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Abstract: Hepatitis C virus (HCV) is a major risk factor for the development of hepatocellular carcinoma. It was 
characterized histologically by a persistent immune and inflammatory response. However, it is a challenging task 
to diagnose hepatitis C at clinically early stage. The development of bioinformatics has facilitated the discovery of 
diagnostic biomarkers. Traditionally, differentially expressed genes (DEG) between normal and disease cases were 
detected as biomarkers. However, many of the detected DEG are inconsistent in different database. In order to 
overcome the limitations, pathway-based analysis has been proposed. In this paper, we used a network-based path-
way enrichment approach to detect dysregulated pathways that were associated with hepatitis C. In this network, 
twenty-one genes were identified as hub genes. Pathway analysis revealed that the four most significant terms were 
Gene Expression (count = 21, P < 0.001), Signaling by GPCR (count = 19, P < 0.001), Immune System (count = 16, 
P < 0.001) and Innate Immune System pathway (count = 15, P < 0.001). They contain 14, 6, 11 and 13 hub genes, 
respectively. So the network-based pathway enrichment approach could be useful for capturing information related 
to pathogenic mechanisms.
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Introduction

Hepatitis C virus (HCV) is characterized histo-
logically by a persistent immune and inflamma-
tory response that fails to clear HCV from hepa-
tocytes [1]. HCV infection affects an estimated 
170 million people and three to four million 
people are newly infected each year worldwide 
[2, 3]. Chronic infection with HCV is a major 
challenge to public health and approximately 
80% of infected individuals will develop chronic 
hepatitis [4]. In most cases, the patients with 
chronic hepatitis may eventually evolve to other 
complications, such as fibrosis, cirrhosis and 
hepatocellular carcinoma [5]. Accumulating evi-
dences indicated that chronic infection with 
HCV is a major risk factor for the development 
of hepatocellular carcinoma [6, 7]. 

However, it is a challenging task to diagnose 
hepatitis C at clinically early stage. Identifying 
biomarker is useful for early diagnosis and ther-
apy of hepatitis C. The development of bioinfor-

matics has facilitated the discovery of diagnos-
tic biomarkers and drug design. Traditionally, 
many existing researches have been developed 
to detect differentially expressed gene (DEG) 
between normal and disease cases as biomark-
ers. However, many of the detected DEGs are 
inconsistent in different database [8]. 

In order to overcome the limitations, pathway-
based analysis has been proposed to interpret 
particular cellular or physiological functions [9]. 
Currently, multiple methods based on gene 
expression levels have been developed to iden-
tify possible pathogenic pathways, for instance, 
Over-representation Analysis [10], Gene Set 
Enrichment Analysis [11], and Generally App- 
licable Gene-set Enrichment [12]. Despite the 
success of these methods on some datasets, 
the majority of them do not consider the altera-
tions of relationships among genes. In reality, 
the relationships among genes are also the fun-
damental components of pathways, and their 
changes may play an important role in altering 
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the activities of pathways [13]. Thus, pathway  
topology-based approach such as EnrichNet 
[14] was developed to investigate dysregulated 
pathways in the last few years. However, 
EnrichNet does not provide information about 
significance test. 

In this paper, we used a network-based path-
way enrichment approach to detect biological 
processes associated with hepatitis C. This 
method was performed based on both biologi-
cal networks and known pathway networks in 
the analysis. It has a better discriminative 
power and provides statistical significant infor-
mation. To achieve this, microarray data of hep-
atitis C patients were retrieved. Dysregulated 
pathways were identified based on both target 
network and pathway network. Moreover, it 
uses a randomization strategy to assess the 
significance for pathways. First, DEG was iden-

tified using the method of Significance Analysis 
of Microarrys (SAM). Next, co-expression net-
work was constructed using the Search Tool  
for the Retrieval of Interacting Genes/Proteins 
(STRING) database based on DEG. Then, differ-
ential interactions were obtained for target net-
work by calculating spearman correlation coef-
ficients of edges between controls and cases. 
Meanwhile, hub genes were obtained by degree 
centrality analysis of target network. This study 
may contribute to the discovery of novel thera-
peutic targets and the development of new 
intervention strategies in hepatitis C. 

Materials and methods

Gene expression data 

In this study, the gene expression profile of 
E-GEOD-40184 [15] are from ArrayExpress 

Figure 1. A target network. This network contains 764 
gene pairs with rE ij

 > 0.6.
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database, which is based on Affymetrix Human 
Genome U133A Array. The dataset E-GEOD- 
40184 consists of 10 treatment-naive HCV 
patients and 6 healthy volunteers. Whole blood 
samples of cases were collected from 10 
patients who were infected with genotype 1 
hepatitis C before initiation of treatment. 
Control blood samples were collected from 
healthy student volunteers. Then the peripheral 
blood mononuclear cells (PBMC) were isolated 
from the whole blood samples for microarray 
experiment. 

All the software and hardware analyses were 
provided by the Honghui biotech Co. Ltd (Jinan, 
China).

Data preprocessing and detection of DEG

According to platform annotation files, probes 
were mapped to gene symbols. A probe should 
be discarded if it does not match any genes. If 
multiple probes are corresponded to the same 
gene, the expression value averaged over 
probes was used as the final expression level. 
The DEG was identified using the method of 
SAM, as previously described [16, 17]. Following 
the calculation of p-values and FDR correction, 
DEG were identified for further research with 
the threshold of P < 0.05 and delta = 0.985. 

Construction of target network 

The possible functional relationships of DEG 
pairs were investigated using the search tool 
for the retrieval of interacting genes/proteins 
(STRING) database [18]. Subsequently, target 
network was screened using spearman correla-
tion coefficients as following, which is a popular 
method to describe the interaction strength 
between genes [19, 20]. 
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According to gene expression profiling, the 
spearman correlation coefficient of each gene 
pair was computed. The correlation coefficients 
for normal samples and hepatitis C cases were 
denoted as rE 1ij  and rE 2ij , respectively. The gene 
pairs with rEijO  > 0.6 were selected as target 
network for further research. 

Centrality analysis of target network 

The biological importance of genes over index 
of topological centrality were characterized by 
using Cytoscape 3.1.0, a free software pack-
age for visualizing, modeling and analyzing 
molecular and genetic interaction networks 
[21]. In this article, topological degree centrali-
ty was analyzed to characterize the biological 
importance of genes [22-24]. Degree quantifies 
the local topology of each gene, by summing up 
the number of its adjacent genes. It gives a 
simple count of the number of interactions of a 
given node. The node with high degree sug-
gests a central role in the interaction network. 
The gene was considered as a hub gene when 
the degree of gene was ranked in the top 5% 
among the target network. 

Construction of pathway network

The original protein-protein interaction data 
were obtained from STRING database. In this 
database, a total of 787896 gene pairs of 
homo sapien were included. Biological pathway 
data were obtained from REACTOME database 
(http://www.reactome.org/). In this database, 
a total of 1675 pathways were included. Then 
the gene pairs of each pathway were extracted 
from the total gene pairs according to pathway 
genes (pathway genes refer to all genes belong-
ing to the pathway). In Cytoscape, pairwise 
interactions were reflected in the form of edges, 
which connected each pair of nodes represent-
ing proteins (genes).

Identification of dysregulated pathways 

Pathway analysis can effectively capture the 
underlying molecular mechanisms related to 
complex diseases. In this work, network-based 

Table 1. Degree centrality analysis and the val-
ues of the top 21 ranked genes
Genes Degree Genes Degree Genes Degree
IL6 33 HNRNPU 17 MAX 13
JUN 27 YBX1 16 TGFB1 13
SRC 25 U2AF1 14 RPS6 12
EEF2 22 POLR2A 14 NME1 11
MYC 21 PRKAR1A 13 TFRC 11
JUND 20 HSPD1 13 SRSF1 10
MAPK1 18 TOP1 13 CDK17 10
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pathway enrichment analysis was performed to 
identify dysregulated pathways between nor-
mal controls and patients with hepatitis C. 

First, dysregulated pathways were identified by 
combining target network and known pathway 
network. The common edges were obtained by 
taking the intersection of target network and 
pathway network. The number of common 
edges was denoted as count (i), where i repre-
sented i-th pathway. 

Second, a random network model was applied 
to assess the statistical significance. All of the 
possible gene pairs among the DEG were con-
structed as overall network. Then a certain 
number of edges, which is equal to the edges of 
target network, were randomly grabbed from 
the overall network as stochastic network. 
Subsequently, the common edges were ob- 
tained by taking the intersection of stochastic 
network and pathway network. To get robust 
results, the process was repeated for 1000 
times. The number of common edges was 
denoted as count (ij), where j represented the 
random times (the j-th time). Briefly, the p-value 
of each pathway was measured using the fol-
lowing formula:

p 1000
count ( count ( )ij) i1

1000
=

$/

The pathway with a larger count (i) and smaller 
p value was considered to be significantly 
dysregulated.

of edges under different conditions. As a result, 
a total of 764 gene pairs with rEijO  > 0.6 were 
screened as the starting point for our target 
network, as shown in Figure 1.

Centrality analysis of target network 

Topological centrality was used to indicate the 
relevance of a given gene and its adjacent 
genes in a biological network. The gene with 
higher degree centrality indicates higher rele-
vance of the gene in connecting regulatory mol-
ecules. The gene was considered as a hub gene 
when the degree of the gene was ranked in top 
5% among the target network. In this work, a 
total of 21 genes were identified as hub genes 
in the target network, as listed in Table 1. The 
degrees of these hub genes are equal or great-
er than ten. The results revealed that the top 
five ranked genes were IL6, JUN, SRC, EEF2 and 
MYC, and the degree of them were 33, 27, 25, 
22 and 21, respectively. In addition, the path-
ways containing hub genes were also ascer-
tained. The results indicated that a total of 137 
pathways contain hub genes. These pathways 
were ranked by the number of hub genes  
and top 15 pathways were showed in Table 2. 
The results revealed that Gene Expression, 
Innate Immune System and Immune System 
pathway included 14, 13 and 11 hub genes, 
respectively. 

Identification of dysregulated pathways 

Dysregulated pathways were identified by com-
bining target network and pathway network. 

Table 2. Top 15 pathways ranked by the number of hub genes

No. Terms The number  
of hub genes

1 Gene Expression 14
2 Innate Immune System 13
3 Immune System 11
4 Processing of Capped Intron-Containing Pre-mRNA 10
5 Developmental Biology 9
6 mRNA Splicing 9
7 mRNA Spling-Major Pathway 9
8 Signal Transduction 8
9 Activated TLR4 signalling 7
10 MyD88: Mal cascade initiated on plasma membrane 7
11 Toll Like Receptor 2 (TLR2) Cascade 7
12 Toll Like Receptor 4 (TLR2) Cascade 7
13 Toll Like Receptor TLR1:TLR2 Cascade 7
14 Toll Like Receptor TLR6:TLR2 Cascade 7
15 Toll-Like Receptors Cascades 7

Results

Detection of DEG

SAM was used to screen the 
DEG between normal controls 
and patients with hepatitis C. 
The genes with P < 0.05 and 
delta = 0.985 were considered 
to be differentially expressed. A 
total of 767 DEG were identified 
for further analysis. 

Construction of target network 

The co-expression network ba- 
sed on DEG was constructed 
using the STRING database. A 
total of 2466 gene pairs are 
included in this network. Sub- 
sequently, differential interac-
tions were screened using spe- 
arman correlation coefficients 



Network-based pathway and HCV

5615 Int J Clin Exp Pathol 2016;9(5):5611-5619

The common edges were obtained by taking 
the intersection of target network and pathway 
network. Then significance was obtained by a 
random network model. We obtained 293761 
gene pairs among the 767 DEG as overall net-
work. Subsequently, a total of 764 edges which 
is equal to the edges of target network, were 
grabbed as stochastic network from the overall 
network. The common edges were obtained by 
taking the intersection of stochastic network 
and pathway network. The p-value of each 
pathway was recorded after being analyzed. 
The pathway with a larger count and smaller 
p-value was considered as significantly dysreg-
ulated pathways. The results indicated that 
242 pathways contained the common edges 
between target network and pathway network. 
A total of 44 pathways contain at least five 
common edges. The pathways were ranked 
according to the number of common edges 
between target network and pathway network. 
By ranking the pathways, top 15 pathways were 
listed in Table 3. It was found that the top four 
significant pathways were Gene Expression 
(count =21, P < 0.001), Signaling by GPCR 
(count = 19, P < 0.001), Immune System (count 
= 16, P < 0.001) and Innate Immune System 
(count = 15, P < 0.001). They contain 14, 6, 11, 
13 hub genes, respectively. 

Discussion

Pathway analyses are playing an increasingly 
important role in understanding biological 

mechanism, cellular function and disease 
states. Dysregulated pathways can serve as 
better biomarkers compared with single genes. 
The accumulation of microarray data makes it 
possible to identify dysregulated pathways in a 
more efficient way [25]. Network-based app- 
roaches have attracted a great deal of atten-
tion in extracting informative genes and path-
ways in complex diseases. For instance, a pres-
ent study developed a novel method for iden- 
tifying pathways associated with renal cell car-
cinoma based on a gene co-expression net-
work [26]. Currently, an increasing number of 
methods are developed to identify dysregulat-
ed pathways involved in various diseases. 

Previous study indicated that HCV-induced cel-
lular responses might potentiate the oncogenic 
pathways [27]. In this study, a network-based 
method was applied to identify the dysregulat-
ed pathways involved in hepatitis C. Dysre- 
gulated pathways were identified by combining 
both biological network and pathway network. 
Furthermore, this method utilizes a random 
network model to assess the significance. This 
study might provide new insights into the bio-
logical basis of the diseases. 

Dysregulated pathways were identified by ana-
lyzing the common gene pairs between target 
network and pathway network. After pathway 
analysis, we found that 242 pathways con-
tained the common edges between target net-
work and pathway network, of which 44 path-

Table 3. The top 15 ranked deregulated pathways

No. Terms Count P-value The number  
of hub genes

1 Gene Expression 21 < 0.001 14
2 Signaling by GPCR 19 < 0.001 6
3 Immune System 16 < 0.001 11
4 Innate Immune System 15 < 0.001 13
5 Signal Transduction 15 < 0.001 8
6 Processing of Capped Intron-Containing Pre-mRNA 14 < 0.001 10
7 Cell Cycle 13 < 0.001 1
8 GPCR ligand binding 12 < 0.001 0
9 mRNA Splicing 12 < 0.001 9
10 mRNA Spling-Major Pathway 12 < 0.001 2
11 Class A/1 (Rhodopsin-like receptors) 11 < 0.001 0
12 G alpha (i) signaling events 11 < 0.001 0
13 GPCR downstream signaling 11 < 0.001 0
14 Developmental Biology 10 < 0.001 9
15 Peptide ligand-binding receptors 10 < 0.001 0
Terms represents the names of pathways. Count represents the number of DEG in the pathway.
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ways contained at least five common edges. 
These pathways were ranked by the number of 
common edges. It was found that the top four 
significant pathways were Gene Expression 
(count = 21, P < 0.001), Signaling by GPCR 
(count = 19, P < 0.001), Immune System (count 
= 16, P < 0.001) and Innate Immune System 
(count = 15, P < 0.001). 

Gene expression is the process by which infor-
mation from a gene is used in the synthesis of 
a functional gene product. When viruses invade 
to human body, they synthesize proteins and 
genome by using the expression system of host 
cells. Thus, Gene Expression pathway is signifi-
cantly dysregulated after being infected with 
HCV. 

Immune system can detect various pathogens 
and protect an organism from infection, such 
as viruses. However, virus can exert its onco-
genic potential by modulating host immune sys-
tem. Previous study revealed that HCV evaded 
the host immune system to proliferate by acti-
vating microRNA-21 [28]. Disorders of the 
immune system can result in autoimmune dis-
eases, inflammatory diseases and cancer. 
These dysregulated pathways we identified 
may provide insights into disease mechanisms 
and even provide alternative ways to develop 
more efficient drugs. 

Besides, hub genes were identified based on 
degree centrality analysis of target network. 
First, DEG were screened using SAM and a total 
of 767 genes were considered to be differen-
tially expressed between normal controls and 
patients with hepatitis C. Then co-expression 
network was constructed on the basis of DEG. 
Subsequently, differential interactions were 
screened using spearman correlation coeffi-
cient of edges under different conditions. As a 
result, a total of 764 gene pairs with |A1-A2| > 
0.6 were selected as target network. Finally, 
hub genes were obtained by analyzing topologi-
cal centrality of the target network. The results 
revealed 21 genes were considered as hub 
genes, including IL6, JUN, SRC, EEF2 and MYC. 
Meanwhile, the pathways containing hub genes 
were also ascertained. Among these pathways, 
Gene Expression, Innate Immune System and 
Immune System pathway included 14, 13 and 
11 hub genes, respectively. Interestingly, these 
three pathways belong to the top four signifi-
cant pathways. The dysregulation of hub genes 

might play a critical role in the dysregulated 
pathways. Genome-wide studies show that 
deletion of a hub protein is more likely to be 
lethal than deletion of a non-hub protein, a phe-
nomenon known as the centrality-lethality rule 
[29]. In this study, a total of 21 hub genes were 
identified, of which IL6, JUN, SRC, EEF2 and 
MYC were the top 5 ranked genes by degree 
centrality analysis. The degree of them is 33, 
27, 25, 22 and 21, respectively. 

IL6 (interleukin 6) is a kind of cytokine that is 
secreted by a variety of cells, for instance, T 
cells, B cells and macrophages. It functions in 
acute inflammation by stimulating acute phase 
protein synthesis. The protein is primarily pro-
duced at the site of acute inflammation, where 
it was secreted to serum and induces a tran-
scriptional inflammatory response [30]. Its dys-
regulation is involved in various disease, such 
as rheumatoid arthritis [31], diabetes [32], sys-
temic lupus erythematosus [33] and multiple 
myeloma [34]. Recent research has shown that 
IL6 played an important role in innate immune 
response to HBV infection [35]. 

JUN (jun proto-oncogene) gene encodes c-Jun 
protein, which is the critical component of tran-
scription factor AP1. AP1 is an important modu-
lator of cell function that control diverse biologi-
cal processes [36, 37]. TGF-β1 is a key cytokine 
that regulates the production and deposition of 
the major extracellular matrix molecules [38]. It 
has been previously reported that HCV infec-
tion increases TGF-β1 expression and secre-
tion in liver and serum respectively [39, 40]. 
TGF-β1 has been shown to be regulated by 
HCV-induced transcription factors such as AP-1 
[41]. 

SRC (SRC proto-oncogene) encodes proto-
oncogene c-Src, which is a non-receptor tyro-
sine kinase protein. The protein c-Src plays a 
critical role in the regulation of normal and 
oncogenic processes including proliferation, 
apoptosis and differentiation. The over-expres-
sion of wild-type c-Src is suggested to link to 
cancer progression by promoting the activity of 
other signaling molecules [42]. Previous study 
indicated that SRC is a new diagnostic marker 
involved in leiomyosarcomas and undifferenti-
ated pleomorphic sarcomas [43]. The activa-
tion of the c-Src pathway has been observed in 
about 50% of tumors from colon, lung, liver and 
breast [44]. 
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EEF2 encodes eukaryotic elongation factor 2 
protein, which is a member of the GTP-binding 
translation elongation factor family. This pro-
tein is an essential factor for protein synthesis. 
It promotes the GTP-dependent translocation 
of the ribosome. The recent study indicated 
that eukaryotic elongation factor 2 was a new 
tumor biomarker in serum for the early diagno-
sis, verification, and prognosis of non-small cell 
lung cancer [45]. It was also demonstrated that 
EEF2 gene was over-expressed in majority of 
esophageal, pancreatic, and gastric and played 
an oncogenic role in cancer cell growth [46, 
47]. With the development of cancer immuno-
therapy, eukaryotic elongation factor 2 has 
been a promising target molecule in several 
types of cancers. 

MYC is a regulator gene that encodes Proto-
Oncogene Protein Myc. This protein plays a 
critical role in cell cycle progression, apoptosis 
and cellular transformation. It regulates the 
transcription of specific target genes and is 
believed to regulate the expression of 15% of 
all genes [48]. Genes whose expression is 
already significantly upregulated in the absence 
of Myc are strongly boosted in the presence of 
Myc, whereas genes whose expression is low in 
the absence of Myc get only a small boost when 
Myc is present [49]. MYC gene is discovered 
firstly in Burkitt lymphoma. Subsequently, it is 
found associated with several cancer types, 
including pancreatic, breast and uterine can-
cers [50]. There is evidence to show that chron-
ic hepatitis patients were positive for both c-Jun 
and c-Myc [51]. 

In this study, many critical pathways and hub 
genes were identified using network-based 
pathway enrichment analysis. However, the 
microarray data we used is from ArrayExpress 
database generated previously. The results 
need more clinical evidence to validate. 

Conclusions

In this work, many critical pathways and genes 
were identified based on network. Dysregulated 
pathways were identified by combining target 
network and pathway network. To obtain target 
network, DEG were screened using the method 
of SAM, a total of 767 DEG were identified 
between normal controls and patients with 
hepatitis C. Next, co-expression network was 
constructed based on DEG. A total of 2466 

gene pairs were obtained. Subsequently, differ-
ential interactions were screened as target net-
work by calculating spearman correlation coef-
ficients of edges under different conditions. A 
total of 764 gene pairs were selected as target 
network for further analysis. Finally, dysregu-
lated pathways were identified by combining 
both target network and pathway network. The 
results revealed that the most important term 
is Gene Expression pathway. In addition, hub 
genes were analyzed by degree analysis of tar-
get network. The results indicated that 21 
genes were identified as hub genes, including 
IL6, JUN, SRC, EEF2 and MYC. These identified 
genes and pathways might give insight into dis-
ease mechanisms and drug targets. 
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