Table 2: The results of predicting the reoperative treatment response of breast cancer in original and swap analyses.

Our model MAQC-II candidate model
SP SE ACC MCC SP SE ACC MCC

Original analysis Training 0.928 0.455 0.808 0.444 0.847 0.569 0.775 0.433
Validation 0.882 0.467 0.820 0.332 0.729 0.667 0.720 0.301

Swap analysis Training 0.988 0.200 0.870 0.343 0.899 0.522 0.837 0.454
Validation 1.000 0.152 0.785 0.343 0.959 0.212 0.769 0.267

In the prediction, pCR was defined as positive sample.
SP, SE, ACC, and MCC represented specificity, sensitivity, accuracy, and Matthew’s correlation coefficient, respectively.
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Figure 2:The gene-pathway bipartite network constructedwith 50 gene signatures that were used for predicting the overall survivalmilestone
outcome of acute myeloma leukemia.

between the high-risk patients and the low-risk patients in the
training set, 3234 genes with 𝑃 value < 0.05 were selected as
DEGs.These DEGs were used to construct the gene-pathway
bipartite network and ranked by their scores calculated by
the weighted method. At last, 50 DEGs with the scores ≥1
were used as features for the subsequent model construction.
The gene-pathway bipartite network of 50DEGs connected to
the 20 cancer-related KEGGpathways was shown in Figure 2.
The geneMAPK1 was ranked 1st in the DEG list and had the
most connections to the cancer-related pathways.

In both original and swap analyses, the best parameters
of 𝑐 and 𝜎 optimized for SVM models were 512 and 0.00195,
respectively. The prediction results achieved by our models
were listed in Table 3. For the convenience of comparison, we
built the SVMmodels in the original and swap analyses with
the expression signatures of 86 probesets proposed by the
data contributors [39] and summarized the prediction results
(Table 3). In general, our model performed similarly to the
86-probeset model in the original analysis, while the MCC
achieved by our model with the validation set in the swap
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Table 3: The results of predicting the overall survival milestone outcome of acute myeloma leukemia in original and swap analyses.

Our model 86-probe-set model
SP SE ACC MCC AUC SP SE ACC MCC AUC

Original analysis Training 0.697 0.837 0.776 0.542 0.776 0.758 0.733 0.743 0.486 0.746
Validation 0.574 0.600 0.584 0.170 0.587 0.362 0.800 0.532 0.172 0.581

Swap analysis Training 0.830 0.700 0.779 0.533 0.765 1.000 0.433 0.779 0.564 0.717
Validation 0.545 0.756 0.664 0.308 0.655 0.712 0.523 0.605 0.236 0.618

In the prediction, high-risk patient was defined as positive sample.
AUC represented the area under the ROC curve.
See notes under Table 2 for more information.
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Figure 3: The gene-pathway bipartite network constructed with 62 gene signatures that were used for predicting the molecular subclasses of
high-grade glioblastoma.

analysis was 0.308, which was higher than that achieved by
the 86-probeset model.

3.3. Model Performance on Predicting theMolecular Subclasses
of High-Grade Glioblastoma. For the high-grade glioblas-
toma data set, 2712 genes with 𝑃 value < 0.05 were selected as
DEGs and 62 of them with scores ≥1 were used to construct
the SVM models. The gene-pathway bipartite network of 62

DEGs connected to the 20 cancer-related KEGG pathways
was shown in Figure 3. The gene KRAS was ranked 1st in the
DEG list and had the most connections to the cancer-related
pathways.The best parameters of 𝑐 and 𝜎 optimized for SVM
models in original analysis were 8 and 0.00781, respectively,
and were 0.5 and 0.125 in swap analysis, respectively. The
prediction results in original and swap analyses were listed
in Table 4. In the original analysis, the prediction accuracy
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Table 4: The results of predicting the molecular subclasses of high-grade glioblastoma in original and swap analyses.

Our model
SP SE ACC MCC AUC

Original analysis Training 0.900 0.900 0.900 0.800 0.900
Validation 0.750 1.000 0.875 0.775 0.875

Swap analysis Training 0.950 0.900 0.925 0.851 0.925
Validation 0.800 0.567 0.683 0.377 0.684

In the prediction, the gene expression profile termed ProNeural (PN) was defined as positive sample.
AUC represented the area under the ROC curve.
See notes under Table 2 for more information.

for the validation set was as high as 87.5% and similar
to that achieved in the training procedure, indicating the
superior performance of the SVM model in predicting the
molecular subclasses of high-grade glioblastoma. In the swap
analysis, the MCC for validation set was dropped to 0.377.
Thiswasmainly because the number of samples for themodel
construction was limited.

4. Discussion

In clinical researches, the microarray-based gene expression
profiling is often used to construct the models for predicting
cancer prognosis. Identifying theDEGs accurately plays a key
role in the procedure of clinical model construction. Current
statistical methods and machine learning algorithms used
for DEG selection only focus on the changes of the gene
expression levels between the two groups of clinical samples
instead of the causes behind these changes and subsequently
result in a number of false positive genes unrelated to the
phenotypic differences involved in the DEG list and the
predictive models becoming unreliable. In our current study,
we described a weighted method, which scored each of the
genes according to their connections to the cancer-related
pathways in the gene-pathway bipartite network, for the
purpose of refining the DEG list generated by the statistical
methods. By considering the two facts of (1) howmany genes
connected to a specific pathway and (2) how many pathways
involved a specific gene, all the DEGs in the bipartite network
were scored by the weighted method. The DEGs with scores
≥1 were considered as the specific cancer-related genes and
used to construct the predictive models.

In order to validate the performance of the predictive
models, the gene expression data of the clinical samples
were collected in our study to predict three clinical end-
points, namely, the reoperative treatment response of breast
cancer, the overall survival milestone outcome of acute
myeloma leukemia, and the molecular subclasses of high-
grade glioblastoma. For the prediction of reoperative treat-
ment response of breast cancer, 29 DEGs were selected from
the bipartite network as features to construct SVM models.
In both original and swap analyses, our model performed
(MCC = 0.332 and 0.343, resp.) better than the MAQC-II
candidate model (MCC = 0.301 and 0.267, resp.). Moreover,
in the swap analysis, the MCC achieved by our model in
training procedure (MCC = 0.343) was equal to that
achieved in validation procedure, indicating the robustmodel
performance.When predicting the overall survival milestone

outcome of acute myeloma leukemia, the performance of our
model with 50 DEGs was similar to that of the 86-probeset
model in original analysis. In the swap analysis, the MCC
achieved by our model (MCC = 0.308) was higher than
that (MCC = 0.236) achieved by the 86-probeset model.
As to the prediction of the molecular subclasses of high-
grade glioblastoma, 62 DEGs were used for SVM model
construction. The accuracy achieved in the original analysis
was as high as 87.5%.Meanwhile, themodel performance was
robust in the original analysis (MCC = 0.800 and 0.775 in
training and validation procedures, resp.). Note that, in the
swap analysis, the MCC for validation set was only 0.377.
This was mainly because the number of samples used for
model construction was limited. In the swap analysis, only 40
samples were used to construct the predictive model, which
was insufficient to ensure the reliability of the predictive
model.

5. Conclusions

In this study, we suggested a strategy to identify the gene sig-
natures, which not only were differentially expressed between
two groups of clinical samples but also highly correlated with
a specific cancer, from a gene-pathway bipartite network.
The predictivemodels constructed with these gene signatures
performed better than those models reported in previous
studies. Moreover, in both original and swap analyses, our
models achieved similar prediction results, indicating the
robust model performance on predicting the cancer progno-
sis.
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Objective. To discover risk factors formortality of patients with septic AKI in ICU via amulticenter study. Background. Septic AKI is
a serious threat to patients in ICU, but there are a few clinical studies focusing on this.Methods.Thiswas a prospective, observational,
and multicenter study conducted in 30 ICUs of 28 major hospitals in Beijing. 3,107 patients were admitted consecutively, among
which 361 patients were with septic AKI. Patient clinical data were recorded daily for 10 days after admission. Kidney Disease:
Improving Global Outcomes (KDIGO) criteria were used to define and stage AKI. Of the involved patients, 201 survived and 160
died. Results.The rate of septic AKI was 11.6%. Twenty-one risk factors were found, and six independent risk factors were identified:
age, APACHE II score, duration of mechanical ventilation, duration of MAP <65mmHg, time until RRT started, and progressive
KIDGO stage. Admission KDIGO stages were not associated with mortality, while worst KDIGO stages were. Only progressive
KIDGO stage was an independent risk factor. Conclusions. Six independent risk factors for mortality for septic AKI were identified.
Progressive KIDGO stage is better than admission or the worst KIDGO for prediction of mortality. This trial is registered with
ChiCTR-ONC-11001875.

1. Introduction

Globally, the incidence of acute kidney injury (AKI) has
increased steadily in recent years [1–4]. AKI is commonly
seen in critically ill patients in ICU [5, 6] and contributes to
the failure of other organs and systems in such patients [7].
The duration of AKI can be used to predict disease severity
and outcome [8] although even transient AKI is linked to
increased mortality [9]. The risk of death in AKI patients
shows an incremental increase corresponding to disease stage
[10]. Known risk factors of AKI include sepsis, critical illness,
circulatory shock, burns, trauma, cardiac surgery, chronic
diseases (heart, lung, and liver), major noncardiac surgery,
and nephrotoxic drugs [11].

The cause of AKI in critically ill patients is usually multi-
factorial; however, sepsis is one of the leading causes of AKI,
contributing to more than half of all reported cases [12–14].
The mechanism of sepsis-induced AKI is a complex combi-
nation of factors such as vascular and glomerular thrombotic
processes, inflammation, and shock and is distinct from non-
septic AKI [15–18]. Thus, the clinical presentation, outcome,
and responses to therapy may differ between septic and
nonseptic AKI. Septic AKI is coupled with a significantly
increased risk for hospital death, even after adjustment for
relevant covariates [19]. However, only a limited number of
clinical studies focusing on septic AKI in ICUs have been
reported [19–23].Thorough investigation is urgently required
to reveal the epidemiology, pathophysiology, clinical features,
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Figure 1: Study protocol flowchart.

and,more importantly, effective therapeuticmeasures for this
disorder to reduce its high mortality.

This study aimed to identify risk factors for mortality in
ICU patients with septic AKI and to evaluate the use of the
KDIGO staging system for the prediction of prognosis in this
group of patients, via a multicenter clinical study.

2. Material and Methods

Thisobservationalmulticenter studywas a retrospective anal-
ysis of prospectively collected data frompatients in 30 ICUs of
28 major hospitals in Beijing betweenMarch 1 and August 31,
2012, as a part of the BAKIT (Beijing AKI Trail) study. Study
subjects included all adult patients (age ≥ 18 years) admitted
consecutively to the ICU and who received care in the ICU
for at least 24 hours. Only the initial ICU admission was
considered in this study.The following patientswere excluded
from the study: patients with preexisting end-stage chronic
kidney disease, those already on RRT before admission to
ICU, and those who had received kidney transplantation in
the previous 3 months.

This study was approved by the Institutional Review
Board of the Ethics Committee of the lead study cen-
ter (Fu Xing Hospital, Capital Medical University, China),
which waived the requirement for informed consent for
this observational survey. Patient records/information were
anonymized and deidentified prior to analysis.

2.1. Case Identification. Nine hundred and seventeen patients
diagnosed with sepsis were identified [24]. AKI severity
was classified according to the KDIGO guidelines (Kidney
Disease: Improving Global Outcomes) [11], as follows: AKI
is defined by an increase in serum creatinine (SCr) by
≥26.5 𝜇mol/L within 48 hours or an increase of SCr of ≥1.5
times over baseline (which is known or presumed within the
prior 7 days) or urine volume <0.5mL/kg/h for 6 hours. AKI
is staged for severity (3 stages) based on the changes in SCr
and urine volume. Patients were staged according to SCr or
urine output or both, with the criteria leading to the highest

stage being used. Baseline SCr was the last value within the
preceding year. For patients without these values or without
renal failure, baseline SCr was estimated by the Modification
of Diet in Renal Disease (MDRD) equation [25], assuming
a glomerular filtration rate of 75mL/min/1.73m2 [6]. For
patients with chronic renal failure but not on dialysis, the
initial SCr value on admission was used as the baseline value
[6].

2.2. Data Collection. A uniform case report form (CRF)
was used to collect data. Standard demographic, clinical,
and laboratory data collected in the ICU included age, sex,
dates and source of admission, BMI, blood pressure, duration
of ICU stay, comorbidities, nonrenal organ failures, daily
fluid input and output, and serum creatinine. The use of
interventions, such as RRT, mechanical ventilation, loop
diuretic therapy, and vasoactive agents, was also recorded.

Severity of illness was assessed by the Acute Physiology
and Chronic Health Evaluation (APACHE) II score and
Sequential Organ Failure Assessment (SOFA) scores, which
were calculated based on the worst variables recorded during
the first 24 hours after ICU admission to evaluate patient
status [26, 27]. AKI severity was evaluated by KDIGO
staging. Preexisting comorbidities were diagnosed based on
International Classification of Diseases (ICD-10). For all
patients included in the study, a thorough follow-up was
conducted for the first 10 days after ICU admission. Patient
status, laboratory data, interventions, and KDIGO stages
were recorded daily. End points of this study included death
or being transferred out of the ICU.

2.3. Definitions. Septic AKI was defined as sepsis-associated
AKI [20, 28, 29], which meant that sepsis was associated with
development and progression of AKI, so the patients (𝑛 =
235) with sepsis whose sepsis was not associated with AKI
were excluded (Figure 1). We defined sepsis according to the
AmericanCollege of Chest Physicians and the Society of Crit-
ical Care Medicine(ACCP/SCCM) consensus [24, 30]. Based
on this consensus, SIRS is defined as temperature >38∘C
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or <36∘C, heart rate >90/min, respiratory rate >20/min or
PaCO2 <32mmHg, and white blood cell count >12,000/mm3
or <4,000/mm3 or with >10% bands. Sepsis was defined as a
condition in which the patient met the criteria for SIRS and
presented with either a documented or suspected infection.
Admission KDIGO refers to the KDIGO stage on the first
day of admission, while worst KDIGO refers to the worst
KDIGO stage reached by a patient during their ICU stay.
ICU-acquired AKI was defined as the development of AKI
at 24 hours or more after admission, with the absence of
AKI prior to admission. Progressive AKI was defined as
patients reaching a higher KDIGO stage compared with the
admission KDIGO stage at any time during their ICU stay.
Vasoactive agents used in this study included epinephrine,
norepinephrine, dopamine, and dobutamine. Large-dose
vasopressor was defined as norepinephrine or epinephrine
administered at a dose of >0.1 𝜇g/kg/min, or dopamine or
dobutamine administered at a dose of >15 𝜇g/kg/min, or
any two or more drugs in combination. Hospital acquired
infection was defined as the development of an infection
within 48 hours after hospital admission, which was not
presented or incubating at the time of admission to the
hospital.

2.4. Statistical Analysis. SPSS software (version 15.0) was
used for data analysis. All variables were tested for normal
distribution using the Kolmogorov-Smirnov test. Normally
or near normally distributed variables are presented as
means and SD, nonnormally distributed continuous data
are presented as medians and interquartile ranges (IQR).
Student’s 𝑡-test was used for analysis of continuous variables.
Mann-Whitney 𝑈 test was used for nonnormally distributed
variables. Categorical variables were compared with the chi-
square test or Fisher’s exact test. A 2-tailed 𝑃 < 0.05 was
considered statistically significant. Logistic regression was
used to analyze risk factors for mortality. All variables with
a 𝑃 value <0.001 were included in the multivariate model.
Backward selection based on the likelihood ratio test was
used to select the final multivariate model for risk factors of
mortality.

3. Results

3.1. Patient Characteristics. During the 6-month study
period, a total of 3,107 patients were admitted to the 30
ICUs involved in this study, of which 29.5% (917/3,107) were
diagnosed with sepsis. Of these patients, 39.4% (361/917) of
patients were diagnosed with septic AKI; among which 55%
(201/361) of patients survived and 44.4% (160/361) died. The
rate of septic AKI among all subjects was 11.6% (361/3,107)
(Figure 1). The average age was 70.54 ± 16.04 years, and
64.0% were male. Average BMI was 23.16 ± 3.82 and 37.7%
were identified as hospital acquired infections. The average
first 24 h APPACHE II score in the ICU was 23.59±7.87, and
the first 24 h SOFA score was 10.49 ± 5.40. The age, sex, BMI,
hospital acquired infection, ways of admission, duration in
ICU, nonrenal organ failure, comorbid diseases, and first
24 h APACHE II and SOFA scores in the ICUwere compared
between survivors and nonsurvivors. The age (𝑃 < 0.001),

hospital acquired infection (𝑃 = 0.001), surgical admission
(𝑃 = 0.004) and emergency admission (𝑃 = 0.003), systolic
heart failure (𝑃 = 0.007), malignancy (𝑃 = 0.031), heart
function level IV (𝑃 = 0.021), first 24 h APACHE II score
(𝑃 < 0.001), and SOFA score (𝑃 < 0.001) in the ICU were
associated with mortality (Table 1).

3.2. Disease Progression in the ICU. Disease progression was
observed consecutively in the first 10 days after admission to
the ICU in this study, and key interventions and parameters
were recorded and analyzed. In total, 78.9% of septic AKI
patients were on mechanical ventilation, 35.5% of patients
needed RRT. Data on mechanical ventilation, fluid balance,
hemodynamic data, and duration of vasoactive agent admin-
istration, loop diuretic therapy, and RRT were compared
between survivors and nonsurvivors. Mechanical ventilation
(𝑃 < 0.001) and its duration (𝑃 < 0.001), daily fluid balance
(𝑃 = 0.001), duration of MAP <65mmHg (𝑃 < 0.001),
days on vasopressors (𝑃 < 0.001) and high-dose vasopressors
(𝑃 < 0.001), RRT (𝑃 = 0.007), and time interval between ICU
admission and RRT initiation (𝑃 < 0.001) were associated
with patient outcomes (Table 2).

3.3. KDIGO Stages and Patient Outcome. During the first
10 days of ICU care, renal function of the patients was
evaluated once a day according to KDIGO stage in this study.
A flowchart of the progression of AKI in the ICU measured
by KDIGO stages is shown in Figure 2. On admission, 27.7%
(100/361) of all patients were at KDIGO stage 0, 29.9%
(108/361) were at stage 1, 17.2% (62/361) were at stage 2,
and 25.2% (91/361) were at stage 3. For the worst KDIGO
stages, none of the patients were at stage 0, 20.8% (75/361)
of patients were at stage 1, 25.5% (92/361) were at stage 2,
and 53.7% (194/361) were at stage 3. AdmissionKDIGO stages
were not linked to patient outcome, while the worst KDIGO
stages were. According to our data, patients categorized into
KDIGO stages 1, 2, and 3 by the worst KDIGO stages were
strongly associated with patient outcome (𝑃 < 0.001, 𝑃 =
0.038, and 𝑃 < 0.001, resp.). ICU-acquired AKI was not
linked to disease outcome (𝑃 = 0.110). Progressive AKI was
associated with mortality (𝑃 < 0.001) (Table 3). Mortality
rates for patients at different admission and theworst KDIGO
stages are shown in Figure 3.

3.4. Risk Factors for Mortality. To identify possible risk fac-
tors for mortality in ICU patients with septic AKI, univariate
analysis was performed for all the tested factors with a 𝑃
value <0.05. Multivariate regression analysis was performed
for all parameters with a 𝑃 value <0.001 in the univariate
analysis. Six independent risk factors were identified: age (OR
= 1.025, 95% CI (1.007–1.042), 𝑃 = 0.005), APACHE II score
(first 24 h in ICU) (OR = 1.072, 95% CI (1.037–1.109), 𝑃 <
0.001), duration of mechanical ventilation (OR = 1.080, 95%
CI (1.008–1.158), 𝑃 = 0.03), duration of MAP <65mmHg
(OR = 1.149, 95% CI (1.032–1.279), 𝑃 = 0.011), time interval
between ICU admission and RRT initiation (OR = 1.238, 95%
CI (1.115–1.374), 𝑃 < 0.001), and progressive KIDGO stage
(OR = 3.374, 95% CI (1.918–5.933), 𝑃 < 0.001) (Table 4).
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Table 1: Patient characteristics.

Survivors (𝑛 = 201) Nonsurvivors (𝑛 = 160) 𝑃 value
Age (years; median [IQR]) 72 (56–81) 78 (67–83) <0.001
Gender (male) 𝑛 (%) 131/201 (65.17%) 100/160 (62.50%) 0.264
BMI (mean ± SD) 23.50 ± 3.56 22.73 ± 4.09 0.058
Hospital acquired infection 𝑛 (%) 61/201 (30.35%) 75/160 (46.88%) 0.001
Admission, 𝑛 (%)

Surgical admission 38/201 (18.91%) 14/160 (8.75%) 0.004
Emergency 83/201 (41.29%) 56/160 (35%) 0.003

Duration in ICU
Days in ICU (days; median [IQR]) 9 (5–16) 9 (5–19) 0.737

Nonrenal organ failure, 𝑛 (%)
Respiratory failure 124/201 (61.69%) 112/160 (70%) 0.099
Systolic heart failure 11/201 (5.47%) 22/160 (13.75%) 0.007
Hypovolemia shock 17/201 (8.46%) 19/160 (11.88%) 0.282
Septic shock 80/201 (39.8%) 68/160 (42.50%) 0.604
DIC 13/201 (6.47%) 8/160 (5.00%) 0.554
Hepatic failure 12/201 (5.97%) 8/160 (5.00%) 0.500
MODS (nonrenal) 62/201 (30.85%) 65/160 (40.63%) 0.051

Comorbid disease, 𝑛 (%)
Malignancy 34/201 (16.92%) 43/160 (26.88%) 0.031
Hypertension/CHD 108/201 (53.73%) 94/160 (58.75%) 0.340
Diabetes mellitus 48/201 (23.88%) 33/160 (20.63%) 0.461
CKD without renal failure 11/201 (5.47%) 4/160 (2.50%) 0.160
CKD with renal failure 19/201 (9.45%) 21/160 (13.13%) 0.269
Immunosuppression 9/201 (4.48%) 7/160 (4.38%) 0.586
Organ transplant 5/201 (2.49%) 2/160 (1.25%) 0.47
Heart function level IV 14/201 (6.97%) 23/160 (14.36%) 0.021

APACHEII score, first 24 h in ICU (mean ± SD) 21.41 ± 7.74 26.32 ± 7.15 <0.001
SOFA score, first 24 h in ICU (mean ± SD) 9.42 ± 5.33 11.83 ± 5.21 <0.001
BMI: body mass index, RRT: renal replacement therapy, CKD: chronic kidney disease, ICU: intensive care unit, DIC: disseminated intravascular coagulation,
MODS:multiple organ dysfunction syndrome, CHD: chronic heart disease, SOFA: sequential organ failure assessment, APACHE: acute physiology and chronic
health evaluation.

Table 2: Data on disease progression in the first 10 days after admission to ICU.

Survivors (𝑛 = 201) Nonsurvivors (𝑛 = 160) 𝑃 value
Mechanical ventilation

Patients on mechanical ventilation 𝑛 (%) 145/201 (72.14%) 140/160 (87.5%) <0.001
Duration on mechanical ventilation (days; median [IQR]) 3 (0–7) 6 (3–10) <0.001

Fluid management
Duration for positive fluid balance (days; median [IQR]) 5 (3–7) 5 (3–7) 0.583
Daily fluid balance (mL/24 h) 654 ± 794 982 ± 1024 0.001

Hemodynamic data
Duration for MAP < 65mmHg (days; mean ± SD) 1.50 ± 1.98 2.42 ± 2.60 <0.001

Vasoactive agents
Days on vasopressors (median [IQR]) 1 (0–4) 3 (2–6) <0.001
Days on large-dose vasopressor (median [IQR]) 0 (0–3) 3 (0–5) <0.001
Loop diuretic therapy (days) (median [IQR]) 2 (0–6) 2 (1–5) 0.693

RRT
Need for RRT 𝑛 (%) 59/201 (29.35%) 69/160 (43.13%) 0.007
Duration of RRT (days; median [IQR]) 0 (0–3) 0 (0–2) 0.065
Time interval between admission and RRT initiation (days; median [IQR]) 0 (0-1) 0 (0–4) <0.001

RRT: renal replacement therapy; MAP: mean arterial pressure.
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Figure 2: Progression of AKI in ICUs measured by KDIGO stages.

Table 3: AKI classified by KDIGO criteria.

Survivors (𝑛 = 201) Nonsurvivors (𝑛 = 160) 𝑃 value
KDIGO stage on admission 𝑛 (%)

Stage 1 57/201 (28.36%) 51/160 (31.88%) 0.271
Stage 2 38/201 (18.91%) 24/160 (15%) 0.202
Stage 3 56/201 (27.86%) 35/160 (21.88%) 0.119

Worst KDIGO stage in ICU 𝑛 (%)
Stage 1 55/201 (27.36%) 20/160 (12.5%) <0.001
Stage 2 59/201 (29.35%) 33/160 (20.63%) 0.038
Stage 3 87/201 (43.28%) 107/160 (66.88%) <0.001

Progress KDIGO stage class 𝑛 (%)
ICU acquired AKI 50/201 (24.88%) 50/160 (31.25%) 0.110
Progressive AKI 32/201 (15.92%) 62/160 (38.75%) <0.001

KDIGO: Kidney Disease: Improving Global Outcomes.

4. Discussion

In this study, we investigated possible risk factors for mor-
tality in critically ill patients with septic AKI via a large,
multicenter, and observational study involving 30 ICUs. A
total of 21 risk factors and six independent risk factors were
identified in a thorough statistical analysis of comparisons
between survivors and nonsurvivors among critically ill
patients with septic AKI.

Our data showed low mortality among septic AKI
patients admitted from the surgical or emergency depart-
ments (Table 1). Many surgical patients in the ICU were

admitted for routine postoperative care after major opera-
tions andwere associatedwith a very lowmortality rate.Many
patients admitted from emergency departments were in acute
conditions, and, after timely interventions in ICU, most of
them recovered well.

Mechanical ventilation is a common and important
intervention in the ICU. In our study, the use of mechanical
ventilation was correlated with increased mortality (𝑃 <
0.001). This is possibly due to the common complications
of mechanical ventilation, such as worsening inflammatory
responses, altered systemic hemodynamics, and elevated
intrathoracic and intra-abdominal pressure, all of which are
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Table 4: Regression analysis of risk factors for mortality in ICU.

Univariate analysis Multivariate analysis
OR (95% CI) 𝑃 value OR (95% CI) 𝑃 value

Age (years) 1.026 (1.012–1.041) <0.001 1.025 (1.007–1.042) 0.005
Hospital acquired infection 2.025 (1.314–3.120) 0.001
Nonrenal organ failure

Systolic heart failure 2.754 (1.293–5.866) 0.009
Comorbid disease

Malignancy 1.748 (1.050–2.911) 0.032
Heart function IV 2.242 (1.114–4.516) 0.024
APACHE II score 1.092 (1.059–1.129) <0.001 1.072 (1.037–1.109) <0.001
SOFA score 1.090 (1.046–1.135) <0.001 0.952 (0.889–1.020) 0.160

Mechanical ventilation
Patients on mechanical ventilation 2.703 (1.543–4.737) 0.001
Duration on mechanical ventilation 1.136 (1.071–1.206) <0.001 1.080 (1.008–1.158) 0.03

Fluid management
Daily fluid balance (mL/24 h) 1.000 (1.000–1.001) 0.001

Hemodynamic data
Duration for MAP < 65mmHg 1.195 (1.083–1.319) <0.001 1.149 (1.032–1.279) 0.011

Vasoactive agents
Vasopressors 1.211 (1.126–1.302) <0.001 1.082 (0.985–1.188) 0.102

RRT
Need for RRT 𝑛 (%) 1.825 (1.180–2.822) 0.007
Time until RRT started (days) 1.261 (1.146–1.388) <0.001 1.238 (1.115–1.374) <0.001

Worst KDIGO
Stage 1 𝑛 (%) 0.379 (0.216–0.665) 0.001
Stage 2 𝑛 (%) 0.625 (0.384–1.019) 0.060
Stage 3 𝑛 (%) 2.645 (1.718–4.073) <0.001 1.466 (0.822–2.613) 0.195

Progress KDIGO class
Progressive AKI 3.341 (2.039–5.475) <0.001 3.374 (1.918–5.933) <0.001

OR: odd ratio; APACHE II score, first 24 h in ICU; SOFA score, first 24 h in ICU.

involved in the development of AKI [31, 32]. In further
analysis, we found that the duration ofmechanical ventilation
was an independent risk factor for mortality in patients with
septic AKI, whichmay be due to the occurrence of ventilator-
associated pneumonia (VAP), one of the leading causes of
death in mechanically ventilated patients [33].

Compared with septic AKI survivors, nonsurvivors had
greater hemodynamic instability: suffering from longer dura-
tion of hypotension (MAP < 65mmHg), receiving more fluid
and vasopressor even large-dose vasopressor (Table 2); in
addition,multivariate analysis indicated the duration ofMAP
<65mmHg as an independent risk factors for mortality in
septic AKI patients (Table 4).

Previous studies have shown that, compared with non-
septic AKI patients, septic ones came with worse hemody-
namic instability and required more vasoactive agent use
[20, 23, 34]. Lopes and colleagues discovered that extensive
use of vasopressors was found in patients with severeAKI and
associated with poor prognosis [35]. This is consistent with
our data in Table 2.

In critically ill patients, it has been reported that positive
fluid balance impaired cardiac function, led to lung injury,
and may contribute to the development of AKI, which, in

turn, increase mortality [36]. In patients with sepsis, prior
report has shown that cumulative positive fluid balance was
associated with increased mortality (odds ratio = 1.2) after
adjustment for disease severity [37]. In our study, we came
to the same conclusion in septic AKI patients (Table 2).

So, it seems that septic AKI patients with a long duration
of low MAP required more vasoactive drug use and positive
fluid balance, which implied high risk of shock and poor
outcome.

RRT is one of the main approaches to the management
of AKI. Recently, a multicenter study shown that in the
nonsurvival with septic AKI, proportion of receiving RRT
was significantly higher than that in the survival [29]. Our
findings are consistent with this study: compared with the
septic AKI patients who survived, proportion of receiving
RRT was significantly higher in who died (43.13% versus
29.35%, 𝑃 = 0.007). Furthermore, we found that there was no
significant difference in duration of RRT between survivors
and nonsurvivors with septic AKI (𝑃 = 0.065).

In addition, it is interesting that the time interval between
ICU admission and RRT initiation was significantly longer in
the patient who died. Moreover, by multivariate analysis, this
delay in initiation of RRT was an independent risk factor for
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Figure 3: Mortality of septic AKI patients with different admission
or the worst KDIGO stages. Gray bars represent mortality rates of
patients grouped by admission KDIGO stages; black bars represent
mortality rates of the worst KDIGO stages.

mortality (Tables 2 and 4). A large multicenter study about
septicAKI came to the same conclusion that the time between
ICU admission and start of RRT was significantly longer in
the patients with septic AKI and this delay in initiation of
RRT was independently associated with hospital mortality
[20]. The right time to start RRT is still a topic of debate [38].
Experts recommend beginning RRT earlier, particularly in
sepsis where AKI is known to be rapidly progressive [38]. A
meta-analysis about timing of RRT clearly favored to begin
RRT at early time [39]. In our study, the delay in initiation
of RRT associated with mortality might be partly explained
that progression of AKI in ICU was also an independent
risk factor for mortality (Table 4). Patients with septic AKI
who are with progression of AKI in ICU might receive RRT
later after ICU admission than patients without progression
of AKI. In brief, this observation showed that starting RRT
timely is a key factor to reduce the high mortality of patients
with septic AKI.

Many previous studies have evaluated AKI in critically
ill patients by using the RIFLE classification [40] or AKIN
criteria [41] and reported it to be associated with risk
for mortality [6, 41–44]. KDIGO criteria is a new scaling
system for AKI severity [11] and has been proven to be of
prognostic significance [45, 46]. Some studies have indicated
that KDIGO classification is better than RIFLE in terms of
outcome prediction in certain circumstances [46]. Here we
aimed to use KDIGO classification to evaluate critically ill
patients with septic AKI. We found that the worst KIDGO
stage in the ICU was linked to patient outcome, while no
link was identified for the admission classification (Table 3).
Furthermore, crude hospital mortality rates showed an incre-
mental increase corresponding to the worst KDIGO stages,
but not to the admission classification (Figure 3).This is con-
sistent with previous publications indicating that mortality

is not associated with admission RIFLE (risk, 44.7%; injury,
53.2%; failure, 51.0%; 𝑃 = 0.58). However, worst RIFLE is
associated within increased 28-day mortality (𝑃 < 0.01) [21].

Patients with poor admission KDIGO stages can be
treated effectively by stage-basedmanagement such as hemo-
dynamic monitoring, ensuring volume status and perfusion
pressure, monitoring serum creatinine and urine output [11]
and early goal-directed therapy (EGDT) [47]. However, later
development of AKI or progression to a higher stage of AKI
after ICU admission implies poor prognosis [21, 48].

It is interesting that in the worst KDIGO stages (Table 3),
we found that only KDIGO stage 3 was associated with a
high mortality, while survivors had a greater incidence of
KDIGO stages 1 and 2. A multicenter study about septic
AKI in Finnish came to the same conclusion; they found
that after adjusting for covariates, the worst KDIGO stage 3
was associated with increased risk for 90-day mortality, but
stages 1 and 2 were not [29]. It can be explained that although
receiving active treatment in ICU, if the severity of septic
AKI still progressed to KDIGO stage 3, the mortality would
increase significantly. If the worst KDIGO stage of septic AKI
only reached stages 1 or 2 in ICU, it would imply a good
outcome.

Although the worst KDIGO stages were associated with
mortality, they were not independent risk factors, while
progressive KDIGO stage was found to be an independent
risk factor associated with poor prognosis (Table 4). This is
consistent with the results of other septic AKI studies, where
progression of AKI has important prognostic implications
[21, 49]. This result indicated the necessity of monitoring
changes in KDIGO stages when AKI occurred in patients
with sepsis in the ICU. On the other hand, ICU-acquired
AKI was not a risk factor for mortality in our study (𝑃 =
0.110) (Table 3) but was an independent risk factor for 28-
day mortality in a RIFLE-based study [21]. There were two
differences between this study and ours. Firstly, its subjectwas
patients with severe sepsis and septic shock, while the subject
of our studywas patients with septic AKI. Secondly, this study
was a single center study targeting patients from medical
ICU, thus limiting the applicability to more heterogeneous
populations. In contrast, our study was a multicenter study
involving various types of ICUs.

Our study has several limitations. First, baseline cre-
atinine concentration was not measured for all patients;
therefore, in such cases this value was estimated using the
MDRD equation. Second, use of antibiotics is critical for
management of sepsis but was not observed and involved in
this study, because this was a substudy of the BAKIT (Beijing
AKI Trail) study.

Through a consecutively thorough follow-up for 10 days
after ICU admission, we found that the independent risk
factors for mortality, except age and APACHE II score, the
other four factors were all dynamic observational ones, such
as duration (MAP, mechanical ventilation), time interval
between admission, and RRT initiation and progression
(KDIGO stage), while static factors such as need for RRT
and the worst KDIGO stages were not independent risk
factors. It suggests that we need to consecutively monitor
the conditions of septic AKI patients. Currently, most of
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observational studies for septic AKI collected clinical data for
only one day [19, 28]; therefore the value of these data for
predicting the prognostic for septic AKI is limited.

5. Conclusion

In summary, via a multicenter observational study, we evalu-
ated the use of KDIGO stages on predicting patient outcome,
found twenty-one risk factors such as age, hospital acquired
infection, systolic heart failure, and mechanical ventilation,
and identified six independent risk factors for mortality in
ICUpatients with septic AKI, whichmay helpmake early and
accurate diagnosis and adopting preventive and therapeutic
interventions that could reduce mortality rates in patients
with septic AKI.
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in patients with severe sepsis in finnish intensive care units,”
Acta Anaesthesiologica Scandinavica, vol. 57, no. 7, pp. 863–872,
2013.

[30] “American College of Chest Physicians/Society of Critical Care
Medicine Consensus Conference: definitions for sepsis and
organ failure and guidelines for the use of innovative therapies
in sepsis,” Critical Care Medicine, vol. 20, no. 6, pp. 864–874,
1992.

[31] J. L. Koyner and P. T.Murray, “Mechanical ventilation and lung-
kidney interactions,” Clinical Journal of the American Society of
Nephrology, vol. 3, no. 2, pp. 562–570, 2008.

[32] A. S. Awad, M. Rouse, L. Huang et al., “Compartmentalization
of neutrophils in the kidney and lung following acute ischemic
kidney injury,” Kidney International, vol. 75, no. 7, pp. 689–698,
2009.

[33] A. H. Choudhuri, “Ventilator-Associated Pneumonia: when to
hold the breath?” International Journal of Critical Infrastructure
Protection, vol. 3, no. 3, pp. 169–174, 2013.

[34] S. M. Bagshaw, S. Lapinsky, S. Dial et al., “Acute kidney injury
in septic shock: clinical outcomes and impact of duration
of hypotension prior to initiation of antimicrobial therapy,”
Intensive Care Medicine, vol. 35, no. 5, pp. 871–881, 2009.

[35] J. A. Lopes, S. Jorge, C. Resina et al., “Acute kidney injury
in patients with sepsis: a contemporary analysis,” International
Journal of Infectious Diseases, vol. 13, no. 2, pp. 176–181, 2009.

[36] M. L. Esson and R. W. Schrier, “Diagnosis and treatment of
acute tubular necrosis,”Annals of Internal Medicine, vol. 137, no.
9, pp. 744–752, 2002.

[37] D. Payen, A. C. de Pont, Y. Sakr, C. Spies, K. Reinhart, and J.
L. Vincent, “A positive fluid balance is associated with a worse
outcome in patients with acute renal failure,” Critical Care, vol.
12, no. 3, article R74, 2008.



10 BioMed Research International

[38] P. M. Honore, R. Jacobs, O. Joannes-Boyau et al., “Septic AKI in
ICU patients. Diagnosis, pathophysiology, and treatment type,
dosing, and timing: a comprehensive reviewof recent and future
developments,” Annals of Intensive Care, vol. 1, p. 32, 2011.

[39] V. F. Seabra, E. M. Balk, O. Liangos, M. A. Sosa, M. Cendoroglo,
and B. L. Jaber, “Timing of renal replacement therapy initiation
in acute renal failure: a meta-analysis,” American Journal of
Kidney Diseases, vol. 52, no. 2, pp. 272–284, 2008.

[40] R. Bellomo, C. Ronco, J. A. Kellum, R. L.Mehta, and P. Palevsky,
“Acute renal failure—definition, outcome measures, animal
models, fluid therapy and information technology needs: the
Second International Consensus Conference of the Acute Dial-
ysis Quality Initiative (ADQI) Group,” Critical Care, vol. 8, no.
4, pp. R204–R212, 2004.

[41] R. L. Mehta, J. A. Kellum, S. V. Shah et al., “Acute Kidney Injury
Network: report of an initiative to improve outcomes in acute
kidney injury,” Critical Care, vol. 11, no. 2, article R31, 2007.

[42] N. Y. Abosaif, Y. A. Tolba, M. Heap, J. Russell, and A. M. El
Nahas, “The outcome of acute renal failure in the intensive care
unit according to RIFLE: model application, sensitivity, and
predictability,” American Journal of Kidney Diseases, vol. 46, no.
6, pp. 1038–1048, 2005.

[43] Z. Ricci, D. Cruz, and C. Ronco, “The RIFLE criteria and
mortality in acute kidney injury: a systematic review,” Kidney
International, vol. 73, no. 5, pp. 538–546, 2008.

[44] A. Kuitunen, A. Vento, R. Suojaranta-Ylinen, and V. Pettilä,
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Background. Lung cancer is themost important cause of cancermortality worldwide, but the underlyingmechanisms of this disease
are not fully understood. Copy number variations (CNVs) are promising genetic variations to study because of their potential effects
on cancer. Methodology/Principal Findings. Here we conducted a pilot study in which we systematically analyzed the association
of CNVs in two lung cancer datasets: the Environment And Genetics in Lung cancer Etiology (EAGLE) and the Prostate, Lung,
Colorectal and Ovarian (PLCO) Cancer Screening Trial datasets. We used a preestablished association method to test the datasets
separately and conducted a combined analysis to test the association accordance between the two datasets. Finally, we identified 167
risk SNP loci and 22 CNVs associated with lung cancer and linked them with recombination hotspots. Functional annotation and
biological relevance analyses implied that some of our predicted risk loci were supported by other studies and might be potential
candidate loci for lung cancer studies. Conclusions/Significance. Our results further emphasized the importance of copy number
variations in cancer and might be a valuable complement to current genome-wide association studies on cancer.

1. Introduction

Lung cancer is the most common cause of cancer-related
death in the world [1]. Many types of genetic variation
such as single-nucleotide polymorphisms (SNPs) and copy
number variations (CNVs) [2–7] have been discovered to
be associated with lung cancer. Copy number variations are
prevalent in the genome, covering approximately 12% of
the human genome [8], which may make it more likely to
contribute to disease incidence [9–15]. Thus, a systematic
survey of CNVs in lung cancer is essential.

To test the relationship between copy number variations
and lung cancer susceptibility, we conducted a pilot combined
genome-wide analysis of two case-control datasets in lung
cancer, consisting of 1,945 cases and 1,992 controls from

the Environment And Genetics in Lung cancer Etiology
(EAGLE) project [16] and 803 cases and 848 controls from
the Prostate, Lung, Colon and Ovary (PLCO) Study Cancer
Screening Trial project [17]. All cases and controls were
matched well for age, gender, district, and other charac-
teristics according to the original study design. Genomic
DNA samples from somatic cells (blood cells) were probed
using an Illumina HumanHap 550K genotyping chip. Before
testing, we normalized all data (including a training dataset
of 66 individuals from HapMap) using quantile normaliza-
tion. To infer the copy number state of each SNP site, we
trained a well-established hidden Markov model (HMM)
using the training dataset. All of the above procedures
were performed as previously described [18]. Our combined
association analysis was done at two levels. First, in each
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Table 1: Descriptions of raw CNVs in EAGLE and PLCO.

Average CNVs per individual SNPs per CNV CNV size
Min Max Average Min (bp) Max (Mb) Average (kb)

EAGLE
Case 391.1 3 1325 8.8 23 22.9 36.7
Control 441 3 693 8 23 8.6 32.7

PLCO
Case 193.2 3 822 8.6 37 22.9 35.7
Control 106.7 3 537 7.5 45 2.2 30.6

Note that the raw CNVs in this table were roughly generated by a simple arbitrary method and might not be reliable.

individual dataset we conducted an SNP-based testing to
probe the association of lung cancer with a specific SNP
site. Next, window-based testing was performed to probe the
association pattern with lung cancer. The details of the SNP-
based and window-based testing are in Section 4. Second, to
test the association accordance between the two datasets, we
conducted a combined analysis in which a new statistic of
relative factor (Rf) was calculated for each SNP site. In the
calculation of the Rf, the cases and controls from different
datasets were hypothesized to have an independent genomic
distribution of copy number states. We assumed that the
difference between the two copy number state distributions
could be tested from their accordance and the combination
of related 𝑃 values could be used to depict such difference
between these two datasets (see details in Section 4).

2. Results

2.1. Raw CNVs Prediction for EAGLE and PLCO. We used
the full set of study participants as described in Section 4.
After quality control of the samples and array data, the
probe signals on the chip were transformed to copy number
state by our preestablished HMM approach [18]. We first
adopted a simple CNV calculation method to roughly gen-
erate raw CNVs for both the EAGLE and PLCO datasets (see
Section 4).We compared the rawCNVs between EAGLE and
PLCO (Table 1) and found that although the average span
and size of raw CNVs were comparable between EAGLE
and PLCO, the number of raw CNVs predicted by this
approach was larger in EAGLE than in PLCO. This might
be caused by the smaller sample size of PLCO used in
this study than EAGLE when studying potential rare risk
loci. Meanwhile, as this simple raw prediction method was
based only on individual level copy number state data, false
positive noises in each individual might also increase the
total number of predicted CNVs when sample size increased.
Given these considerations, we assumed that the simple raw
CNV calculation method we used might not be appropriate
to predict reliable CNVs between different datasets. As a
result, we developed another combined strategy following
our preestablished CNV association approach to predict
CNVs between EAGLE and PLCO. This combined strategy
was based on the copy number state distributions in both
EAGLE and PLCO individuals, which might help to filter
out false positive noises in single individual level prediction.

Moreover, since the whole copy number state distributions
of both EAGLE and PLCO cohorts were considered and
integrated, CNVs predicted in this way were not dependent
on single cohorts, which we expected to avoid the impact of
different sample sizes on CNVs prediction (see Section 4 for
details).

2.2. Genome-Wide Combined Analysis for EAGLE and PLCO.
In our previous study [18], we developed a two-step genome-
wide CNV association approach based on SNP-based testing
and window-based testing to find significant SNP sites with
abnormal copy number variations. Here we used the same
approach as the initial stage of our combined analysis. In
the SNP-based testing, we obtained 509 candidate SNP
sites in EAGLE and 573 candidate SNP sites in PLCO (the
corresponding FDR ≤ 0.15) (Figure S1, available online at
http://dx.doi.org/10.1155/2014/469103). We noticed that more
SNP candidates were found in PLCO than in EAGLE; the
reason might be that larger sample size could help reduce
false positive noises in SNP-based testing. All SNP candidates
were subjected to window-based testing after SNP-based
testing. As expected, we found that statistical power in PLCO
was lower than in EAGLE (Figure S2). The reason for this
phenomenonmight be that PLCOcontained a smaller sample
size than EAGLE, as a loss of statistical power in small
sample sizes had been recognized in other studies [19, 20].
Therefore, in our subsequent analyses EAGLE was used as
the discovery dataset and PLCO was used to verify the
association accordance between them. In the EAGLE dataset,
we identified 355 SNP sites with significant window-based 𝑃
values (FDR = 0.0702482) (Table S1). In the PLCO dataset,
243 SNP sites passed window-based testing (FDR= 0.102871).
Genome-wide association testing in a single dataset might be
influenced by population structure and other factors, leading
to false positives inmany studies [21, 22]. Indeed we observed
such population stratification in the EAGLEdataset, although
there was no obvious stratification between case and control
cohorts (Figure S3). Therefore, a strict combined analysis
integrating PLCO with EAGLE was conducted to evaluate
the association results in EAGLE. After the combined anal-
ysis, 167 SNP sites were obtained as risk loci in EAGLE
(Table S2) and good association consistency between EAGLE
and PLCO datasets was found in the hypothesis regarding
amplification (Figures 1(a) and 1(b)). For the other two
hypotheses regarding deletion and abnormal (deletion or
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Figure 1: CNV associations regarding amplification are related to recombination hotspot regions in EAGLE and PLCO. The −log 10 (𝑃
value) in the (a) Pearson testing and (b) Gain testing are plotted against the corresponding log 10 (relative factors). The SNP sites above a
significant level (combining 𝑃 value and relative factor to ensure that the final false positive is less than 1) are in red. (c)The log 10 (maximum
recombination rate) around the SNP sites (in 10 kb) are summed in four categories: not sig. (nonsignificant SNP sites), SNP-based (significant
SNP sites that passed SNP-based testing), window (significant SNP sites that passed window-based testing), and window Rf (risk loci that
passed both window-based and combined testing). The log 10 (maximum recombination rate) is prevalent in the category of window Rf (𝑃
value < 0.00001). (d) Most of these risk loci were located around recombination hotspots (plotted in gray lines and with peaks indicating the
recombination rates). One of these associated sites, rs13381870, was arbitrarily chosen and is shown here as an example. The −log 10 (𝑃 value)
of SNP sites in three hypotheses models (loss, abnm., and gain) in SNP-based testing are plotted in blue, orange, and red, respectively. Grey
vertical lines show the high recombination rate sites. Hotspots from HapMap were shown as purple bars between the plot and genes. The
names of genes around rs13381870 are shown in the figure.

amplification), the association consistency was not as good as
that of amplification (data not shown), whichmight be caused
by the population differences between EAGLE and PLCO or
the limitations of our approaches.

2.3. Functional Annotation Clustering Analysis of Genes
around Risk Loci. To study the biological meaning of those
significant risk sites in EAGLE, we did a functional anno-
tation clustering analysis of genes surrounding those sites.

Since there was no more evidence to show which gene will
be affected by the candidate risk loci, we roughly glanced
at genes located within ±100 kb around those risk loci and
retrieved a list of 243 neighboring genes (Table S3) of all the
risk loci in Table S2.

Next, we used DAVID (http://david.abcc.ncifcrf.gov/) for
a functional clustering analysis of the neighboring gene list
to see whether there were some biologically meaningful
clusters. From the results we found that there were some
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gene sets formed in annotation cluster 4 (see Table S4 for
detailed and statistical information) as defined by SMART
and INTERPRO classification. We found that in spite of the
many gene sets in annotation cluster 4, many of them did not
have a significant statistical 𝑃 value.We assumed two reasons
for this phenomenon. First, our definition of affected genes
was arbitrary which might lead to the inclusion of unrelated
background genes or exclusion of truly affected genes, and
both situations would lower the clustering power of DAVID.
Second, the underlyingmechanisms of a complex disease like
lung cancer cannot be easily modeled by such a simple study
approach and as a result the less significant clustering sets
might only reveal a small piece of the whole network.

In DAVID analysis, we compared our neighboring gene
list with the published literature. We selected the PubMed
ID for DAVID to see which subset of genes was related to
previous studies. Two published studies were reported to be
significantly related to neighboring gene list (Table S5). PMID
11085536 [23] was a study that included twelve of the genes
in neighboring gene list. The authors of that study tested
manually and found loss of expression or reduced mRNA
levels for SEMA3B in both small cell and non-small cell lung
cancers, as well as reduced mRNA levels of CACNA2D2 in
non-small cell lung cancer and twoormore sequence-altering
mutations for SEMA3B and NPRL2, indicating that those
genes might be candidate tumor suppress genes (TSGs). The
study in PMID 19140316 [24] found four genes also in our
neighboring gene list. They used real-time PCR to analyze
the downregulation of four genes,HYAL1,HYAL2, RASSF1A,
and NPRL2, in lung cancer and found that they were
downregulated in non-small cell lung cancer, the first stage of
squamous cell lung cancer, and were significantly associated
with lung adenocarcinoma progression. They expected the
downregulation of those genes to be important for diagnosis
and therapeutic strategies development of lung cancer. The
fact that our neighboring gene list also contained those
previously reported genes revealed that genes around the 167
risk loci were worthy of future functional studies.

2.4. CNVs around Risk Loci and Their Biological Relevance.
We carefully investigated the 167 risk loci in EAGLE that
passed SNP-based, window-based, and combined analysis
with PLCO (Table S2) and found that those risk loci could
be classified into two groups depending on their consec-
utiveness: singular risk loci, which were short of flanking
risk loci, and consecutive risk loci, which consisted of many
consecutive flanking risk loci, forming a CNV risk region.
Based on this classification, we manually checked all 167
risk loci and generated CNVs from the consecutive risk loci
blocks (Table 2; see Section 4).

A total of 22 CNVs were summarized from 167 risk loci
in EAGLE, including three amplification CNVs, 18 deletions,
and 1 abnormal (amplification/deletion) variation. As we
mentioned previously, our combined analysis had a good
association consistency regarding amplification (Figures 1(a)
and 1(b)). Therefore we first focused on the three ampli-
fication CNVs, which were located on 8q23.3, 13q21.1, and
18q22.1. We searched PubMed for any published functional

or genome-wide studies revealing an association between
the region of the three CNVs and lung cancer (Table 2).
For 8q23.3, our results indicated 59.4 kb amplification region.
Boelens et al. had reported 8q23.3 as a common CNV-related
region of lung cancer [25]. We obtained 30.4 kb amplification
on 13q21.1, a candidate region containing alterations in
esophageal squamous cell carcinoma [26] and also reported
by Boelens et al. [25]. We did not get direct evidence from
the literature to support the third, a 9.3 kb CNV located on
18q22.1.

We also searched the literature for evidence of the 18
deletions and 1 abnormal variation recovered in our analysis.
Only the 12.9 kb deletion on 5q35.2 did not appear in previous
studies. Direct or indirect support was found for all other
cases (Table 2), although the association consistency between
EAGLE and PLCO was better at predicting amplification in
EAGLE.

In further support of our CNV findings, we expected
that other types of mutations, such as single-nucleotide
changes, could validate the physiological significance of
our predicted CNVs. We examined the mutation status of
neighboring genes around these risk loci (Table S2) in the
Cancer Genome Project Data of Wellcome Trust Sanger
Institute (http://www.sanger.ac.uk/genetics/CGP/cosmic/).
CSMD3 in 8q23.3 is a large gene encoding a proteinwith CUB
and sushi multiple domains and is associated with somatic
mutations in lung cancer (7 mutated in 11 unique samples).
Mutations in CSMD3 were also found to be associated with
familial colorectal cancer [27]. CCDC102B in 18q22.1 is
associated with somatic mutations in lung cancer (1 mutated
sample). Moreover, CSMD3 and CCDC102B have been
reported to be affected by genomic rearrangement events
in autistic patients [28] and in patients with diaphragmatic
defects [29], respectively. Given the fact that these two genes
in our neighboring gene list were reported with mutations
in lung cancer, we expected other genes to be investigated in
future studies.

2.5. The Risk Loci Are Located on Genomic Recombination
Hotspots. Interestingly, we found that our predicted risk loci
were associated with high rates of recombination (Figures
1(c) and 1(d)) compared to other SNP sites. Then we plotted
the summarized 22 CNVs against HapMap hotspots on the
genome (Figure S4). 13 out of 18 deletion CNVs overlapped
with hotspots; 2 out of 3 amplification CNVs overlapped
with hotspots; the single abnormal CNValso overlappedwith
hotspots. Those results revealed that there might be some
connections between genomic recombination hotspots and
disease risk loci; further studies are necessary to support and
confirm such relationships.

3. Discussion

In summary, we developed a combined analysis following our
preestablished SNP-based and window-based CNV associa-
tionmethods to conduct a pilot study in two datasets, EAGLE
and PLCO. The workflow of this pilot study can be found in
Figure 2.
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Table 2: Predicted CNVs in EAGLE.

Dataset Chr. Band Start pos. End pos. Size (kb) Type Literature
EAGLE 1 1p36.22 12120766 12129342 8.6 Deletion 19513508; 16142337; 20676096
EAGLE 5 5q35.2 175888783 175901659 12.9 Deletion —
EAGLE 8 8q23.3 113681735 113741162 59.4 Amplification 19324446
EAGLE 8 8q24.3 144694717 144728743 34.0 Deletion 18990762; 22142333
EAGLE 8 8q24.3 145079175 145118650 39.5 Deletion 18990762; 22142333
EAGLE 9 9q32 114406899 114414974 8.1 Deletion 18798555; 15580306; 7512370
EAGLE 9 9q34.3 138620438 138641922 21.5 Deletion 16740712
EAGLE 10 10q22.3 80766077 80778488 12.4 Deletion 18758299; 20651054
EAGLE 11 11q13.1 65012165 65051406 39.2 Deletion 11274644
EAGLE 13 13q21.1 56772821 56803216 30.4 Amplification 20200074; 19324446
EAGLE 16 16p13.3 1951065 1994156 43.1 Deletion 17086460
EAGLE 17 17q21.1 35509120 35510616 1.5 Deletion 16733218; 11378338
EAGLE 17 17q25.3 73635123 73655682 20.6 Deletion 17086460
EAGLE 17 17q25.3 77848326 78009203 160.9 Deletion 17086460
EAGLE 18 18p11.32 2580764 2629683 48.9 Deletion 19190329
EAGLE 18 18q22.1 64897188 64906488 9.3 Amplification —
EAGLE 19 19p13.3 1046061 1126396 80.3 Deletion 21521776
EAGLE 19 19p13.3 1994271 2001823 7.6 Deletion 21521776
EAGLE 19 19p13.3 2050820 2079054 28.2 Deletion 21521776
EAGLE 20 20q13.33 61642713 61668792 26.1 Abnormal 17304513
EAGLE 21 21q22.3 45769452 45788806 19.4 Deletion 15900585
EAGLE 22 22q13.1 37667446 37704618 37.2 Deletion 10515681; 15262437
This table reports the 22 predicted CNVs summarized from risk loci (Table S2) in EAGLE. The Literature shows the PubMed unique identifier (PMID) for
previous papers that provide the risk evidence for these loci. See Section 4 for detailed information.

3.1. Population Structure Impact. At the study design step,
we noted the population stratification in EAGLE samples
(Figure S2). Although stratification only occurred within the
whole population of cases and controls in EAGLE and no
obvious stratification was observed between case and control
cohorts, we were still concerned about whether the whole
population stratification could lead to false positive results.
The strategy we used to overcome this problem was to use
another dataset, PLCO, as an independent verification dataset
that could be integrated into our combined analysis with
EAGLE. As expected, such a combined process indeed gave
us meaningful results.

3.2. Fitting Our Results with Other GWA Studies. There was
an obvious difference between our approach and other GWA
studies. The majority of GWA studies performed association
testing using the probe signal of an SNP site. However,
our approach first transformed the original probe signal
into a copy number state value using a hidden Markov
model (HMM), followed by an association analysis using
the transformed copy number state of an SNP site. Strictly
speaking, our approach was actually a copy number state
association testing. This copy number state transformation
before association testing made our association risk loci
unsuitable to compare directly with other GWA studies.
Given this problem, we have chosen to conduct our analysis
using SNP-based, window-based, and combined testing until

we got a set of potentially reliable SNP risk loci.We found that
there were some consecutive blocks formed in this set of risk
loci (167 SNP risk loci in EAGLE, Table S2). We extracted the
blocks from the set of candidate risk loci and found that these
blocks were actually CNVs region predicted by our approach.
We could then compare our CNVs with CNVs predicted by
other studies including GWA studies.

Due to the strict three-step SNP-based, window-based,
and combined analysis, when we did the literature search we
were able to find direct or indirect support from previous
studies for the majority of our predicted CNVs (see Table 2
for detailed validation information), which indicated the
meaningfulness of our CNV predictions. We thought that,
compared to other GWA studies, our approach had two
advantages. First, in addition to the CNVs described by
other GWA studies our approach found some new CNVs
validated by other functional studies. In the popular SNP-
based genome-wide association studies, some complex CNV
regions might be difficult to analyze or filter by SNP site
evaluation. Our approach transformed SNP signals to copy
number states information, which might help our approach
to maintain CNV information. Given the numerous available
GWA study strategies, our approach might still give some
valuable predictions that other strategies might miss. A
second advantage is that ourCNVs predictions did not always
exactly overlap with the supporting studies’ predictions. For
functional evidence, our predictions might give more precise
boundaries or positions of CNVs than rough functional
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Figure 2: Workflow of the combined study and subsequent analysis in EAGLE.

studies because of the high-resolution array data we used.
For other GWA evidence, our predictions might be a useful,
complementing tool to locate CNVs more precisely.

When analyzing the risk loci, we mainly focused on CNV
blocks extracted using consecutive information. However,
there were many singular risk loci left (Table S2). We noted
three singular risk loci among them: rs9863274 located on
3q24, rs104554013 located on 5q21.3, and rs952125 located on
21q21.1. The region 3q24 was a well-known CNV-associated
locus identified in many studies of lung cancer [25, 30–
32] and the amplification of this locus [30] was the most
prominent difference between squamous cell carcinomas
(SCCs) and adenocarcinomas (ACs) [31]. The loss of copy
number in 5q21 had been previously reported to be associated
with lung cancer [33] and the CNVs of this locus were
implicated in clear-cell renal cell carcinoma in patients who
smoked [34]. This locus might be critical in mediating inter-
actions between environmental and genetic factors. Deletions
of 21q21.1, which might correspond to a candidate tumor
suppressor locus, had also been reported in lung cancer [35].
Given these CNVs supported by other studies and by our

predictions, we expected these potential singular risk loci
to be a set of candidate loci worthy of further functional
validations.

Finally, we expected the approach developed in this
study to be a valuable complement to current genome-wide
association studies.

4. Materials and Methods

4.1. Data Source and Sample Selection. Our datasets were
from the project “A Genome-Wide Scan of Lung Cancer
and Smoking” (phs000093, the database of Genotypes and
Phenotypes, dbGaP). This project consisted of two parts:
(1) Environment And Genetics in Lung cancer Etiology
(EAGLE) [16] and (2) the Prostate, Lung, Colon and Ovary
(PLCO) StudyCancer ScreeningTrial [17].These two datasets
were carefully controlled for gender, age, region, and so forth.
phs000093 also contained 66 individuals with European
ancestry from HapMap which was used as a training dataset
to estimate the parameters of the hidden Markov model
(HMM).
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Individuals with contamination from different genetic
backgrounds and duplicated samples were filtered as per
the instructions of phs000093. Finally, 1,945 cases and 1,992
controls were obtained for EAGLE and 803 cases and 848
controls were obtained for PLCO.

4.2. Array Data Preprocesses. The blood samples of all indi-
viduals were detected using an Illumina HumanHap 550K
v3.0 genotyping chip, and these data were quantile normal-
ized to the same baseline for further analysis. After quality
control, we processed these data using SNPs annotated in the
NCBI build 36 reference genome. As sex chromosomes are
different from the autosomes in copy number detection and
comparison, only the autosomes were studied in our work.

Finally, 547,458 autosomal SNPs annotated in NCBI build
36 reference genome were used for further analyses.

4.3. Population Stratification Analysis. First, we used PLINK
to extract the genotype information of each SNP probe for
each individual studied. Next, PLINK was used again to
prune out SNPs in the 547,458 autosomal SNPs for linkage
disequilibrium between SNPs with 𝑟2 > 0.2. We then used
EIGENSTRAT 3.0 software suite to do a raw smartpca
analysis in EAGLE and PLCO. After the first run of smartpca,
we analyzed the output snpweight of each SNP and manually
removed large segments of closely flanked SNPs with abs
(snpweight) > 3.5. Finally, we reran the smartpca to find top
20 significant eigenvectors in EAGLE and PLCO separately
and then plotted the most significant eigenvector against
the next four most significant eigenvectors for EAGLE and
PLCO.

4.4. Copy Number State Transformation. In our analysis,
the SNP probes signal data were first transformed to copy
number state with a well-trained hidden Markov model
(HMM).The trainingmethod and transformation process are
described in our previous study [18].

4.5.The Simple RawCNVs PredictionMethod. In this roughly
simple raw CNVs calculation step, three or more than three
consecutive SNPs with the same abnormal copy number (not
equal to 2) in an individual were considered to be a CNV
of this sample. The description statistics in Table 1 were then
calculated based on the raw CNVs generated. Note that such
raw CNVs were not adopted as reliable CNVs and only used
to make a comparison between EAGLE and PLCO.

4.6. Statistical Power Comparison between EAGLE and PLCO.
Parameters for GWAPower calculation are as follows: CEU
population; Illumina 550k platform; predefined 𝑃 value of
5𝑒 − 7; effective size for SNPs: 1.1, 1.15, 1.2, 1.25, 1.3, 1.4, 1.5,
and 1.7.2; EAGLEpopulation size, 1945 versus 1992; andPLCO
population size, 803 versus 848.

4.7. CNV Association Testing, Recombination Rate, and Rela-
tive Factor Calculation. CNV association testing in separate
datasets was performed as a two-step statistical testing.
SNP-based testing was performed to measure the disease
association with a specific SNP site and window-based testing
was performed tomeasure the CNVpattern differentiation in
and around the selected SNP site.The details of these tests can
be found in the original paper [18]. Here, the SNP site-based
testing also includes multiple trend testing for a specific SNP
site.

For recombination rate analysis, we downloaded the
genome-wide recombination rate data from HapMap
phase II (http://hapmap.ncbi.nlm.nih.gov/downloads/index
.html.en). For each SNP site analyzed, we computed a sum of
log10 (maximum recombination rate) within a 10 kb region
of the SNP in order to represent the recombination rate level
for this SNP and then compared this level among four groups
of SNPs: not sig. (which consisted of nonsignificant SNPs),
SNP-based (significant SNPs that passed SNP-based testing),
window (significant SNPs that passed both SNP-based
and window-based testing), and window Rf (significant
SNPs that passed SNP-based, window-based, and combined
testing with PLCO) (see Figure 1(c)). Since HapMap phase II
has already analyzed the recombination hotspot regions, we
extracted the start and end positions of the hotspot regions
and plotted them against the genome in Figure 1(d) and
Figure S4.

The relative factor (Rf) was calculated in our analysis to
test the association accordance on a specific SNP site between
EAGLE and PLCO. The Rf was calculated from four models
(M00, M01, M10, and M11) of the comparison between two
datasets. In thesemodels, we defined one of the datasets as the
“Reference” dataset and the other one as the “Testing” dataset.
Hence, the four models describe four comparisons between
the two datasets.

M00: the cases’ distributions in the Testing dataset
were the same as the cases’ distributions in the
Reference dataset.
M10: the controls’ distributions in the Testing dataset
were the same as the cases’ distributions in the
Reference dataset.
M01: the cases’ distributions in the Testing dataset
were the same as the controls’ distributions in the
Reference dataset.
M11: the controls’ distributions in the Testing dataset
were the same as the controls’ distributions in the
Reference dataset.

Consider

Rf = 𝑃 (M00) 𝑃 (M11)
𝑃 (M01) 𝑃 (M10)

. (1)

Rf could be calculated using the formula shown above in
which 𝑃 values were calculated in the same manner as in
SNP-based testing. We noted that the relative factor is a
combination of the distribution accordance of both cases and
controls. When the value is higher, the association patterns
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in each dataset are more similar. The advantage of using Rf
is that it is compatible with the multiple hypotheses model of
SNP-based testing, which was effective in our previous study
[18].

4.8. Correction ofMultiple Tests by Calculating False Discovery
Rates (FDR). Confirming the significance of multiple tests
for a CNV association study is an important issue in genome-
wide association analysis. CNV association 𝑃 values are not
independent of but tend to be related to the neighboring
sites because CNVs may span thousands of nucleotides in
the human genome. Classical Bonferroni correction was not
adopted in our analysis but a permutation-basedmethod was
used to calculate false discovery rates (FDR) of a significant
level.The FDR of SNP-based testing andwindow-based testing
were calculated in the same way as in our previous work [18].

In the case of relative factors, the case-control labels for
all individuals were permuted 100 times and the calculation
of every model was according to the previous work [18]. The
FDR could be calculated as follows:

FDRRf =
𝑁

SNP
Rf(𝑚)≤Rfsite

𝑇pm ⋅ 𝑁
SNP
Rf≤Rfsite

. (2)

Rfsite denotes a designated Rf value in the observed data, Rf
and Rf(𝑚) denote the Rf values in the observed data and the
permutated data, respectively, 𝑁SNP denotes the number of
SNP sites, and 𝑇pm denotes the number of permutations.

4.9. Predictions of CNVs Using Risk Loci in EAGLE. We
predicted a set of potential reliable CNVs from 167 risk loci
in EAGLE (Table S2). We manually investigated the 167 risk
loci using the following standards to predict CNVs.

(i) CNVs should span three or more than three consec-
utive risk loci.

(ii) “Consecutive”means the distance between twoneigh-
boring SNPs should not be larger than 30 kb.

(iii) The type of CNVs depends on the related 𝑃 value in
Table S2.

4.10. Software Tools Used in This Study. We used PLINK 1.07
(Shaun Purcell, http://pngu.mgh.harvard.edu/purcell/plink/)
[36], EIGENSTRAT [37], GWAPower [38], and DAVID [39]
in this study.
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Glioma, as the most common and lethal intracranial tumor, is a serious disease that causes many deaths every year. Good
comprehension of the mechanism underlying this disease is very helpful to design effective treatments. However, up to now, the
knowledge of this disease is still limited. It is an important step to understand themechanism underlying this disease by uncovering
its related genes. In this study, a graphicmethodwas proposed to identify novel glioma related genes based on known glioma related
genes. A weighted graph was constructed according to the protein-protein interaction information retrieved from STRING and the
well-known shortest path algorithm was employed to discover novel genes. The following analysis suggests that some of them are
related to the biological process of glioma, proving that ourmethod was effective in identifying novel glioma related genes.We hope
that the proposed method would be applied to study other diseases and provide useful information to medical workers, thereby
designing effective treatments of different diseases.

1. Introduction

Glioma is the most common and lethal intracranial tumor. It
always revealed itself as malignant glioma which is usually
divided into astrocytoma, oligodendroglioma, and oligoas-
trocytoma. Besides the classification based on histopatho-
logical features, glioma could also be graded on a WHO
consensus-derived scale of I to IV by means of the degree
of malignancy [1]. Clinically, most of the gliomas are high-
grade gliomas (HGG). Glioblastoma (GBM), one of the
HGG, accounts for more than half of gliomas [1]. Although
the knowledge of glioma, especially HGG, has increased
dramatically in recent years, many questions are still waiting
for further elucidation. On the other hand, the overall 5-
year survival rate of GBM remains less than 5% despite the
advances in surgery, radiation, and chemotherapy [2].

In the previous reports, glioma always manifested itself
with disordered pathways which regulated proliferation,
survival, invasion, and angiogenesis. Among these biological
processes, RB and p53 pathways are more inclined to be
dysfunctional in GBM, and the disrepair could lead to the
destruction of cell cycle by regulating the G1-to-S-phase tran-
sition [3, 4]. Furthermore, other pathways such as MAPK,
PI3K/PTEN/AKT, and NF-𝜅B pathway are also overactivated
in glioma and contribute to the uncontrollable cellular pro-
liferation [5–7]. As we know, the tumorigenesis of glioma
is a complicated process which involved intricate pathways
beyond the above ones. Towidely understand themechanism
underlying this disease, identification of its related genes
and uncovering the relationship of them and the biological
process of glioma are very important. However, it is time-
consuming and expensive to identify novel glioma related
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genes by conventional experiments. On the other hand,
encouraged by the successful application of computational
methods to deal with various biological problems such as
drug design [8–13] and analysis of complicated biological
pathway [14–17], computational methods may address this
problem and provide some useful information for investiga-
tors.

In this study, we proposed a graphic method and
attempted to apply this method to discover novel glioma
related genes. The current known glioma related genes col-
lected from various sources were the firsthand information.
Based on these genes, some new discovered genes were
obtained by the well-known shortest path algorithm. Fur-
thermore, a permutation test was conducted to exclude false
positives among them. The analysis of the final remaining
genes suggests that some of them had direct or indirect
relationship to the biological process of glioma, indicating
that this method was effective and may give new insight to
study other diseases.

2. Materials and Methods

2.1. Materials. The current known glioma related genes were
retrieved from the following sources. (1)All the 11 data sheets
listed on the web page of COSMIC (http://cancer.sanger.ac
.uk/cancergenome/projects/census/) were downloaded, from
which we obtained 18 glioma related genes; (2) search for
human diseases in UniProt (http://www.uniprot.org/) with
keywords “human glioma oncogene” and “human glioma
suppressor gene,” thereby obtaining 49 and 32 genes (only
reviewed genes were selected), respectively; (3) select “Lit-
erature Search” in TSGene (http://bioinfo.mc.vanderbilt.edu/
TSGene/search.cgi) and input “glioma” as keyword, obtain-
ing 7 genes. After collecting all of the genes mentioned
above, we finally obtained 77 glioma related genes, which
were available in Supplementary Material I available online
at http://dx.doi.org/10.1155/2014/891945.

2.2. Construction of a Weighted Graph from Protein-Protein
Interactions. Protein-protein interaction (PPI) is useful
information for investigating various biological problems
[18–22]. Many computational methods were proposed
based on the fact that proteins that can interact with each
other always share similar functions. Since the known
glioma related genes must have some common features
related to glioma, it is reasonable to discover novel glioma
related genes based on protein-protein interaction and
known glioma related genes. The data concerning protein-
protein interactions was downloaded from STRING (Search
Tool for the Retrieval of Interacting Genes/Proteins,
http://string.embl.de/) [23], a large database containing
known and predicted protein interactions which are derived
from genomic context, high-throughput experiments,
(Conserved) Coexpression and Previous knowledge. In the
obtained file, we extracted all protein-protein interactions of
human. Each obtained interaction consists of two proteins
and a score with range between 150 and 999, which can
quantify the likelihood that an interaction may occur. For
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Figure 1: A simple example of the weighted graph.

later formulation, let 𝑄(𝑝
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interaction between two proteins 𝑝
1
and 𝑝

2
. The constructed

graph took proteins occurring at least one protein-protein
interaction of human as nodes, while two nodes were
adjacent if and only if the score of the interaction between
the corresponding proteins was greater than zero. The
obtained graph consisted of 18,600 nodes and 1,640,707
edges. Furthermore, to correctly reflect the strength of the
interaction, each edge with nodes V

1
and V
2
was labeled by a

weight, which can be computed by
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were two corresponding proteins of nodes

V
1
and V
2
, respectively.

2.3. Selection of CandidateGenes. It is obvious that the glioma
related genes must have some common features which are
related to glioma. On the other hand, as mentioned in
Section 2.2, two proteins that can interact with each other,
that is, they are adjacent in the constructed weighted graph,
always share common features. The idea of our method was
based on these facts. To clearly elaborate the idea of the
method, we constructed a simple weighted graph which is
shown in Figure 1, because the original graph was too large
to exhibit in the paper. It is easy to observe from Figure 1
that the shortest path connecting 𝑎 and 𝑑 contains 𝑒, 𝑓 and
𝑔 as the inner nodes. Based on the weights of edges on this
path, we can obtain that genes 𝑎 and 𝑒 can share common
functions with high probability, because the confidence score
of the interaction between 𝑎 and 𝑒 is very high, which is
1000 − 20 = 980. The similar results also hold for 𝑒 and 𝑓,
𝑓 and 𝑔, 𝑔 and 𝑑. If genes 𝑎 and 𝑑 are two known glioma
related genes, genes 𝑒,𝑓, and𝑔 are actual glioma related genes
with high likelihood. In view of this, shortest paths between
any pair of known glioma related genes obtained by Dijkstra’s
algorithm, themost famous shortest path algorithmproposed
by Dijkstra in 1956 [24], are useful information for further
investigation.

After obtaining the shortest paths connecting any pair of
known glioma related genes, it can be seen that some nodes/
genes occurred in many paths, while most of nodes/genes
in the graph were not contained in any path. Thus, for each
node/gene in the graph, we counted the number of paths
containing the node/gene, termed as betweenness which
is defined as the number of shortest paths containing the
node/gene as an inner node. The concept of betweenness
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has been employed in some studies of natural and man-
made networks [25–29]. In fact, the betweenness of some
node/gene reflects the direct and indirect relationship of the
gene and known glioma related genes. Thus, the likelihood
of genes with high betweenness to be related to glioma was
higher than those with low betweenness. In view of this,
we selected genes with betweenness greater than 0 as the
candidate genes, whichmay be the novel glioma related genes
with high probability. It is necessary to point out that the
known glioma related genes were not included in the set of
candidate genes.

2.4. Filtering Candidate Genes by Permutation Test. As
described in Section 2.3, some candidate genes can be
obtained by researching the shortest paths connecting any
two known glioma related genes. However, some of them
may be false positives, because some nodes/genes may easily
receive a high betweenness due to their location in the
weighted graph even if we randomly select genes in STRING
as the known glioma related genes. To exclude these false
discoveries, a permutation test should be executed as follows.

(I) 1,000 node/gene sets, denoted by 𝐺
1
, 𝐺
2
, . . . , 𝐺

1000
,

were randomly selected in the weighted graph such
that each of them had the same size of known glioma
related gene set.

(II) For each candidate gene discovered in Section 2.3,
calculate its betweenness on each set 𝐺

𝑖
(1 ≤ 𝑖 ≤

1000).
(III) Calculate the permutation FDR of each candidate

gene 𝑝 by

FDR (𝑝) =
∑
1000

𝑖=1
𝛿
𝑖

1000
, (2)

where 𝛿
𝑖
was set to be 1 if the betweenness of 𝑝 on 𝐺

𝑖

was larger than that of 𝑝 on the known glioma related
gene set; otherwise, it was set to be 0.

Obviously, small permutation FDR of one candidate gene
implies that it is the true positive with high probability.

3. Results and Discussions

3.1. Candidate Genes. For the 77 genes mentioned in
Section 2.1, we searched the shortest path connecting any
two of them by Dijkstra algorithm. After calculating the
betweenness of each node/gene in the weighted graph, 215
candidate genes with betweenness larger than zero were
obtained. These 215 genes and their betweenness were avail-
able in Supplementary Material II. To exclude the false
positives, the permutation test was conducted as described
in Section 2.4. By (2), we can calculate the permutation FDR
of each candidate gene. These values were also provided in
Supplementary Material II. Since the likelihood of gene with
small permutation FDR to be the actual glioma related gene
is high, we set the threshold to be 0.05, that is, selecting genes
with permutation FDRs lower than 0.05 among 215 candidate
genes, thereby obtaining 67 genes, listed in Table 1. These

genes were deemed to have strong relationship with glioma
and further discussions were based on these genes.

3.2. Analysis of Enriched KEGG Pathways of Candidate
Genes. As mentioned in Section 3.1, 67 candidate genes were
obtained. To analyze the relationship of them and glioma, we
employed DAVID (Database for Annotation, Visualization
and Integrated Discovery) [30], a functional annotation tool
to understand biological meaning behind large list of genes.
67 candidate genes comprised the input gene list of DAVID,
thereby obtaining 9 KEGG pathways that were enriched by
these 67 candidate genes. The detailed output of DAVID
for KEGG pathway enrichment analysis was available as
Supplementary Material III.

The top 5 pathways have the 𝑃 value less than 0.05
which were discussed below. The most enriched pathway is
hsa04360: axon guidance (“count” = 8). Among the 8 genes,
7 ephrins-related genes are enriched whose corresponding
proteins include 4 members (EFNA3, EFNB1, EFNB2, and
EFNB3) of the ephrins family and 3 members (EPHA1,
EPHA4, and EPHA7) of the ephrins receptor subfamily.
Eph receptor tyrosine kinases (Ephs) and ephrins (EPH)
could navigate cells by controlling cell-cell adhesion and
segregation [31]. In other words, with the function of axon
guidance Ephs/EPH could regulate the invasion, neoangio-
genesis, and metastasis of gliomas [32, 33]. Ding and his
colleagues have identified several somatic mutations of Ephs
especially EphA7 in lung cancer [34]. Although the close con-
nection between Ephs/EPH and cancer has been reported,
its pathogenic mechanism in gliomas is still unknown. The
second pathway is hsa04510: focal adhesion (“count” = 7).
As we know, infiltration of tumor cells and angiogenesis are
critical for the growth of tumor. Zagzag et al. reported that
focal adhesion kinase (FAK), highly associated with these
biological processes, plays an important role in tumorigenesis
of gliomas via enhancing the ability of infiltration and angio-
genesis [35]. The FAK-related genes, like CTNNB1, VEGFA,
KDR, and FLT4 enriched in this pathway, are always mutated
or aberrantly expressed in various types of cancers [36, 37].
The third pathway is hsa04530: tight junction (“count” = 5).
In the brain, the expression of the tight junction proteins is
important for blood-brain tumor-barrier (BTB) permeability.
Hence destruction of the tight junction could facilitate the
development of gliomas by increasing BTB permeability
[38, 39]. The fourth pathway is hsa04520: adherens junction
(“count” = 4). Adherens junction is reported to be disordered
in the glioblastoma and to affect the invasive behavior of
GBM [40, 41]. The last significantly enriched pathway is
hsa05200: pathways in cancer (“count” = 7). The result shows
that a common mechanism is shared by the gliomas and
other types of cancers. Although these significant enriched
pathways have been reported to be related to gliomas more
or less, our results might expand the avenues to explore new
mechanisms in the tumorigenesis of gliomas.

3.3. Analysis of Enriched GO Terms Candidate Genes. In
addition to KEGG pathway enrichment analysis, DAVID
also provided the GO terms enrichment analysis of the
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Table 1: Candidate genes with permutation FDR lower than 0.05.

Ensemble ID of candidate gene Gene name Betweenness Permutation FDR
ENSP00000227638 PANX1 72 0
ENSP00000235310 MAD2L2 72 0
ENSP00000245323 EFNB2 335 0
ENSP00000258428 REV1 72 0
ENSP00000265727 ADAM22 72 0
ENSP00000281821 EPHA4 339 0
ENSP00000293831 EIF4A1 72 0
ENSP00000302719 KCNAB3 72 0
ENSP00000312697 DMAP1 88 0
ENSP00000329797 CADM1 72 0
ENSP00000335434 WDR20 72 0
ENSP00000341138 EPB41L3 72 0
ENSP00000351697 REV3L 72 0
ENSP00000354778 CNTNAP2 72 0
ENSP00000356150 MDM4 72 0
ENSP00000357177 ARHGEF11 142 0
ENSP00000361366 SFTPD 72 0
ENSP00000369218 RBM17 72 0
ENSP00000370119 SMN2 72 0
ENSP00000245304 RAP2A 72 0.001
ENSP00000275815 EPHA1 72 0.001
ENSP00000328511 KCNA4 72 0.001
ENSP00000377446 SUCLG1 210 0.001
ENSP00000399511 TNIK 72 0.001
ENSP00000229595 ASF1A 72 0.002
ENSP00000252699 ACTN4 72 0.002
ENSP00000263208 HIRA 72 0.002
ENSP00000263923 KDR 104 0.002
ENSP00000304169 PITX2 210 0.002
ENSP00000330633 CNTN2 72 0.002
ENSP00000276072 TAF1 72 0.003
ENSP00000295600 MITF 138 0.003
ENSP00000360157 FOXD3 6 0.003
ENSP00000264010 CTCF 72 0.004
ENSP00000271628 SF3B4 75 0.004
ENSP00000350941 SRC 421 0.004
ENSP00000361125 VEGFA 164 0.004
ENSP00000226091 EFNB3 67 0.006
ENSP00000358309 EPHA7 2 0.006
ENSP00000358918 SUFU 72 0.007
ENSP00000316879 EIF4G1 72 0.011
ENSP00000260653 SIX3 2 0.012
ENSP00000352516 DNMT1 90 0.016
ENSP00000358716 DDX20 72 0.017
ENSP00000357393 EFNA3 50 0.018
ENSP00000341680 DTNBP1 66 0.02
ENSP00000344456 CTNNB1 607 0.02
ENSP00000297904 FIGF 2 0.021
ENSP00000265165 LEF1 134 0.022
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Table 1: Continued.

Ensemble ID of candidate gene Gene name Betweenness Permutation FDR
ENSP00000347948 TNFRSF14 68 0.023
ENSP00000288986 NCK1 78 0.027
ENSP00000261937 FLT4 2 0.029
ENSP00000333919 BTLA 68 0.03
ENSP00000332549 GRIN2A 58 0.032
ENSP00000376765 PIAS3 4 0.033
ENSP00000361818 SDC4 1 0.035
ENSP00000386165 CEBPD 38 0.035
ENSP00000348307 SIRPA 34 0.036
ENSP00000344666 NF2 1 0.037
ENSP00000219255 PARD6A 72 0.038
ENSP00000204961 EFNB1 5 0.039
ENSP00000172229 NGFR 72 0.043
ENSP00000344115 CDH5 24 0.043
ENSP00000405041 POU5F1 6 0.045
ENSP00000360532 CDC5L 6 0.046
ENSP00000295897 ALB 72 0.047
ENSP00000340944 PTPN11 112 0.047

67 candidate genes, which were available in Supplementary
Material IV.

It can be seen that 227 GO terms were enriched by these
67 genes. Top 10 Go terms sorted by 𝑃 value are investigated
and discussed as below. Among the top 10, 4 GO terms
are biological process (BP) which included GO: 0007169:
transmembrane receptor protein tyrosine kinase signaling
pathway, GO: 0007167: enzyme linked receptor protein sig-
naling pathway, GO: 0042127: regulation of cell proliferation,
and GO: 0000904: cell morphogenesis involved in differen-
tiation. From the results, we found that all these processes
are connected with receptor-dependent signaling pathways.
The cancer genome atlas (TCGA) group has revealed that the
receptor tyrosine kinase (RTK) pathway was deregulated in
88%of the patients with glioblastoma [42]. After deregulation
of the RTK, its downstream genes could function uncontrol-
lably in the cellular proliferation and morphogenesis which
are very pivotal for the growth of gliomas. In the top 10
GO terms, we also find 4 molecular function (MF) GO
terms: GO: 0004714: transmembrane receptor protein tyro-
sine kinase activity, GO: 0005003: ephrin receptor activity,
GO: 0046875: ephrin receptor binding, and GO: 0004713:
protein tyrosine kinase activity. The MF classification also
suggests the importance of RTK signaling pathways especially
the Ephs/EPH pathway in the tumorigenesis of gliomas.
As the previous reports, RTK pathways could regulate cell
proliferation and migration which were indispensable for the
development of gliomas [42, 43]. Besides BP and MF GO
terms, 2 cellular component (CC)GO terms are also enriched
in the top 10 GO terms: GO: 0044459: plasma membrane
part and GO: 0005887: integral to plasma membrane. As we
know, the transformation of cell membrane is necessary for
the migration and invasion process during tumorigenesis of
gliomas.Our results pave theway for understanding potential
pathogenic mechanism of gliomas.

3.4. Analysis of Some Candidate Genes. Among the 67 genes,
several genes are intriguing which may play pivotal role
in tumorigenesis of glioma. This section gave the detailed
discussion of some candidate genes.

VEGFA, also known as the vascular endothelial growth
factor (VEGF), is a member of a large family of growth
factors that also includes VEGFB, VEGFC, VEGFD, and
placental growth factor (PLGF). VEGF is the only mitogen
that specifically acts on endothelial cells and also a tumor
angiogenesis factor in human glioma in vivo [44]. Knizetova
et al. have demonstrated that the autocrine VEGF signaling
is mediated via VEGFR2 (KDR), another gene in our list.
They found that blockade of VEGFR2 would abrogate the
VEFG-mediated enhancement of astrocytoma cell growth
and viability [37]. In the in vivo level, Millauer et al. found
that disrepair of VEGFR2/VEGF system in angiogenesis
could prevent tumor growth in nude mice [45]. Another
VEGF receptor found in our list is VEGFR3 (also known
as FLT4). In contrast to VEGFR1/2, VEGFR3 does not
bind VEGFA and mainly functions in lymphangiogenesis
as a receptor of VEGFC and VEGFD [46, 47]. Jenny et al.
reported that VEFGR3 was expressed in some tumor types
such as haemangioblastoma and glioblastoma, despite their
lack of lymphatic vessels [48]. Although the roles of VEGF
signaling pathway in the tumorigenesis of glioma have been
well studied, new findings have been explored in succession
recently.

CTNNB1, with more famous name of catenin beta 1,
encodes 𝛽-catenin protein which plays important roles in
cellular morphogenesis, differentiation, and proliferation via
regulating theWnt signaling [49]. Yano et al. induced glioma
in rat using N-ethyl-N-nitrosourea display aberrant nuclear
accumulation of 𝛽-catenin in contrast to normal brains
[50]. Moreover, Pu et al. found that the downregulation
of 𝛽-catenin by siRNA could suppress malignant glioma



6 BioMed Research International

cell growth [36]. To elucidate the connection between 𝛽-
catenin and glioma, Liu and his colleagues performed a
systemic research. They found a higher expression level of
𝛽-catenin in astrocytic glioma patients with high grade in
comparison with the normal controls. Furthermore, they
also illustrated that the overexpression of 𝛽-catenin may be
an important contributing factor to glioma progression by
means of facilitating proliferation and inhibiting apoptosis
[51]. After Wnt pathway is activated, 𝛽-catenin accumulates
and enters the nucleus where it can act as a coactivator for
TCF/LEF-mediated transcription [52]. As the downstream
of beta-catenin, LEF1, another gene in our list, also plays a
crucial role in the Wnt signaling pathway. LEF1, with full
name of lymphoid enhancer-binding factor 1, tends to be
mutated in the tumors. Liu et al. have investigated that MiR-
218 could reduce the invasiveness of glioblastoma cells by
targeting LEF1 [53].

SRC, whose corresponding protein is a tyrosine-protein
kinase, could play a pivotal role in the regulation of embry-
onic development and cell growth [54]. Besides functioning
in the embryonic development, SRC could also regulate
the tumorigenesis of various types of cancers like breast
cancer, colon cancer, and brain cancer [55, 56]. Src protein
always maintains an inactive state until its Y530 residue is
dephosphorylated by protein tyrosine phosphatase-𝛼 [57].
Src could also be activated by direct binding of its SH2 and
SH3 domains to intracellular proteins or activated tyrosine
kinase growth factor receptors [58]. Stettner et al. have found
elevated SRC activity in GBM compared with normal brain
[59]. On the other hand, Lund et al. found that the infiltration
of glioma reduced in Src-deficient mice [60]. It is reported
that the increased SRC activity in GBM may be due to
increased activation of cell surface growth factor receptors
and integrins that activate SRC-family kinases (SFKs) rather
than the amplification or mutation of SFK genes [42, 61].

4. Conclusion

In biomedicine and genomics, identification of disease genes
is an important topic. This contribution proposed a graphic
method to identify novel disease genes and the method was
applied to glioma, one kind of cancers. The findings indicate
that this method is quite effective. It is hopeful that the
contribution can provide help formedical workers to discover
effective treatments of glioma and give new insight to study
various diseases.
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Increasing amounts of evidence indicate that noncodingRNAs (ncRNAs) have important roles in various biological processes.Here,
miRNA, lncRNA, andmRNAexpression profileswere analyzed in humanHepG2 andL02 cells using high-throughput technologies.
An integrativemethodwas developed to identify possible functional relationships between different RNAmolecules.The dominant
deregulated miRNAs were prone to be downregulated in tumor cells, and the most abnormal mRNAs and lncRNAs were always
upregulated. However, the genome-wide analysis of differentially expressed RNA species did not show significant bias between up-
and downregulated populations. miRNA-mRNA interaction was performed based on their regulatory relationships, and miRNA-
lncRNA and mRNA-lncRNA interactions were thoroughly surveyed and identified based on their locational distributions and
sequence correlations. Aberrantly expressed miRNAs were further analyzed based on their multiple isomiRs. IsomiR repertoires
and expression patterns were varied across miRNA loci. Several specific miRNA loci showed differences between tumor and
normal cells, especially with respect to abnormally expressed miRNA species. These findings suggest that isomiR repertoires and
expression patterns might contribute to tumorigenesis through different biological roles. Systematic and integrative analysis of
different RNA molecules with potential cross-talk may make great contributions to the unveiling of the complex mechanisms
underlying tumorigenesis.

1. Introduction

Large-scale, genome-wide analyses have indicated that much
of the human genome is transcribed, yielding a great many
nonexonic transcripts [1, 2]. These nonribosomal and non-
mitochondrial RNAs, which are metaphorically considered
ribosomal dark matter, are quite abundant in cells. The
transcription profile of the entire genome at a specific space
and time can be obtained using microarray and sequencing
technologies [3]. Noncoding RNAs (ncRNAs), including
microRNAs (miRNAs), and long noncoding RNAs (lncR-
NAs) can be obtained to attract considerable attention of
researchers in many fields.

miRNAs, a class of small ncRNAs (≈22 nt), are highly
important regulatory molecules, and they have seen a great
deal of study [4, 5]. Posttranscriptional gene regulation via
miRNA is crucial to the regulation of gene expression.
These small, single-stranded RNAs negatively regulate gene

expression through partial base-pairing with target messen-
ger RNAs (mRNAs). This influences the process of mRNA
degradation or repression of translation [4, 6]. They have
multiple roles in various biological processes that affect basic
cellular functions, including cell proliferation, differentiation,
death, and tumorigenesis [7]. Abnormal expression of spe-
cific miRNAs has been characterized as a common feature of
human diseases, especially for malignancies. In these cases,
genes encoding miRNAs may act as oncogenes, oncomiRs,
or tumor suppressors [7–9]. Widely concerned lncRNAs are
normally longer than 200 nucleotides. Studies have shown
them to be involved in a broad range of important cellular
processes, including chromatin modification, RNA process-
ing, and gene transcription and that they do so through
interaction with DNA and proteins [10–14]. LncRNAs are
characterized as complex, diverse ncRNAs. They are usually
involved in exons and introns and have 5 cap and some of the
features of mRNAs [15].The larger ncRNAs have been shown
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to regulate gene expression through various mechanisms,
such as complementary binding to protein-coding transcripts
in the form of cis-antisense lncRNAs [16–20]. They also
modulate transcription factors by acting as coregulators
[19, 21–25]. Dysregulation of ncRNAs contributes to many
biological processes by interfering with gene expression. In
recent years, this has become a hot research topic as core
regulatory molecules.

Although the many biological roles of ncRNAs have
drawn a great deal of concern, systematic and integrative
analyses of many kinds of RNA molecules (including func-
tional mRNAs) have been rare. An integrated, genome-wide
analysis involving many different RNA molecule levels is
necessary if the complex regulatory network and mecha-
nisms underlying tumorigenesis are to be understood. We
ever performed analyses of miRNA-mRNA and miRNA-
miRNA interactions using miRNA and mRNA expression
profiles [26], but it is not enough to further understand
the potential relationships between different RNAmolecules,
especially involving the novel concerned lncRNAs. In the
present study, the close relationships between ncRNAs and
mRNAs were examined through simultaneously profiling
of miRNA, lncRNA, and mRNA in HepG2 and L02 cells
using high-throughput technologies. An integrative method
of analysis was developed to detect and comprehensively
analyze the relationships between RNAmolecules, especially
between abnormally expressed miRNA, lncRNA, andmRNA
molecules in tumor cells. A systematic analysis of miRNAs
was also performed at the isomiR level. The results of
the present study will enrich the genome-wide analysis of
different molecules with potential cross-talk and contribute
to further systematic studies of tumorigenesis.

2. Materials and Methods

2.1. Cell Culture and RNA Isolation. HepG2 and L02 cells
were obtained from the American Type Tissue Collection.
These were maintained in DMEM containing 10% FBS,
100U/mL benzylpenicillin and 100U/mL streptomycin at
37∘C in a humidified 95% air 5% CO

2
incubator. Total RNAs

were isolated using TRIzol reagent (Invitrogen) according to
the manufacturer’s protocol.

2.2. Small RNA Sequencing and Microarray Experiments.
Total RNA from each sample was used to prepare the
small RNA sequencing library to perform sequencing on
a Genome Analyzer IIx, which was used in accordance
with the manufacturer’s instructions, and was prepared for
microarray hybridization. The raw small RNA sequencing
data can be available in the Sequence Read Archive (SRA)
database (http://www.ncbi.nlm.nih.gov/sra, accession num-
ber SRA 1262121), and the mRNA and lncRNA microarray
data can be available in the European Molecular Biology L
aboratory-Euro-pean Bioinformatics Institute (EMBL-EBI)
database (http://www.ebi.ac.uk/).

2.3. Data Analysis. The total raw miRNA sequencing reads
were first filtered using a Solexa CHASTITY quality control

filter. The remaining sequencing reads were deleted the 3
adapter sequences, and tags shorter than 15 nt were discarded.
Then, the reads were aligned to the known human miRNA
precursors (pre-miRNAs) in the miRBase database (Release
18.0, http://www.mirbase.org/) using Novoalign software
(v2.07.11, http://www.novocraft.com/) [27]. Only one mis-
matchwas allowed. Readswith counts under 2were discarded
whenmiRNA expression was calculated. According to recent
reports on multiple isomiRs from a given miRNA locus [28–
34], isomiRs (including those isomiRs with 3 nontemplate
additional nucleotides) were also comprehensively surveyed.
Sequences that matched the pre-miRNAs in the mature
miRNA region±4 nt (nomore than 1mismatch) were defined
as isomiRs. The original sequence counts of miRNAs were
normalized to RPM (reads per million), and miRNA expres-
sion analysis was performed based on these normalized data
at the miRNA and isomiR level.

Images from microarray were analyzed with Agilent
Feature Extraction software (version 10.7.3.1). Raw signal
intensities of mRNAs and lncRNAs were normalized using
the quantile method and the GeneSpring GX v12.0 software
package (Agilent Technologies). After quantile normalization
of the raw data, lncRNAs and mRNAs for which 2 out of 2
samples had flags in the present or marginal were chosen for
further data analysis.

Fold change was calculated to assess expressed miRNA
profiles that were differentially expressed between the two
samples atmiRNA and isomiR levels. Differentially expressed
lncRNAs and mRNAs were also identified through fold
change filtering. To obtain abnormal ncRNA/mRNA species
and filter out rare species with lower expression levels, fold
change values were assessed by adding an additional low
number (10 units) based on normalized datasets. Hierarchical
clustering was performed using Cluster bb3.0 and TreeView
1.60 programs (http://rana.lbl.gov/eisen/) [35, 36]. Experi-
mentally validated target mRNAs of aberrantly expressed
miRNAs were collected from the miRTarBase database [37].
For miRNAs with few or no validated target mRNAs, the
putative target mRNAs were integrated using the predic-
tion software programs Pictar, TargetScan, and miRanda
programs [38]. The threshold values were simultaneously
controlled (e.g., in TargetScan, the threshold of total con-
text score was less −0.30). The collected target mRNAs
were further screened based on abnormally expressed
mRNA profiles. Then, pathway and GO analysis were used
to determine the roles of these differentially expressed
mRNAs. Using CapitalBioMolecule Annotation SystemV4.0
(MAS, http://bioinfo.capitalbio.com/mas3/), further func-
tional enrichment analysis was performed. Functional inter-
action networks were constructed using Cytoscape v2.8.2
Platform [39].

2.4. Schema for Integrative Analysis of ncRNA-mRNA Data.
ncRNA-mRNA integrative analysis was performed according
to Figure 1. The approach included three steps. First, profiles
of aberrantly expressed miRNA, mRNA, and lncRNA in
HepG2 cells were comprehensively surveyed using high-
throughput datasets. A profile of aberrantly expressed
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Figure 1: Integrative analysis of ncRNA-mRNA.

isomiRs was obtained at the same time. Pathway and GO
analyses were performed for abnormal mRNA and the
target mRNAs of abnormal miRNAs. Second, systematic
bioinformatic analysis was developed based on possible
functional relationships between these molecules. miRNA
and mRNA were analyzed in an integrated fashion based
on experimentally validated or predicted target mRNAs and
on their levels of enrichment. Possible internal relationships
among lncRNA-mRNA and lncRNA-miRNA were identified
based on their locational distributions and the relationships
between their sequences. Finally, integrative regulatory net-
work and expression analyses were performed at different
molecular levels based on their possible levels of expression
and functional relationships (Figure 1).

3. Results

3.1. Aberrantly Expressed miRNA and isomiR Profiles. As
expected, 22 nt was the most common length (see Figure
S1A and Figure S1B in Supplementary Material available
online at http://dx.doi.org/10.1155/2014/345605). As found by
Guo et al., consistent aberrantly expressed miRNAs were
obtained based on the most abundant isomiR and all the
isomiRs, respectively [34]. However, despite the consistency
of the dysregulation pattern, the fold change (log 2) of some
miRNAs was found to cover a wide range (miR-200b-3p:
8.56 and 5.45, miR-100-5p: −7.27 and −4.88) (Table 1). Half of
the most dominant isomiR sequences had lengths that were
different from those of canonical miRNA sequences (data
not shown). Generally, the most dominant isomiR sequence
may be longer or shorter than registered miRNA sequence
through altering 5 and 3 ends, especially for the 3 ends
(Figure S1C). These abundantly and abnormally expressed
miRNAs were always located on a few specific chromosomes,
especially chromosome 9 (Figure S1D). The distribution bias
was obvious, even though multicopy pre-miRNAs were also
analyzed. Downregulated miRNAs were found to be more

common than upregulated species, although the total num-
bers remained similar across the whole abnormal miRNA
profiles.

IsomiR repertoires and expression profiles in the HepG2
and L02 cells were also analyzed. Various isomiR repertoires
and expression patterns were detected in different miRNA
loci (Figure 2). As found by Guo et al., several dominant
isomiRs (always 1–3) were yielded per miRNA locus due
to alternative and imprecise cleavage of Drosha and Dicer
[34, 40]. Deregulated miRNAs might show abnormal isomiR
expression profiles in tumor cells, such asmiR-194-5p (upreg-
ulated) and miR-24-3p (downregulated) (Figure 2). These
findings indicated inconsistent dominant isomiR sequences,
even though they were always 5 isomiRs with the same 5
ends and seed sequences. This phenomenon was detected
primarily in deregulated miRNAs. Generally, those stably
expressed species had similar expression profiles between
tumor and normal cells. This was true of miR-26a-5p and
miR-21-5p (Figure 2). Of the dominant isomiRs, only miR-
15a-5p was involved in 3 addition (Figure 2). Although 3
addition was quite widespread, especially for adenine and
uracil, the presence of type of isomiRs with 3 additions sug-
gested considerable divergence between miRNAs. For exam-
ple, miR-103a-3p was not detected any modified isomiRs
even though 10 isomiRs were obtained, while three isomiRs
with 3 additions were found in miR-194-5p (Figure 2). At
the miRNA locus, these modified isomiRs always possessed
lower enrichment levels than dominant isomiR sequences,
although they might still show high levels of expression.

Functional enrichment analysis was performed based on
targets that had been found to be regulated by at least 2
abnormal miRNAs. The results suggested that these miR-
NAs play important roles in essential biological processes,
including the cell cycle, Wnt, and the MAPK signaling
pathway (Table 2). They also contribute to various human
diseases, such as chronic myeloid leukemia, prostate cancer,
and bladder cancer. According to identified mRNA profiles
by using microarray technology, these target mRNAs might
be stably expressed, upregulated, or downregulated in tumor
cells.

3.2. Aberrantly Expressed mRNA and lncRNA Profiles. Dom-
inant (>10 of normalized data) and significantly differ-
entially expressed (fold change (log 2) >4.0 or <−4.0)
mRNAs and lncRNAs (the top deregulated species could
be found in Table 3) were collected. Significant divergence
was detected between upregulated and downregulated RNA
species. 83.98% of deregulated mRNAs and 90.93% dereg-
ulated lncRNAs were upregulated in tumor cells. However,
the analysis of differentially expressed profiles suggested that
62.06% of mRNAs and 66.49% of lncRNAs were downregu-
lated. Locational distributions of mRNA and lncRNA were
analyzed. Consistent distribution patterns were detected,
and no bias was found between deregulated mRNA and
lncRNA species (Figures S2A, S2B, and S2C). However,
inconsistent distributions were detected between the top 100
dominant and deregulated mRNAs and lncRNAs (Figures
S2D and S2E). These abnormal species were prone to locate



4 BioMed Research International

Table 1: Differentially expressed abundant miRNA species as indicated by the most abundant isomiR and all isomiRs.

miRNA Chr Consistent or inconsistent Fold change (the most) Fold change (all isomiRs) Up/down
let-7a-5p 9, 11, 22 Yes −2.35 −3.24 Down
let-7f-5p 9, X Yes −2.54 −2.97 Down
miR-103a-3p 5, 20 Yes 2.33 2.05 Up
miR-146a-5p 5 Yes 7.28 5.52 Up
miR-15a-5p 13 No −4.85 −3.87 Down
miR-194-5p 1, 11 No 7.26 4.56 Up
miR-200b-3p 1 No 8.56 5.45 Up
miR-23a-3p 19 No −7.19 −5.02 Down
miR-24-3p 9, 19 No −4.24 −2.14 Down
miR-27a-3p 19 Yes −6.61 −6.35 Down
miR-27b-3p 9 Yes −1.82 −2.61 Down
miR-100-5p 11 Yes −7.27 −4.88 Down
miR-425-5p 3 No 2.98 2.00 Up
These miRNAs are abundantly expressed in HepG2 and L02 cells.They are the top downregulated and upregulated miRNAs in cancer cells (fold change (log 2)
>2.0 or <−2.0). Chr indicates the genomic locations of the miRNA genes (pre-miRNAs), including multicopy pre-miRNAs. let-7a-5p is located on chr9 (let-
7a-1), 11 (let-7a-2), and 22 (let-7a-3).The term “consistent” indicates that the sequence of the most abundant isomiR is the same as that of the reference miRNA
sequence in the miRBase database. The term “most” indicates the most abundant isomiR from a given locus. The term “all isomiRs” indicates total number of
isomiRs from a given locus.

Table 2: Pathway enrichment analysis of experimentally validated mRNA targets of dominant deregulated miRNAs.

Pathway Number 𝑃 value Target genes

Cell cycle 18 3.01𝐸 − 30
ATM; CCNA2; CCND1; CCND2; CCNE1; CDC25A; CDK6; CDKN1A;
CDKN1B; CDKN2A; E2F1; E2F2; E2F3; EP300; RB1; RBL2; TP53; WEE1

Chronic myeloid leukemia 15 2.74𝐸 − 27
ACVR1C; AKT1; CCND1; CDK6; CDKN1A; CDKN1B; CDKN2A; E2F1;
E2F2; E2F3; MYC; NFKB1; NRAS; RB1; TP53

Prostate cancer 15 3.74𝐸 − 26
AKT1; BCL2; CCND1; CCNE1; CDKN1A; CDKN1B; E2F1; E2F2; E2F3;
EP300; IGF1R; NFKB1; NRAS; RB1; TP53

Pancreatic cancer 14 3.03𝐸 − 25
ACVR1C; AKT1; CCND1; CDC42; CDK6; CDKN2A; E2F1; E2F2; E2F3;
NFKB1; RAC1; RB1; TP53; VEGFA

Bladder cancer 13 1.47𝐸 − 26
CCND1; CDKN1A; CDKN2A; E2F1; E2F2; E2F3; FGFR3; MYC; NRAS; RB1;
THBS1; TP53; VEGFA

Melanoma 13 3.21𝐸 − 23
AKT1; CCND1; CDK6; CDKN1A; CDKN2A; E2F1; E2F2; E2F3; IGF1R;
MET; NRAS; RB1; TP53

Melanoma 13 3.21𝐸 − 23
AKT1; CCND1; CDK6; CDKN1A; CDKN2A; E2F1; E2F2; E2F3; IGF1R;
MET; NRAS; RB1; TP53

Small-cell lung cancer 13 4.71𝐸 − 22
AKT1; BCL2; CCND1; CCNE1; CDK6; CDKN1B; E2F1; E2F2; E2F3; MYC;
NFKB1; RB1; TP53

Focal adhesion 13 5.65𝐸 − 17
AKT1; BCL2; CCND1; CCND2; CDC42; PAK3; IGF1R;MET; RAC1; RHOA;
ROCK1; THBS1; VEGFA

Glioma 12 1.49𝐸 − 21
AKT1; CCND1; CDK6; CDKN1A; CDKN2A; E2F1; E2F2; E2F3; IGF1R;
NRAS; RB1; TP53

Nonsmall cell lung cancer 10 3.77𝐸 − 18 AKT1; CCND1; CDK6; CDKN2A; E2F1; E2F2; E2F3; NRAS; RB1; TP53
Renal cell carcinoma 10 7.11𝐸 − 17 AKT1; CDC42; PAK3; EP300; ETS1; HIF1A;MET; NRAS; RAC1; VEGFA

Axon guidance 10 3.77𝐸 − 14
CDC42; PAK3; CXCL12; CXCR4;MET; NFAT5; NRAS; RAC1; RHOA;
ROCK1

p53 signaling pathway 9 1.83𝐸 − 14 ATM; CCND1; CCND2; CCNE1; CDK6; CDKN1A; CDKN2A; THBS1; TP53
Colorectal cancer 9 1.02𝐸 − 13 ACVR1C; AKT1; BCL2; CCND1; IGF1R;MET; MYC; RAC1; TP53
Wnt signaling pathway 9 1.88𝐸 − 11 CCND1; CCND2; EP300; MYC; NFAT5; RAC1; RHOA; ROCK1; TP53
MAPK signaling pathway 9 2.68𝐸 − 09 ACVR1C; AKT1; CDC42; FGFR3; MYC; NFKB1; NRAS; RAC1; TP53
Adherens junction 8 4.04𝐸 − 12 ACVR1C; CDC42; EP300; IGF1R;MET; RAC1; RHOA; WASF3
These target mRNAs are found to be regulated by at least 2 abnormal miRNAs each. Bold type indicates upregulation. Underlining indicates downregulation.
Other fonts indicate stable expression or undetectable levels.
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Figure 2: Various isomiR profiles. These miRNAs are the most abundantly up- (green) or downregulated (purple) miRNAs among those
examined here. Stably expressed miRNAs are also shown (black). The ordinate axis indicates the relative amount of expression in a specific
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miRNAs show similar patterns of expression, and deregulated miRNAs show various patterns of expression in those cells. The figure only
lists isomiRs (>50 for deregulated miRNAs, >100 for stably expressed miRNAs) for which normalized data was available.

on chromosomes 6 and 12 (mRNA) and chromosomes 4 and
5 (lncRNA).

Significantly deregulated mRNAs and lncRNAs were
found to be prone to be located on chromosomes 1 and 2,
especially upregulated species (Figures 3(a), 3(b), and 3(c)).
Upregulation was found to be more common than down-
regulation (Figure 3). Generally, no significant distribution
bias was found between sense and antisense strands (Figures
3(a) and 3(b)). Coding and noncoding RNAs indicated
similar ratios of downregulated species, while they showed
diversity of upregulated species (Figure 3(c)). Inconsistent

locational distribution patterns were detected based on the
total number of down- and upregulated mRNA and lncRNA
species (Figure 3(d)).

Thepathway andGOanalysis of abnormalmRNAexpres-
sion profiles showed various results (Figure 4 and Figure
S3). Downregulated mRNAs were prone to be found in
pathways of regulation of actin cytoskeleton and pathways
in cancer, and upregulated mRNAs contributed to the bio-
logical processes of ribosomes and spliceosomes (Figure 4).
Dominant abnormal mRNAs were collected for functional
enrichment analysis. Some of them had important roles in
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Figure 3: Distribution of aberrantly expressed mRNA and lncRNA profiles. Location distributions of aberrantly expressed (a) mRNA and
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Distribution of upregulated and downregulated species. (d) Distribution of total deregulated mRNAs and lncRNAs.

diverse essential biological processes through involvement in
the pathways, including purine metabolism, ribosomes, the
cell cycle, glycolysis, and gluconeogenesis (Table S1). They
also contributed to occurrence and development of some
human diseases, such as Parkinson’s disease and small-cell
lung cancer.

3.3. ncRNA-mRNA Data Integration and Interactive Regula-
tors in Tumorigenesis. According to functional enrichment
analysis of abnormal miRNAs and mRNAs, the common
pathways could be obtained using different genes (Table S2).
This was mainly attributable to the selected threshold values
of analyzed miRNA and mRNA species. Not all dominant
deregulated miRNAs and mRNAs had direct relationships.

An analysis of miRNA-mRNA interactions showed a
complex regulatory network (Figure 5). mRNAs that were

regulated by at least 2 abnormally expressed miRNAs were
collected. Generally, they were prone to form closed net-
works with close regulatory relationships. Some miRNAs,
such as let-7a-5p and miR-15a-5p, were located in the cen-
tral positions with multiple target mRNAs. Although small
regulatory molecules were downregulated or upregulated,
their target mRNAs might show consistent or inconsistent
dysregulation patterns (Figure 5). Locational relationships
indicated that related lncRNAs were also constructed in the
regulatory network. Some miRNAs, such as miR-24-3p (mir-
24-2 gene is located in BX640708), always showed consistent
deregulation patterns with their host lncRNAs (Figure 5).
Several mRNAs were also found to be related to nearby
lncRNAs. mRNA and associated lncRNA might be located
on the same strand or have a sense/antisense relationship
within a specific genomic region. mRNA-lncRNA might
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Figure 4: Analysis of significant pathways andGO terms regarding biological processes associated with abnormally expressedmRNAprofiles
in HepG2 cells.The 𝑃 value denotes the significance of the pathway correlated to the conditions and GO term (the recommend 𝑃 value cutoff
is 0.05).

show consistent (APP & AP001439.2) or inconsistent (E2F2
& AL021154.3) deregulation patterns (Figure 5).

To identify the overall patterns of deregulation between
mRNAs/miRNAs and lncRNAs, a comprehensive survey of
their potential relationships was performed incorporating
information regardingmRNAs,miRNAs, and lncRNAs.Most
mRNA-lncRNA pairs had sense/antisense relationships, and
miRNA-lncRNA pairs were prone to be located on the same
strands (Table S3). Generally, these mRNA/miRNA-lncRNA
pairs could completely or partially overlap (from the same
strands) or show reverse complementarily binding (from
sense/antisense strands). The mRNA and lncRNA could
show the same or different deregulation patterns, but they
were usually the same (Figure 6). Some pairs were up- or

downregulated, and their fold change values differed (Figures
6(a) and 6(b)). These RNA molecules, both coding RNAs,
which are functionalmolecules, and noncoding RNAs, which
are regulatory molecules, were prone to be downregulated in
tumor cells.

4. Discussion

Although the recorded values of differences in expression,
as defined as the abundance of isomiRs, expression levels
of isomiRs may have been influenced by higher sensitivity
of next-generation sequencing technology, the diversity of
those expression is mainly attributable to differences in the
isomiR profiles and expression patterns in normal and tumor
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Table 3: Differentially expressed abundant mRNA and lncRNA species.

mRNA/lncRNA Gene symbol Chr (±) HepG2 (Nor) L02 (Nor) Fold change Up/down
mRNA RBP4 chr10 (−) 16.41 4.90 11.51 Up
mRNA APOA1 chr11 (−) 15.07 5.44 9.64 Up
mRNA ALB chr4 (+) 14.19 4.65 9.54 Up
mRNA ID2 chr2 (+) 13.52 4.16 9.35 Up
mRNA TFPI chr2 (−) 13.26 4.29 8.97 Up
mRNA SERPINA3 chr14 (+) 14.15 5.42 8.73 Up
mRNA SRGN chr10 (+) 5.26 13.59 −8.33 Down
mRNA CD81 chr11 (+) 4.66 12.99 −8.33 Down
mRNA FOLR1 chr11 (+) 5.00 14.50 −9.50 Down
mRNA NNMT chr11 (+) 3.74 13.28 −9.54 Down
mRNA C11orf86 chr11 (+) 4.26 15.16 −10.90 Down
mRNA BASP1 chr5 (+) 5.53 17.06 −11.53 Down
lncRNA RP11-113C12.1 chr12 (−) 12.71 5.43 7.28 Up
lncRNA D28359 chr13 (+) 13.95 6.63 7.31 Up
lncRNA MGC12916 chr17 (+) 11.25 3.91 7.33 Up
lncRNA ABCC6P1 chr16 (+) 12.28 4.89 7.39 Up
lncRNA lincRNA-HEY1 chr8 (−) 12.12 4.70 7.42 Up
lncRNA HSPEP1 chr20 (−) 13.22 5.60 7.61 Up
lncRNA TMSL6 chr20 (−) 8.25 16.08 −7.83 Down
lncRNA RP11-163G10.3 chr1 (−) 8.18 15.92 −7.74 Down
lncRNA AC010907.3 chr2 (−) 7.44 15.07 −7.64 Down
lncRNA BC106081 chr8 (−) 3.70 10.81 −7.11 Down
lncRNA nc-HOXA11-86 chr7 (+) 3.83 10.65 −6.82 Down
lncRNA AK054970 chr13 (+) 6.01 12.64 −6.62 Down
The table only lists the top 6 up- and downregulated mRNAs and lncRNAs based on the fold change values (log 2).These mRNAs and lncRNAs are dominantly
expressed. “Chr (±)” indicates genomic location on sense or antisense strands of human chromosomes. “Nor” indicates the normalized data.
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Figure 6: Integrative expression analysis ofmRNA-lncRNA andmiRNA-lncRNAbased on their locations. ((a)-(b)) Schematic representation
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cells (Figure S4). Indeed, the most dominant isomiRs are
not always canonical miRNA sequences. The wide range
of these inconsistent sequences was found to contribute to
various isomiR repertoires, leading to differences in expres-
sion between the most abundant isomiR and other isomiRs.
Herein, 3 addition is detected in many places, but it is not
always present in the dominant sequences, though it may
show high level of expression (Figure 2 and Figure S4). Stably
expressed miRNAs always show similar isomiR patterns,
and deregulated miRNA species are prone to show different
isomiR repertoires (Figure 2) [34]. Generally, isomiR profiles
remain stable in different tissues [31, 33, 34]. Deviant isomiR
expression profiles should not be considered random events.
These results strongly suggest that the isomiR repertoires
and their patterns of expression might contribute to tumori-
genesis through playing biological roles [34]. Collectively,

the detailed isomiR repertoires might serve as markers and
provide information regarding the regulatory mechanisms of
small noncoding active molecules.

miRNAs are small negative regulatory molecules. They
can suppress gene expression via mRNA degradation or
repression of translation [4, 6]. However, integrative anal-
ysis shows both consistent and inconsistent deregulation
patterns, indicating complex regulatory networks containing
both noncoding RNAs and mRNAs (Figure 5). mRNAs are
always regulated by multiple miRNAs, and vice versa. The
dynamic expression patterns between miRNAs and mRNAs
are more complex than had been believed. Even though
multiple target mRNAs can be detected, miRNA may reg-
ulate specific mRNAs at specific times and at specific sites.
Competitive interactions between miRNA and mRNA may
be dynamic and involve complex regulatory mechanisms
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in a specific microenvironment. Dominant selection may
exist in miRNA and mRNA. Selective, dynamic, flexible
interactions may produce robust coding-noncoding RNA
regulatory networks, especially networks involving lncRNAs.
The robust regulatory patterns contribute to normal biolog-
ical processes. Abnormal regulatory networks may produce
aberrant pathways and even disease. Specifically, let-7-5p has
been experimentally validated as crucial regulatory molecule
in hepatocellular carcinoma. They can negative regulate Bcl-
xL expression and strengthen sorafenib-induced apoptosis
[41], and can contribute to protecting human hepatocytes
from oxidant injury through regulating Bach1 [42]. Common
pathways can be produced through enrichment analysis of
miRNAs andmRNAs (Table S2). Significantly up- and down-
regulated mRNAs show various pathways and GO terms
(Figure 4 and Figure S3). The large number and variety of
biological roles and their positions in pathways and networks
indicate that theymay contribute to tumorigenesis. Assessing
the actual interactionnetworks can be difficult in vivobecause
of dynamic expression, althoughhigh-throughput techniques
can be used to track and construct whole-expression profiles.

Both dominant and deregulated miRNAs are prone to
be located on specific chromosomes (Figure S1D). The bias
might implicate active transcription of specific regions or
chromosomes. However, abnormal species do not show
distribution biases (Figure 3 and Figure S2). Among domi-
nant aberrantly expressed miRNA, downregulation is quite
common. Among mRNAs and lncRNAs, upregulation is
more common. All of these findings suggest consistent or
coexpression patterns shared bymRNAs and lncRNAs.These
are mainly derived from original transcription from genomic
DNA sequences. miRNAs and mRNAs/lncRNAs tended to
show opposite deregulation patterns. Evidence suggests that
miRNA can regulate lncRNA through methylation. For
example, miR-29 can regulate the long noncoding gene
MEG3 in hepatocellular cancer through promoter hyper-
methylation [43]. Moreover, some miRNAs are encoded by
exons of long noncoding transcripts [44, 45]. These miRNAs
and their host gene lncRNAs may be cotranscribed and
coregulated. These would include miR-31 and its host gene,
lncRNA LOC554202, which, in triple-negative breast cancer,
are regulated through promoter hypermethylation [46].

Noncoding RNA molecules, especially miRNAs and
lncRNAs, are very prevalent regulatory molecules. They
have been shown to play versatile roles in many biological
processes. These usually involve transcriptional regulation
andmodulation of protein function [23]. In the present study,
the nearness or separation of ncRNAs and mRNAs on the
chromosome is used to perform a comprehensive analysis.
Results show that mRNA-lncRNA pairs always have con-
sistent or inconsistent deregulation patterns (Figures 5 and
6 and Table S3). Although some pairs have sense/antisense
relationships, the same trends can be detected even at
differences in fold change of far greater magnitude (log 2)
(Figures 6(a) and 6(b)). The various fold change indicates
different degrees of up- or downregulation between mRNAs
and lncRNAs. This information might be used to determine
the method of regulation. The two members of each mRNA-
lncRNA pair can overlap completely or partially (on the

same strand). Some of them can also form duplexes through
reverse complementary binding (from the sense/antisense
strands), which may facilitate interactions between different
RNA molecules. The pronounced divergence with respect to
the degree of deregulation might be attributable to different
regulatory methods, although other complex mechanisms
may also be involved. The mRNA and lncRNA from the
same strands sometimes show opposite deregulation trends
(Figure 6(b)), although the fact that they are cotranscribed
from the same genomic DNA sequence with similar original
expression levels. Complex negative regulatory networks,
especially those involved in noncoding miRNAs and lncR-
NAs, contribute to the diversity of final relative expression
levels in vivo. Abnormal regulation in the coding-noncoding
RNA network may be pivotal to tumorigenesis.

miRNA-lncRNA pairs with locational relationships are
also surveyed. The miRNA and lncRNA in these pairs are
more prone to be located on the same strand with complete
overlap than paired mRNA and lncRNA molecules are
(Figure 6 and Table S3). They may show either consistent or
inconsistent deregulation patterns, but consistent patterns are
more common (Figure 6).The different levels of final enrich-
ment may be attributable to degradation and regulatory
mechanisms. Diversity of abnormal half-life for specific RNA
molecules may cause the development of diseases. However,
although molecules may have different regulatory relation-
ships, a robust regulatory network can be detected, especially
due to multiple targets of each molecule. Alternative reg-
ulatory pathways, particularly flexible candidate regulatory
pathways and functional pathways, indicate that the coding-
noncoding RNA regulatory network is more complex than
had been believed, especially in different space and time.The
possible flexible relationships between molecules in various
places and at various times are crucial to determining the
mechanism underlying tumorigenesis.
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Gleditsia sinensis is a genus of deciduous tree in the family Caesalpinioideae, native to China, and is of great economic importance.
However, despite its economic value, gene sequence information is strongly lacking. In the present study, transcriptome sequencing
ofG. sinensiswas performed resulting in approximately 75.5million clean reads assembled into 142155 unique transcripts generating
58583 unigenes. The average length of the unigenes was 900 bp, with an N50 of 549 bp. The obtained unigene sequences were then
compared to four protein databases to include NCBI nonredundant protein (NRDB), Swiss-prot, Kyoto Encyclopedia of Genes and
Genomes (KEGG), and theCluster ofOrthologousGroups (COG).UsingBLASTprocedure, 31385 unigenes (53.6%)were generated
to have functional annotations. Additionally, sequence homologies between identified unigenes and genes of known species in a
protein-protein interaction (PPI) network facilitated G. sinensis PPI network construction. Based on this network construction,
new stress resistance genes (including cold, drought, and high salinity) were predicted. The present study is the first investigation
of genome-wide gene expression in G. sinensis with the results providing a basis for future functional genomic studies relating to
this species.

1. Introduction

Gleditsia sinensis is a genus of deciduous tree in the family
Caesalpinioideae, native to China. G. sinensis usually grows
15–30m tall and is of economic and medicinal importance.
The fruits of G. sinensis can serve as medicine, food, health
products, cosmetics, and natural raw materials for cleaning
products [1]; the seeds can be used as appetizing medicine
[2, 3] and contain an important vegetable gum (guar gum) [2];
the thorns (soap-pin) contain flavonoid glycosides, phenols,
and amino acids and have a high economic value [3].
However, up to October 2013, only 17 nucleotide sequences
and eight protein sequences ofG. sinensiswere available in the
NCBI database.This brings to question why such an econom-
ically valuable organism has been so understudied, making
it important to generate more genetic sequence information
to further study G. sinensis.

Plants are exposed to continuously changing environ-
mental conditions under natural conditions. Various envi-
ronmental stresses, such as heat, cold, drought, and high

salinity, are major factors in affecting plant development,
growth, and productivity [4–6]. The stress-induced tran-
scriptomic responses of plants revealed that many molecular
mechanisms had been evolved to help plants to adapt and
survive under the harmful stresses. Usually, there is an initial
activation/sensory stage followed by a physiological stage
when the plant perceived and responded to the abiotic stress
[6, 7]. Previous work in a variety of stresses has been studied
in Arabidopsis thaliana [8, 9]. Compared to Arabidopsis
thaliana, there is little known about how trees respond to abi-
otic stress. In recent years, the emergence of next-generation
sequencing technology has provided a fast and effective
approach to generation of transcriptome data of nonmodel
organisms lacking a complete genome sequence [10, 11].
Comparedwithwhole-genome sequencing, RNA sequencing
(RNA-seq) is of low cost and high throughput, becoming
an important part of functional genome research [12]. It
provided an efficient way of identifying the expression level
and new members of the genes [13, 14].
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In the present study, the Illumina HiSeq 2000 platform
was used for transcriptome sequencing in four tissue types
collected fromG. sinensis. A total of 7632619288 reads assem-
bled into 58583 unigenes and their functional annotations
were obtained. In addition, a protein-protein interaction
(PPI) network comprising genes expressed in G. sinensis
was constructed and utilized to identify some new potential
drought, freezing, and salinity tolerance genes.These findings
will provide a solid foundation for further investigation of the
functional genomics of G. sinensis.

2. Materials and Method

2.1. RNA Preparation, Sequencing, and Assembly. The G.
sinensis specimen used in the present study was wild-grown
from the Jiangsu Province, China. Total RNA was extracted
from four tissues: tender shoots, young leaves, flower buds,
and round thorns, using TRIzol Reagent with qualification
and quantification evaluated by Agilent 2100 Bioanalyzer
Nanochips and NanoDrop 2000 Spectrophotometer. And
then it was processed and used for Illumina sequencing [15].

Raw read sequences are uploaded in the Short Read
Archive database from National Center for Biotechnology
Information (NCBI) with the accession number SRR 1012862.

We used SeqPreq (https://github.com/jstjohn/SeqPrep)
to remove sequencing adapters and then used sickle [16] to
trim low-quality sequences with default parameters. After
cleaning reads, all of the high-quality reads were used in
assembling by Trinity (trinityrnaseq r2013-02-25) [17, 18].
Thek-merwas counted by jellyfish and themin contig length
was set as 300.Then, RSEM [19] was used to measure expres-
sion levels of every unique transcript. Units of TPM (tran-
scripts permillion)were used to report results. After counting
fraction of each isoform, length × isoform percent was
defined as a standard to identify unigenes.

2.2. Functional Annotation. Unigenes larger than 300 bp
were subjected to functional annotation for predicting puta-
tive gene descriptions, conserved domains, gene ontol-
ogy (GO) terms, and association with metabolic path-
ways. First, BLAST procedure (ftp://ftp.ncbi.nih.gov/blast/
executables/release/2.2.18/) was used to compare all unigenes
against protein sequence databases to include NRDB, Swiss-
prot, and Clusters of Orthologous Groups (COG) with an 𝐸-
value < 1.0𝐸 − 6. Based on BLAST best match results, gene
function and protein-related information were predicted,
with Blast2GO software [20] used for gene ontology (GO)
annotation in terms of molecular function, cellular compo-
nent, and biological process. After all GO annotations were
obtained, Web Gene Ontology Annotation Plot (WEGO)
software was used to construct comparative plots based
on unigene classifications. Unigenes were also subjected to
sequence comparison using the COG database for gene
function prediction [21]. For Kyoto Encyclopedia of Genes
and Genomes (KEGG) annotation [22], the BLASTX soft-
ware was used for sequence comparison of unigenes within
the KEGG database and completed on the KASS website
[23] (http://www.genome.jp/tools/kaas/). Following KEGG

annotation, each gene acquired a KEGG Orthology (KO)
number representing a node in a certain reference metabolic
pathway in KEGG.

2.3. Construction and Analysis of PPI Networks. First, known
PPI networks and protein sequences from six species (Ara-
bidopsis thaliana, Arabidopsis lyrata, Oryza sativa subsp.
japonica, Brachypodium distachyon, Populus trichocarpa, and
Sorghum bicolor) were downloaded from the String database
[24]. Then using the TBLASTN software, protein sequences
from the downloaded PPIs were compared with G. sinensis
unigenes to identify homologous sequenceswith an𝐸-value<
1.0𝐸 − 6. The criterion of candidate interacting genes of
the network was the TBLASTN hits with identity >50% and
covering query gene >80%. If two unigenes from G. sinensis
corresponded to two homologous proteins in the known
networks, the encoded proteins were considered to interact
with each other. Concluding network construction, each
node in the network was assigned to a degree 𝑘, which is
the number of connected neighboring nodes. The degree
distribution of giant network branches was computed using
the formula 𝑃(𝑘) = 𝑁(𝑘)/𝑁 where𝑁 is the number of nodes
and𝑁(𝑘) denotes the number of nodes with degree 𝑘 [25].

Stress resistance genes and protein sequences of
Arabidopsis thaliana proteins related to salinity, drought,
and freezing tolerance were downloaded from the stress
responsive transcription factor database [26–28] (STIFDB;
http://caps.ncbs.res.in/stifdb2/) and compared with the G.
sinensis unigene library to search for homologous sequences
potentially possessing the same functions inG. sinensis. Next,
the PPI network was used to predict novel drought, freezing,
and salinity tolerance genes.The specific predictive criterions
are as follows. If a protein in theG. sinensis network connects
directly with the homologous sequences of over four known
stress resistance genes, with no homology among these
genes, then that gene was predicted to be a potential stress
resistance gene.

3. Result

3.1. Paired-End Sequencing and De Novo Assembly of G.
sinensis Transcriptome. Genes are differentially expressed in
different tissue types. In an effort to broaden the obtained
gene expression profile inG. sinensis, total RNAwas extracted
from four different tissues (tender shoots, young leaves,
flower buds, and round thorns) and mixed in equal parts
for sequencing using the Illumina platform. This resulted in
a total of 75.6 million high-quality clean reads containing
7632619288 nucleotides (nt) and an average read length of
101 bp (Table 1). Due to a lack of G. sinensis whole-genome
sequence, Trinity software was used to assemble all high-
quality clean reads into transcripts de novo. From all of the
clean reads, a total of 142155 unique transcripts with an
average length of 1537 bp were obtained with a N50 of 1202 bp
and the majority of unique transcripts (31818) between 100
and 500 bp (Figure 1(a)). Then after removing redundant
sequences, 58583 unigenes were obtained, with an average
length of 900 bp. The lengths of the unigenes varied from
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Figure 1: Overview of the G. sinensis transcriptome assembly. The size distribution of the UTs (a) and unigenes (b) produced from de novo
assembly of reads by Trinity.

Table 1: Summary of sequence assembly by Trinity after Illumina sequencing.

Number Mean size (bp) N50 size (bp) Total nucleotides (bp)
Read 75570488 101 101 7632619288
Unique transcript 142155 1537 1202 218503453
Unigene 58583 900 549 52719022

300 bp to over 3000 bp and the length distribution of uni-
genes was shown in Figure 1(b).

3.2. Functional Annotation and Classification of G. sinensis
Transcriptome. Nonredundant database (NRDB) built in
NCBI contains large amounts of protein information. For
annotation of theG. sinensis transcriptome, all unigenes were
compared against the NRDB using BLASTX (an 𝐸-value cut-
off of 1𝑒−6) to reveal 31100 unigenes with sequence homology.
Among them, 45.1% of unigenes have the best matches
mapping soybean.

Thedistribution of𝐸-values based on sequence homology
showed that 61.1% of unigenes had high homology (smaller
than 1.0𝑒−50) with the𝐸-values of the othermatches varying
from 1.0𝐸−50 to 1.0𝐸−6 (Figure 2(a)).The similarity distri-
bution showed the majority of unigenes (93.0%) with homol-
ogous sequences having similarities between 40% and 100%,
with only 7% of the unigenes with homologous sequences
having similarities less than 40% (Figure 2(b)).

Swiss-prot, an annotated protein sequence database
maintained by the European Bioinformatics Institute (EBI),
was also employed for unigene comparison which revealed
22157 of 58583 unigenes (37.8%) with sequence homology at
an 𝐸-value threshold of ≤ 1.0𝐸 − 6 (Table 2). Almost half of
these unigenes (49.2%) had an 𝐸-value ≤ 1.0𝐸 − 50, and the
remaining had𝐸-values between 1.0𝐸−50 and 1.0𝐸−6which
showed a slightly different result compared to the NRDB

Table 2: Summary of annotation of G. sinensis unigenes.

Category Number Percentage
NR annotated unigene 31100 53.09%
Swiss-prot 22157 37.82%
GO classified unigene 15264 26.06%
COG classified unigene 6413 10.95%
KEGG classified unigene 2914 4.97%

query (Figure 2(c)). In Swiss-prot comparison, 73.4% of the
unigenes had sequence homology in the range of 40% to
100%, with only 26.6% having homology <40% (Figure 2(d)).
In short, when combining the results from Swiss-prot and
NRDB comparisons, a total of 31131 unigenes were confirmed
to have homologous sequences.

3.3. Classification by Gene Ontology (GO) Annotation. Gene
ontology (GO) terms were utilized to assign gene function
classifications to each unigene based on sequence similar-
ity comparisons from NRDB. Among the 58583 unigenes
identified in G. sinensis, 15264 were categorized into at
least one of the three main GO categories which could be
further subdivided into 51 subcategories (Table 2, Figure 3,
and Additional File 1; see Supplementary Material available
online at http://dx.doi.org/10.1155/2014/404578).The number
of unigenes in cellular component, biological process, and
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Figure 2: Unigene homology searches against NR and Swiss-prot databases shown by pie graphs.𝐸-value proportional frequency distribution
of BLAST hits against the NR database (a) and Swiss-prot database (c). Proportional frequency distribution of UTs similarities against the
NR database (b) and Swiss-prot database (d) based on the best BLAST hits (𝐸-value ≤ 1.0𝐸 − 6).

molecular function was 11942 (20.4%), 11683 (19.9%), and
11129 (19.0%), respectively. The subcategory at the “cell,”
“cell part,” “cellular process,” “organelle,” “metabolic process,”
“binding,” and “catalytic activity” level included the highest
number of unigenes relative to other subcategories, with the
biological processes category also showing large numbers
relating to cellular processes (9353) and metabolic processes
(9039). This suggested an abundance of metabolic activities
occurring at the time of sampling.

3.4. Functional Classification by KEGG. To further predict
the metabolic pathways of G. sinensis, Arabidopsis thaliana
andOryza sativawere used as references and each assembled
unigene was annotated in KAAS to obtain the corresponding

enzyme commission (EC) numbers. KEGG is considered
a basic platform for systematic functional analysis based
on constructed networks comprising gene products. KEGG
analysis mapped a total of 2914 unigenes to 307 metabolic
pathways encompassing five KEGG categories, including
metabolism, genetic information processing, environmental
information processing, cellular processes, and organismal
systems (Additional File 2). The “metabolic” pathways show
the highest representation (1357 members, 46.6%), followed
by ribosome (180 members, 6.2%, ko03010), biosynthe-
sis of amino acids (147 members, 5.0%, ko01230), carbon
metabolism (133 members, 4.6%, ko01200), plant hormone
signal transduction (129 members, 4.4%, ko4075), spliceo-
some (127 members, 4.3%, ko03040), protein processing in
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Figure 3: Gene ontology classification of the G. sinensis transcriptome. Gene ontology (GO) term assignments to G. sinensis unigenes based
on significant hits against the NR database are summarized into three main GO categories (biological process, cellular component, and
molecular function) and 51 subcategories.

the endoplasmic reticulum (125 members, 4.3%, ko04141),
purine metabolism (109 members, 3.7%, ko00230), and RNA
transport (100 members, 3.5%, ko03013).

3.5. Classification by COG. Cluster of Orthologous Groups
(COG) database containing proteins encoded by 66 complete
genomes of bacteria, algae, and eukaryotes was constructed
according to phylogenetic relationships. COG is a very
useful tool for predicting the functionality of the individual
proteins or all proteins in a new genome. In the present
study, all obtained unigenes were compared with proteins
in COG and classified into appropriate COG clusters. The
results identified 6413 genes displaying significant sequence
homology with COG database proteins, accounting for 11.0%
of all unigenes. Some unigenes were shown to have multiple
COG functions with a total of 6582 functional annotations
noted and grouped into 21 COG function sets with𝐸-values≤
1.0𝐸−6 (Table 2, Figure 4, andAdditional File 3).The five sets
including the largest number of unigenes were (1) “general
function prediction only” (14.8%); (2) “replication, recom-
bination, and repair” (10.6%); (3) “translation, ribosomal
structure, and biogenesis” (10.2%); (4) “posttranslational
modification, protein turnover, and chaperones” (9.8%); and
(5) “amino acid transport andmetabolism” (8.1%).The “RNA

processing and modification” and “chromatin structure and
dynamics” sets contained the least numbers of unigenes, 21
and 13, respectively.

In summary, 31385 unigenes were annotated using NR,
Swiss-prot, COG, and KEGG databases with 𝐸-values ≤
1.0𝐸 − 6 deemed significant. Among these unigenes, 1433
showed BLAST match results in all four public databases
demonstrating a strong functional annotation.These annota-
tions provide valuable resources for further study of the spe-
cific metabolic activities, gene structures, and functions and
pathways of G. sinensis.

3.6. Construction of Protein-Protein Interaction Network in G.
sinensis. Using TBLASTN, similarities between G. sinensis
unigenes and genes in a PPI network consisting of six String
database genomes (Arabidopsis thaliana, Arabidopsis lyrata,
Oryza sativa subsp. japonica, Brachypodium distachyon, Pop-
ulus trichocarpa, and Sorghum bicolor) facilitated the con-
struction of a PPI network of G. sinensis. This network
contained one giant component and 91 smaller components
(Figure 5 and Figure S1). The giant component contained
1,897 nodes with 7078 links between nodes.The degree distri-
bution of giant component conformed to 𝑃(𝑘) = 0.23𝑘−0.91,
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Figure 4: COG function classification of the G. Sinensis transcriptome. A total of 6413 unigenes with significant homologies to the COG
database (𝐸-values ≤ 1.0𝐸 − 6) were classified into 21 COG categories.
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Figure 5: Illustration of the giant component of unigenes in G. sinensis.
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Figure 6: The topological analysis of the giant component in G.
sinensis with 1897 nodes and 7078 edges. Log-log plots of the node
degree distribution with a power-law fit (red line).

implying that the network was scale free and similar to other
biological networks (Figure 6).

3.7. Prediction of Resistance Genes in G. sinensis. Resistance
genes and protein sequences from Arabidopsis thaliana relat-
ing to freezing, drought, and salinity tolerance were down-
loaded from STIFDB and comparedwithG. sinensis unigenes
to locate sequence homology. 435 freezing tolerance genes,
284 drought tolerance genes, and 348 salinity tolerance genes
were found (Additional File 4). Based on the constructed
G. sinensis PPI network, new freezing, drought, and salinity
tolerance genes were predicted with a protein considered a
potential resistance gene if interactions with over four known
resistance geneswere noted.The results revealed 19 new freez-
ing tolerance genes, 11 drought tolerance genes, and 18 salinity
tolerance genes (Table 3). This provides a theoretical basis
for future experimental studies on resistance genes and for
culturing resistant G. sinensis varieties.

4. Discussion

Gleditsia sinensis is a tree species of important economic
and medicinal value. However, due to a lack of genomic
research, molecularly based breeding of G. sinensis is hin-
dered. Recently, RNA-seq technology has provided a new
approach to obtaining rich sequence information to include
successful applications inmany plants, such asYoungia japon-
ica [29], cabbage [30], tea plant [15], and citrus psyllid [31].
In the present study, RNA-seq was used for transcriptome
sequencing ofG. sinensiswith 7.6Gbp examined and 75.6mil-
lion clean reads obtained. The Trinity software was used for
de novo assembly and a total of 58583 unigenes were obtained.
Among these, 31385 unigenes were functionally annotated
and shown to participate in a variety of biological processes,
accounting for 53.6% of all obtained unigenes.

Table 3: Novel resistant genes relating to cold, drought, and salinity
tolerance identified by network analysis.

Cold Drought Salinity
comp22423 c0 seq1 Yes Yes Yes
comp24732 c0 seq2 Yes No No
comp25430 c0 seq1 Yes No No
comp28513 c0 seq1 Yes No No
comp37332 c0 seq1 Yes Yes Yes
comp38200 c0 seq1 Yes No No
comp38390 c0 seq5 No Yes Yes
comp39646 c0 seq2 Yes Yes Yes
comp39900 c0 seq1 No Yes Yes
comp39917 c0 seq1 No No Yes
comp41481 c0 seq2 Yes No No
comp42998 c0 seq1 Yes No Yes
comp43037 c0 seq1 Yes No Yes
comp43634 c0 seq1 No Yes Yes
comp45199 c0 seq1 No Yes Yes
comp45561 c0 seq1 Yes No No
comp47037 c0 seq1 No Yes Yes
comp47415 c0 seq1 Yes No Yes
comp47471 c0 seq6 No Yes Yes
comp47482 c0 seq2 Yes No Yes
comp47503 c0 seq6 Yes No Yes
comp47673 c0 seq3 Yes No No
comp47694 c0 seq2 Yes No No
comp48118 c0 seq4 No Yes Yes
comp50179 c0 seq1 Yes Yes Yes
comp51180 c1 seq11 Yes No Yes
comp81788 c0 seq1 Yes No No

Besides, freezing, drought, and salinity tolerance genes in
G. sinensiswere predicted by searching for homologous genes
linked to resistance and using PPI networks. Currently there
are many available methods for gene function prediction
based on PPI. For example, George et al. assumed that genes
interacting with known disease genes were also disease genes
and studied third-degree interactions, yet many false posi-
tives were discovered based on nondirect interactions [32].
Xu and Li reported five topological characteristics of disease-
related PPI networks, yet these characteristics were not found
in the yeast two-hybrid network. These characteristics were
used to predict disease-related genes, yet they were unable
to explain the biological significance of these characteristics,
and their results still required experimental verifications
[33]. Based on these previous studies and to ensure the
lowest rate of false positive predictions, the present study
applied more strict conditions to include direct connections
with known resistance genes and interactions with over four
known resistance genes. Whether the identified genes are
indeed related to resistance still needs further experimental
validation and this will be the focus of our future research.
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5. Conclusion

In the present study, Illumina RNA-seq and de novo assembly
methods were applied to study the transcriptome of G.
sinensis for the first time.A total of approximately 75.6million
reads, assembled into 58583 unigenes with an average length
of 900 bp, were identified. Among these unigenes, 31385
obtained annotation from NR, Swiss-prot, COG, and KEGG
databases.The results of the present study confirm that RNA-
seq technology is a fast, effective method for transcriptome
analysis of nonmodel plants and provides a good resource
for further gene expression analysis. The constructed PPI
network for G. sinensis when compared to known resistance
genes of Arabidopsis predicted 18 freezing tolerance genes, 11
drought tolerance genes, and 19 salinity tolerance genes.Thus
these findings provide a theoretical basis for future culturing
of stress-resistant G. sinensis varieties.
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The recently emerging Influenza A/H7N9 virus is reported to be able to infect humans and cause mortality. However, viral and host
factors associated with the infection are poorly understood. It is suggested by the “guilt by association” rule that interacting proteins
share the same or similar functions and hence may be involved in the same pathway. In this study, we developed a computational
method to identify Influenza A/H7N9 virus infection-related human genes based on this rule from the shortest paths in a virus-
human protein interaction network. Finally, we screened out the most significant 20 human genes, which could be the potential
infection related genes, providing guidelines for further experimental validation. Analysis of the 20 genes showed that they were
enriched in protein binding, saccharide or polysaccharide metabolism related pathways and oxidative phosphorylation pathways.
We also compared the results with those from human rhinovirus (HRV) and respiratory syncytial virus (RSV) by the samemethod.
It was indicated that saccharide or polysaccharide metabolism related pathways might be especially associated with the H7N9
infection. These results could shed some light on the understanding of the virus infection mechanism, providing basis for future
experimental biology studies and for the development of effective strategies for H7N9 clinical therapies.

1. Introduction

Influenza is one of themost dangerous contagions worldwide
and is still a serious global health threat. In the spring of 2013,
a novel Influenza A virus subtype H7N9 (A/H7N9) broke out
in China and quickly spread to other countries [1–3]. As of
11 August 2013, 136 human infections had been laboratory-
confirmed, with 44 deaths.

The Influenza A viruses (IAVs) are classified into subtypes
according to a combination of 16 hemagglutinin (HA: H1–
H16) and 9 neuraminidase (NA: N1–N9) surface antigens [4].
Genomic signature and protein sequence analyses revealed
that the genes of this A/H7N9 virus were of avian origin
[5–7]. The six internal genes were derived from the avian

Influenza A/H9N2 strain, whereas the haemagglutinin (HA)
and neuraminidase (NA) gene segments were from viruses of
domestic duck or wild birds [2, 3, 8].

Generally, most avian influenza viruses (e.g., subtypes
H5N1, H9N2, H7N7, and H7N3) are of low pathogenicity
[4], possibly because avian viruses are inefficient at binding
to sialic acid receptors located in human upper airways
[5]. However, by comparison, the novel reassortant A/H7N9
seems to cross species from poultry to human more easily
[5]. The recombinant has mutations in the hemagglutinin
protein, which is associated with potentially enhanced ability
to bind to human-like receptors. A deletion in the viral
neuraminidase stalk may be also responsible for the change
in viral tropism to the respiratory tract or for enhanced
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viral replication. Mammalian adaptation mutations are also
observed in the polymerase basic 2 (PB2) gene of the virus
[2, 9]. These are thought to be correlated with the increased
virulence and the better adaptation to mammals of A/H7N9
than other avian influenza viruses [10].

No vaccine for the prevention of A/H7N9 infections is
currently available [11]. Although preventing further spread
of the infection is important, new drug and vaccine devel-
opment are also vitally needed for the antiviral treatment.
However, viral and host factors associated with the infection
of this reassortant are poorly understood [5], which is an
obstacle to fight against H7N9. The difficulty is increased
by the unusual characteristics from hallmark mutations in
the virus, differing from other avian IAVs. Therefore, it is
meaningful to identify H7N9 infection-related human genes,
which could be used as biomarkers for early diagnosis and
targets for new drug development.

In the present study, we proposed a new method for
identifying H7N9 infection-related human genes based on
a protein-protein interaction (PPI) network. So far the PPI
data have been widely used for gene function predictions.
The “guilt by association” rule, which was first proposed
by Nabieva et al. [12], suggests that interacting proteins
share the same or similar functions and hence may be
involved in the same pathway.This assumption can be used to
identify disease-related genes from existing protein-protein
interaction networks. In our previous studies, based on
this assumption, we have identified genes related to other
diseases, such as the ones mentioned in [13–15].

Shortest path and betweenness method are widely used
to identify and analyze biomarkers on virus-host interaction
networks [16–18]. If one protein is on many shortest paths
between virus target genes, it has great betweenness and it
can disrupt the signal transduction on the network [19, 20]. It
was found that proteins with great betweenness usually have
similar functions with the original seed genes [13, 21]. In this
study, we used thismethod to identify potential host response
genes to the A/H7N9 virus infection.

2. Materials and Methods

The overall procedure of our method is illustrated in Figure 1.
In the following subsections, details are presented.

2.1. Dataset Construction of Target Human Proteins. The
course of the Influenza A/H7N9 infection can be deter-
mined by comprehensive protein-protein interactions (PPIs)
between the virus and its host (human). In this study, whether
a human protein interacted with virus proteins was deter-
mined based on the GeneOntology (GO) database.TheGene
Ontology (GO) terms provide information about the biolog-
ical process, molecular function, and cellular component of
a specific protein. A human protein and a protein of H7N9
having at least 1 sharing GO term were assumed to interact
with each other and the human protein was called target
human protein. Since protein pairs sharing generic GO terms
should be ignored, in this study, onlyGO terms at levels below
3 were considered. That is to say, we excluded the root GO

terms (“GO:0008150: biological process”, “GO:0005575: cel-
lular component”, “GO:0003674: molecular function”), their
children, and the children of their children terms. Based on
this rule, we constructed a dataset of target human proteins.
The detailed description of the procedure was presented
below.

All protein sequences of the InfluenzaA/H7N9 virus were
downloaded from NCBI protein database (http://www.ncbi.
nlm.nih.gov/). After removing those with sequence identities
>40%, only 11 proteins were left and were listed in Supporting
Information S1 available online at http://dx.doi.org/10.1155/
2014/239462. The Gene Ontology (GO) terms at levels below
3 of the 11 proteins were mapped by InterProScan (http://
www.ebi.ac.uk/Tools/pfa/iprscan/) [22]. All human proteins
and their Protein-GO term mappings were obtained from
biomart in ENSEMBL (http://asia.ensembl.org/biomart/
martview/).

Based on the rule of sharing GO terms, 3,212 target
human proteins (coded by 1,023 human genes) were picked
out, each of which interacted with at least 1 H7N9 virus
protein. These virus-human protein pairs were provided in
Supporting Information S2, together with the sharing GO
terms for each pair. And we summarized the 3,212 target
human proteins with their 1,023 related coding genes in
Supporting Information S3.

2.2. PPI Data from STRING. STRING (Search Tool for
the Retrieval of Interacting Genes) (http://string.embl.de/)
[23] is an online database resource which compiles both
experimental and predicted protein-protein interactionswith
a confidence score to quantify each interaction confidence.
A weighted PPI network can be retrieved from STRING, in
which proteins in the network are represented as nodes, while
interactions between proteins are given as edges marked with
confidence scores if they are in interaction with each other.
Interacting proteins with high confidence scores in such a PPI
network are more likely to share similar biological functions
than noninteractive ones [23–25]. This is because the protein
and its interactive neighbours may form a protein complex
performing a particular function or may be involved in the
same pathway.

We constructed a graph 𝐺 with the PPI data from
STRING (version 9.0). In such a graph, proteins were repre-
sented as nodes; however, the weight of each interaction edge
was assigned a 𝑑 value rather than a confidence score (𝑠).The
𝑑 value was derived from the confidence score 𝑠 according to
the equation 𝑑 = 1000 × (1 − 𝑠). Thus, the 𝑑 value can be
considered as representing protein distances to each other:
the smaller the distance, the higher the interaction confidence
score and the more similar the functions they have.

In this study, we analyzed in such a graph every two
protein interactions in the target human protein dataset.

2.3. Shortest Path Tracing. The Dijkstra algorithm [26] were
used to find the shortest paths in the graph 𝐺 between every
two proteins in the target human protein dataset, that is, the
shortest paths between each of the 3,212 proteins to all the
other 3,211 proteins in the graph. The Dijkstra algorithm was
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A/H7N9 proteinsHuman proteins

3,212 target human proteins
(1,023 human genes)

Find the shortest paths in STRING
(for every two proteins in target human proteins)

Analysis of the potential infection-related genes

The Dijkstra algorithm

962 shortest path proteins ranked by betweenness

(at levels lower than 3) 

coding genes were regarded as potential infection-related genes
Pick out the top 20 proteins which had betweenness > 10, 000. The related

Figure 1:The flowchart of themethod developed in this study to identify the Influenza A/H7N9 infection-related human genes. Target human
proteins interacting with the Influenza A/H7N9 virus were obtained based on sharing GO terms. Shortest path proteins were calculated
from the shortest paths between every pair of the target human proteins, by searching by the Dijkstra algorithm in the network constructed
from STRING. Finally 20 shortest path proteins were screened out with betweenness >10,000, the related genes of which were considered as
infection-related human genes.

implemented with R package “igraph” [27] (no parameters
needed to be set in this algorithm).

Then we get all proteins existing on the shortest paths
(962 proteins, called Shortest Path Proteins) and ranked these
proteins according to their betweenness. Results can be found
in Supporting Information S4.The top 20 proteins (20 genes)
with betweenness over 10,000 were picked out and the 20
corresponding coding geneswere regarded as potentialH7N9
infection-related human genes.

2.4. KEGG Pathway Enrichment Analysis. The functional
annotation tool DAVID [28] was used for KEGG pathway
enrichment analysis (all parameters were selected as default).
The enrichment 𝑃 value was corrected to control family-wide
false discovery rate under a certain rate (e.g., ≤0.05) with
the Benjamin multiple testing correction method [29]. All
human protein-coding genes were regarded as background
during the enrichment analysis.

2.5. Comparison with Another Two Species of Viruses. To
further understand the Influenza A/H7N9-human inter-
action, we compared the results of the potential H7N9
infection-related human genes obtained above with those
identified from another two species of viruses: human
rhinovirus (HRV) and respiratory syncytial virus (RSV),
which are also causing human acute respiratory infec-
tions. The same procedure of our method presented above
was performed on the two species of viruses as that on
H7N9.

All protein sequences of HRV and RSV viruses were
downloaded from NCBI protein database (http://www.ncbi.
nlm.nih.gov/). After removing those with sequence identities
>40%, the proteins left were listed in Supporting Infor-
mation S5, S6, respectively. The virus-human protein pairs
were also provided in Supporting Information S2, and the
target human proteins with their coding genes were also
summarized in Supporting Information S3. 1,904 and 9,846
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Table 1: Number of proteins/genes in our datasets of the three species of viruses: Influenza A/H7N9 virus, human rhinovirus (HRV), and
respiratory syncytial virus (RSV).

Virus Virus proteins
(sequence identity <40%)

Virus-human
protein pairs

Target human proteins
(coding genes)

Shortest path
proteins

Betweenness
threshold

Potential infection-related
proteins (coding genes)

H7N9 11 9,313 3,212 (1,023) 962 >10,000 20 (20)
HRV 4 20,955 6,985 (2,028) 1,904 >47,299 11 (11)
RSV 22 40,499 36,273 (11,036) 9,846 >1,275,672 44 (44)

shortest path proteins were obtained from HRV and RSV
virus, respectively, after computing shortest paths, given also
in Supporting Information S4. The numbers of proteins and
genes for the three species of viruses at each step were
summarized in Table 1.

We selected betweenness threshold as 10,000 for the
shortest path proteins of H7N9. However, the threshold
should be different for the other two species of viruses since
the numbers of target human proteins were different. We
standardized the betweenness threshold for HRV and RSV
viruses on that for H7N9 virus in this study.

Shortest paths were computed on every two proteins in
target human protein dataset. Denoting the number of target
human proteins as 𝑁, the number of shortest paths was 𝐶2

𝑁
.

The average threshold 𝑤 was calculated on H7N9 as

𝑤 =
10,000
𝐶2
𝑁H7N9

=
10,000
𝐶2
3212

= 0.001939. (1)

Then the betweenness threshold for HRV and RSV was
determined by 𝑤𝐶2

𝑁HRV
= 𝑤𝐶

2

6985
= 47,299 and 𝑤𝐶2

𝑁RSV
=

𝑤𝐶
2

36273
= 1,275,672, respectively. Therefore, the top 11

proteins (11 genes) were picked out for HRV (betweenness >
47,299) while the top 44 proteins (44 genes) were picked out
for RSV (betweenness > 1,275,672) from the lists in Support-
ing Information S4, respectively. And the corresponding 11
and 44 coding genes were regarded as potential infection-
related human genes for HRV and RSV virus, respectively.
The betweenness threshold and the numbers of proteins
picked out were also summarized in Table 1.

3. Results and Discussion

3.1. Sharing GO Terms between H7N9 Proteins and Human
Proteins. H7N9 and human proteins with at least 1 sharing
GO term were considered as interacting with each other.
3,212 target human proteins were found as interacting with
H7N9 proteins based on this rule. The same procedure
was performed on the other two species of viruses for
comparison: HRV and RSV. Types of the sharing GO terms
and the share numbers of the terms could give information
about the interaction between the virus and its host. Thus,
a statistical analysis was made on the sharing GO terms
from Supporting Information S2 for each species of virus,
respectively. Results were depicted in Figure 2.

From Figure 2, it can be seen that the sharing GO
terms and their numbers were apparently different between

the three species of viruses, indicating specific properties and
different interactions with host during infections.

For H7N9, the term “GO:0003723|RNA binding”
accounted for the most, indicating important roles of RNA
binding proteins in the PPI interactions between H7N9
and human, which was consistent with the observations
in Influenza A viruses in the literature [30–32]. As shown
in Figure 2, H7N9 and HRV both fell into the significant
term “GO:0003723|RNA binding,” indicating that RNA
binding was essential between virus-human proteins during
the infection of the two viruses. However, RSV was not
presented in such a term. It was possibly suggested that
H7N9 and HRV had such a specificity that could be
different from RSV, although all the three are RNA viruses.
Several other GO terms indicated specific and important
virus-human protein interactions for H7N9 infection,
such as “GO:0005975|carbohydrate metabolic process,”
“GO:0015078|hydrogen ion transmembrane transporter
activity,” and “GO:0015992|proton transport.”

Nevertheless, 3 terms of H7N9 were the same as those
of HRV (“GO:0003723|RNA binding,” “GO:0019079|viral
genome replication,” and “GO:0003968|RNA-directed
RNA polymerase activity”), and 2 terms as RSV
(“GO:0003968|RNA-directed RNA polymerase activity,”
“GO:0019031|viral envelope”), indicating similar processes of
the infections between the three viruses.

3.2. Potential H7N9 Infection-Related Genes. The shortest
paths were calculated between each pair of the 3,212 proteins.
All proteins were picked out with their betweenness from
the shortest paths, given in Supporting Information S4.
We selected the top 20 proteins with betweenness over
10,000 and ranked them according to their betweenness. The
related coding genes of the 20 proteins were also retrieved
accordingly (20 genes). These were shown in Table 2. The
20 genes were regarded as potential H7N9 infection-related
human genes in this study. Results of potential infection-
related human genes for HRV and RSV were also listed in
Table 2 by the samemethod as that for H7N9 for comparison.
Note that the proteins (genes) listed in Table 2 were all human
proteins (genes), not virus. Potential human genes found for
the three viruses were also depicted in Figure 3. It was clearly
seen from Figure 3 that the potential human genes found
were remarkably different in H7N9 infection as compared
with those in HRV and RSV, although several sharing genes
existed. Thus, these 20 human genes could be closely related
to the H7N9 infections. Our further analysis was based on
these 20 genes.
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Figure 2: Statistical analysis of sharing GO terms between virus proteins and human proteins. All sharing GO terms and their descriptions
between virus and human proteins were listed on the 𝑌-axis. Histogram of sharing numbers showed the instances of each term used as a
sharing term. The horizontal axis was truncated from 125 to 400.

The 20 human genes were submitted to the CCSB
interactome database to analyze their interactions with
viruses (http://interactome.dfci.harvard.edu/V hostome/).
Among them, proteins encoded by RANBP2 and GYS1were
found to be related to EBV or HPV proteins, such as EBV-
BVLF1, EBV-BGLF3, and HPV8-E6. These proteins could
also have some relationship with H7N9 infections.

Among the 20 genes, some, such as GAPDH and NXF1,
had been well documented to be relevant to H7N9 infections.
However, there were also other genes with rare previous
association with H7N9 infections reported or that had been

only poorly characterized, such as PGK1, GYS1, YBX1, and
NUP214.

GAPDH (glyceraldehyde-3-phosphate dehydrogenase) is
a housekeeping gene in carbohydrate metabolism. This find-
ing was consistent with the general agreement that GAPDH
is an important gene and is widely used in the studies of host
gene response to virus infections, including influenza virus
infections [33–35].

NXF1 (nuclear export factor 1) is one member of a
family of nuclear RNA export factor genes. It was reported
that viral mRNAs of Influenza A virus were transported to
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Table 2: The infection-related human proteins and their related coding genes for the three species of viruses calculated from shortest paths
in a PPI network.

Infected by virus Protein Gene Chromosome Betweenness

Influenza A/H7N9

ENSP00000361626 YBX1 1 58376
ENSP00000363676 RPL11 1 49155
ENSP00000396127 RAN 12 49036
ENSP00000362413 PGK1 X 26743
ENSP00000229239 GAPDH 12 25345
ENSP00000294172 NXF1 11 23550
ENSP00000352400 NUP214 9 21849
ENSP00000280892 EIF4E 4 20883
ENSP00000379933 TPI1 12 19217
ENSP00000348877 GPI 19 18885
ENSP00000317904 GYS1 19 18349
ENSP00000350283 BRCA1 17 16827
ENSP00000283195 RANBP2 2 16823
ENSP00000400591 SNRPE 1 15796
ENSP00000265686 TCIRG1 11 14465
ENSP00000358563 DKC1 X 13535
ENSP00000234396 ATP6V1B1 2 13432
ENSP00000218516 GLA X 12471
ENSP00000262030 ATP5B 12 11891
ENSP00000260947 BARD1 2 11297

Human Rhinovirus (HRV)

ENSP00000344818 UBC 12 330154
ENSP00000363676 RPL11 1 154993
ENSP00000361626 YBX1 1 136548
ENSP00000357879 PSMD4 1 121991
ENSP00000337825 LCK 1 117195
ENSP00000396127 RAN 12 116059
ENSP00000348461 RAC1 7 111632
ENSP00000230354 TBP 6 100485
ENSP00000350283 BRCA1 17 65076
ENSP00000314949 POLR2A 17 54470
ENSP00000280892 EIF4E 4 50359

Respiratory syncytial virus (RSV)

ENSP00000269305 TP53 17 15809765
ENSP00000344456 CTNNB1 3 5756301
ENSP00000263253 EP300 22 5694027
ENSP00000339007 GRB2 17 5591895
ENSP00000275493 EGFR 7 5245421
ENSP00000270202 AKT1 14 4663263
ENSP00000264657 STAT3 17 4180564
ENSP00000350941 SRC 20 3180369
ENSP00000348461 RAC1 7 3066312
ENSP00000221494 SF3A2 19 2994393
ENSP00000417281 MDM2 12 2686189
ENSP00000338345 SNCA 4 2647616
ENSP00000206249 ESR1 6 2643164
ENSP00000296271 RHO 3 2573058
ENSP00000329623 BCL2 18 2541856
ENSP00000376609 GRK5 10 2364221
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Table 2: Continued.

Infected by virus Protein Gene Chromosome Betweenness

Respiratory Syncytial Virus (RSV)

ENSP00000337825 LCK 1 2306232
ENSP00000314458 CDC42 1 2174421
ENSP00000262613 SLC9A3R1 17 2097178
ENSP00000355865 PARK2 6 2033100
ENSP00000264033 CBL 11 1930392
ENSP00000269571 ERBB2 17 1922027
ENSP00000338018 HIF1A 14 1915325
ENSP00000324806 GSK3B 3 1910676
ENSP00000215832 MAPK1 22 1831541
ENSP00000358490 CD2 1 1751073
ENSP00000262160 SMAD2 18 1727787
ENSP00000304903 CD2BP2 16 1714523
ENSP00000362649 HDAC1 1 1703720
ENSP00000353483 MAPK8 10 1702626
ENSP00000261799 PDGFRB 5 1679113
ENSP00000003084 CFTR 7 1662248
ENSP00000401303 SHC1 1 1548773
ENSP00000321656 CDC25C 5 1521621
ENSP00000357656 FYN 6 1503978
ENSP00000326366 PSEN1 14 1498004
ENSP00000230354 TBP 6 1458835
ENSP00000300093 PLK1 16 1444680
ENSP00000350283 BRCA1 17 1389799
ENSP00000228307 PXN 12 1358706
ENSP00000329357 SP1 12 1347630
ENSP00000361626 YBX1 1 1342956
ENSP00000387662 GCG 2 1321174
ENSP00000367207 MYC 8 1284185

the cytoplasm by the NXF1 pathway for translation of viral
proteins [36]. Not surprisingly, the H7N9 virus exploited the
same pathway.

YBX1 (Y box binding protein 1) has been found to
be an interacting partner of genomic RNA of Hepatitis C
Virus, which negatively regulates the equilibrium between
viral translation/replication and particle production [37].
NUP214 (nucleoporin 214 kDa) encodes one of nucleoporins
composing the nuclear pore complex (NPC), which forms
a gateway regulating the flow of macromolecules between
nucleus and cytoplasm. Many viruses have been reported to
require these mechanisms to deliver their genomes into the
host cell nucleus for replication, such as human immunod-
eficiency virus (HIV) [38], encephalomyocarditis virus [39],
and herpes simplex virus [40]. However, reports on NUP214,
YBX1 related to Influenza A viruses, were sparse.

Cancer-related genes were also included. BRCA1 (breast
cancer 1) encodes a nuclear phosphoprotein that plays a
role in maintaining genomic stability, and it also acts as a
tumor suppressor. BARD1 (BRCA1 associated RING domain
1) encodes a protein which interacts with the N-terminal
region of BRCA1, regulating cell growth and the products

of tumor suppressor genes, and may be related to breast or
ovarian cancer.

Interestingly, more genes were involved in energy path-
ways containing glycolysis and gluconeogenesis, such as GPI
(glucose-6-phosphate isomerase), PGK1 (phosphoglycerate
kinase 1), and TPI1 (triosephosphate isomerase 1). In addi-
tion, GYS1 (glycogen synthase 1) encodes a protein catalyzing
the addition of glucose monomers to the growing glycogen
molecule in starch and sucrose metabolism. GLA (galactosi-
dase) encodes a glycoprotein that hydrolyses the terminal
alpha-galactosyl moieties from glycolipids and glycoproteins.
Therefore, it was suggested that the H7N9 infection could be
probably linked to saccharide or polysaccharide metabolism
related pathways. Central metabolism could be strongly
affected by virus infections [41]. Janke et al. [42] also found
changes in metabolism in cells infected by Influenza A/H1N1
virus, suggesting that fatty acid synthesis might play a crucial
role for the virus replication as they acquired lipid.

ATP6V1B1 (ATPase, H+ transporting, lysosomal
56/58 kDa, V1 subunit B1) and ATP5B (ATP synthase, H+
transporting, mitochondrial F1 complex, beta polypeptide)
were involved in ATP synthase and hydrolysis.
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Figure 3: The potential virus infection-related human genes found
based on our method for the three species of viruses. 20, 11, and 44
potential infection-related human geneswere found forH7N9,HRV,
and RSV, respectively. There were 5 sharing genes between those
for H7N9 and HRV, and 2 sharing genes between H7N9 and RSV.
Other human genes related were not all the same, indicating specific
properties or particular characteristics between the infections of the
three species of viruses.

From Table 2, it also can be seen that although several
genes (PGK1, DKC1, wasGLA)were located onChromosome
X, none onChromosomeYwas found in this study. Although
earlier findings reported that H7N9 infections preferentially
occurred in males, it was suggested from our findings that
it may not be so significant. This was also consistent with
results of Chen et al.’s work [43], in which they indicated
that it did not show any statistically significant differences
in clinical outcomes between genders from their logistic
regression analysis.

3.3. GOEnrichment Analysis of H7N9 Infection-RelatedGenes.
We performed GO enrichment analysis on these 20 genes.
The 20 proteins encoded by the genes were mapped to GO
terms on the levels below 3 from Gene Ontology. Totally
504 GO terms were obtained. GO enrichment analysis was
performed on these terms. The GO terms and the number
of proteins related to each GO term were shown in Table 3.
The same procedure was performed on the other two species
of viruses for comparison, with results shown in Table 3.
Both commonness and differences of GO term enrichment
between the three species of viruses existing as described in
Table 3.

Form Table 3, it can be seen that 15 out of the 20 H7N9,
all the 11 HRV, and 42 out of the 44 RSV infection-related
proteins were involved in protein binding (GO:0005515).
Protein binding played important roles in both virus infec-
tion and host immune responses [44]. This could partially
explain why the novel reassortant had more enhanced ability
to bind to human receptors than other avian influenza
viruses [2, 10]. The recombinant proteins could also induce
immune responses via protein interactions [45]. Once the
host immune system activated, patients would have severe

symptoms, such as cough, sputum, fever, and shortness of
breath.Many related proteins of the three viruses fell into GO
terms “GO:0005829 cytosol” and “GO:0005737 cytoplasm,”
since all the three viruses are RNA viruses and replication of
RNA viruses usually takes place in cytoplasm.

Thesewere commonness. However, differences or specific
characteristics still exist in H7N9-related proteins from those
of other two viruses.

Nine of these proteins were enriched in “GO:0044281
small molecule metabolic process” (45.00%) for H7N9,
whereas only 1 (9.09%) and 2 (4.55%) proteins were enriched
in this term for HRV and RSV, respectively. Furthermore, still
many related proteins of H7N9 enriched in “GO:0005975
carbohydrate metabolic process,” “GO:0006006 glucose
metabolic process,” “GO:0006094 gluconeogenesis,” and
“GO:0006096 glycolysis,” differing from those cases of HRV
or RSV. These specific enrichment of GO terms indicated
that the H7N9 infection could be especially relevant with
human saccharide or polysaccharide metabolism-related
pathways.

For H7N9, 3 proteins fell into the term “GO:0015991 ATP
hydrolysis coupled proton transport” and 3 proteins into
“GO:0015992 proton transport,” but it was not the case for
HRV or RSV. Proteins involved in “GO:0005215 transporter
activity” and “GO:0055085 transmembrane transport” were
also different between the H7N9 infections and the other two
viruses.

3.4. KEGG Pathway Enrichment Analysis. KEGG pathway
enrichment analysis was also performed on the 20 genes.The
KEGG pathway terms and the number of proteins belonging
to each pathway term were shown in Table 4.

Only 3 pathways were retrieved. However, all the 3
pathways were specially related to H7N9; that is, none of the
3 pathways appeared in the KEGG results of the other two
viruses (data not shown of the KEGG results for the other
two viruses).

Form Table 4, it can be seen that 2 out of the 3
pathways were saccharide or polysaccharide metabolism-
related pathways (“Glycolysis/Gluconeogenesis” and “Starch
and sucrose metabolism”), suggesting that these types of
pathways could play pivotal roles in the H7N9 infections.
Another pathway involved was “oxidative phosphorylation.”
This pathway could also be important, but it may not so as
the former two, since genes involved in this pathway (ATP5B,
ATP6V1B1, and TCIRG1) were ranked at the bottom in the
gene list in Table 2 according to betweenness.

4. Conclusion

In this study, we developed a computational method to iden-
tify Influenza A/H7N9 infection-related human genes based
on the shortest paths in a PPI network. Finally, 20 human
genes were screened out which could be the most significant,
providing guidelines for further experimental validation.
Among the genes, several ones such as PGK1, GYS1, YBX1,
and NUP214 were previously reported with rare association
with influenza virus infections or had been only poorly
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Table 3: GO term enrichment analysis of the 20 potential H7N9 infection-related human proteins (data not shown of GO terms with number
of related proteins below 3) and comparisons with HRV and RSV for these terms.

GO terms

H7N9 HRV RSV

Number of
proteins

Percentage
accounting for the
20 proteins (%)

Number of
proteins∗

Percentage
accounting for the
11 proteins (%)∗

Number of
proteins∗

Percentage
accounting for the
44 proteins (%)∗

GO:0005515 protein binding 15 75.00 11 100.00 42 95.45
GO:0005829 cytosol 13 65.00 7 63.64 23 52.27
GO:0005737 cytoplasm 11 55.00 6 54.55 30 68.18
GO:0005634 nucleus 9 45.00 4 36.36 33 75.00
GO:0044281 small molecule
metabolic process 9 45.00 1 9.09 2 4.55

GO:0003723 RNA binding 8 40.00 4 36.36 2 4.55
GO:0005975 carbohydrate
metabolic process 8 40.00 — — — —

GO:0005654 nucleoplasm 7 35.00 7 63.64 19 43.18
GO:0010467 gene expression 7 35.00 8 72.73 6 13.64
GO:0006006 glucose metabolic
process 5 25.00 — — 2 4.55

GO:0005886 plasma membrane 4 20.00 4 36.36 27 61.36
GO:0005622 intracellular 4 20.00 3 27.27 7 15.91
GO:0005643 nuclear pore 4 20.00 1 9.09 — —
GO:0016032 viral reproduction 4 20.00 8 72.73 4 9.09
GO:0016070 RNA metabolic
process 4 20.00 4 36.36 1 2.27

GO:0006094 gluconeogenesis 4 20.00 — — — —
GO:0006096 glycolysis 4 20.00 — — — —
GO:0055085 transmembrane
transport 4 20.00 — — 1 2.27

GO:0005625 soluble fraction 3 15.00 — — 5 11.36
GO:0008270 zinc ion binding 3 15.00 2 18.18 11 25.00
GO:0016071 mRNA metabolic
process 3 15.00 4 36.36 1 2.27

GO:0006606 protein import into
nucleus 3 15.00 1 9.09 1 2.27

GO:0005524 ATP binding 3 15.00 1 9.09 14 31.82
GO:0006406 mRNA export from
nucleus 3 15.00 1 9.09 — —

GO:0008286 insulin receptor
signaling pathway 3 15.00 1 9.09 4 9.09

GO:0005215 transporter activity 3 15.00 — — — —
GO:0015991 ATP hydrolysis
coupled proton transport 3 15.00 — — — —

GO:0015992 proton transport 3 15.00 — — — —
GO:0019221 cytokine-mediated
signaling pathway 3 15.00 2 18.18 1 2.27
∗—: no proteins having the GO term was picked out as potential infection-related proteins for the virus.

Table 4: KEGG pathway enrichment analysis of the 20 potential H7N9 infection-related human genes.

Terms Genes Number of genes
belonging to the pathway

Percentage accounting
for the 20 genes (%)

Adjusted
P value (Benjamini)

Glycolysis/Gluconeogenesis TPI1, GPI, GAPDH, and PGK1 4 20.00 7.0𝐸 − 3

Oxidative phosphorylation ATP5B, ATP6V1B1, and TCIRG1 3 15.00 3.3𝐸 − 1

Starch and sucrose metabolism GPI, GYS1 2 10.00 5.2𝐸 − 1
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characterized in the literature. Most of the 20 genes were
enriched in protein binding, saccharide, or polysaccharide
metabolism-related pathways and oxidative phosphorylation
pathways, compared to the other two viruses HRV and RSV,
suggesting direct or indirect relationship with the formation
or development of the infection. These candidate genes
may provide clues for further researches and experimental
validations. Results from this study may shed some light
on the understanding of the virus infection mechanism,
providing new references for researches into the disease and
for new strategies for antivirals, such as new drug and vaccine
development.
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