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ABSTRACT. This study aims to identify significant pathways in
hepatitis B virus (HBV)-related hepatocellular carcinoma (HCC) based
on the pathway network strategy. We proposed a pathway network
where a protein-protein interaction (PPI) network was integrated
with the crosstalk of pathways. Pathway data were first obtained from
background PPI network, Reactome pathway database, and common
genes between mRNA differentially expressed genes (DEGs), and
miRNA target genes of HBV-related HCC. Pathway interactions were
subsequently randomly extracted based on gene-gene interactions,
and a weight value was assigned to each crosstalk using the Spearman
correlation coefficient. Finally, pathways and crosstalk were visualized
via Cytoscape to construct the final pathway network. A total of
9 common genes were identified between 396 mRNA DEGs and
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400 miRNA target genes, and 17 pathways were identified based on
background pathways and common genes. In addition, we constructed
a pathway network that included 136 interactions and 17 pathways. The
weight value of netrin-1 signaling and regulation of Frizzled proteins
(FZD) by ubiquitination was the largest, at 0.228. In conclusion, we
identified 17 significant pathways that might act as potential biomarkers
of HBV-related HCC. This information may offer some insight into
treatment and detection of HBV-related HCC.

Key words: Hepatocellular carcinoma; Hepatitis B virus; Pathway;
Network; Crosstalk

INTRODUCTION

Hepatocellular carcinoma (HCC) is the fifth most common cancer worldwide, and
is the third leading cause of cancer-related mortality (Kaseb et al., 2013). Most cases of
HCC (approximately 80%) are associated with chronic hepatitis B virus (HBV) or hepatitis
C virus infections (Aoki et al., 2014). However, variations in age, gender, race, geographic
regions, timing of the viral infection, as well as age of affected individuals all contribute
to differences in disease prevalence and progression of viral hepatitis and HCC (El-Serag,
2012). In addition, due to complexity of disease, gene expression profiles have become an
attractive area of research for HCC.

Based on gene expression profile studies, HCC has been linked to activation of
epidermal growth factor receptor (EGFR), insulin-like growth factor receptor (IGFR), WNT-
B-catenin, and the PI3K-AKT-mTOR signaling pathways (Pan et al., 2007; Llovet and Bruix,
2008; Jiang et al., 2011; Diao et al., 2012). However, early biomarkers and tumor-specific
treatments for HCC are still lacking. Some studies showing that several signaling cascades are
activated in the liver before the appearance of tumors suggest that pathway addiction may be
important to the pathogenesis of HCC (Arzumanyan et al., 2013).

Therefore, the objective of this study was to identify significant pathways in HBV-related
HCC based on pathway network strategy and crosstalk. To realize this, pathway data were obtained
from background protein-protein interaction (PPI) network, Reactome pathway database, and
common genes between mRNA differentially expressed genes (DEGs), and miRNA target genes
of HCC. Next, pathway interactions were randomly extracted from gene-gene interactions, and a
weight value was assigned to each crosstalk based on the absolute difference of Spearman correlation
coefficient (SCC) under diseased and normal condition. Finally, pathways and interactions were
visualized by Cytoscape for construction of pathway network.

MATERIAL AND METHODS
Gene data

Genome-wide expression profiles of both miRNAs and mRNAs from tumor and
adjacent non-tumor tissues in HBV-related HCC patients (E-GEOD-22058) (Burchard et
al., 2010) were collected from the publicly available database ArrayExpress. Microassay
technology was performed using a customized cDNA platforms, A-GEOD-6793-Rosetta/
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Merck Human RSTA Custom Affymetrix 1.0 microarray Platform and A-GEOD-10457-
Rosetta human miRNA qPCR array Platform. Analysis was carried out on 197 mRNA samples
(97 normal controls and 100 HBV-related HCC samples) and 192 miRNA samples (96 normal
controls and 96 HBV-related HCC samples). After downloading the gene annotation files and
mapping the IDs of mRNA probes to gene symbols, we obtained a gene expression dataset
with 11,525 genes for mRNA and 220 genes for miRNA-related analysis.

Identifying DEGs for mRNA

In the present paper, we applied SAM to determine gene expression changes between
controls and HBV-related HCC patients. SAM identifies genes with statistically significant
changes in expression by assimilating a set of gene-specific #-tests (Li and Tibshirani, 2013).
A statistic based on the ratio of change in gene expression to standard deviation for that
gene, the relative difference d(i), was calculated to account for gene-specific fluctuations.
Subsequently, genes were ranked in descending order of d(i) values, where d(1) was the
largest relative difference, d(2) was the second largest relative difference, and d(7) was the ith
largest relative difference. The expected relative difference, d, (i), was defined as the average
of all permutations:

d (i) = M (Equation 1)
n

where d (i) was the ith largest relative difference for permutation 7. For the vast majority of
genes, d(i) = d (i), but some genes were represented by points displaced from the d(i) = d, (i)
line by a distance greater than the threshold A. As A decreased, the number of significant genes
as calculated by SAM increased. We set A = 10.30 for DEGs identification of HBV-related
HCC mRNA.

Predicating target genes for miRNA

Similarly, SAM was selected to identify differential miRNAs between control and
HBV-related HCC miRNA samples with a threshold of A = 6.06. We gained 11 differential
miRNAs and conducted miRNA target predictions using the online tool miRWalk 2.0 (http://
www.umm.uni-heidelberg.de/apps/zmf/mirwalk/), a comprehensive atlas of predicted and
validated miRNA-target interactions (Dweep et al., 2011; Dweep and Gretz, 2015). The
miRWalk algorithm, a target gene prediction method, was based on a computational approach
written in Perl programming language to identify multiple consecutive Watson-Crick
complementary subsequences between miRNA and gene sequences (Dweep et al., 2011). This
approach is an integration of four other methods of predicating target genes (miRanda, miRDB,
RNAZ22, and Targetscan). Genes with SUM = 5 (miRanda, miRDB, miRWalk, RNA22, and
Targetscan) were denoted as target genes for miRNA. By cross-referencing with the DEGs of
mRNA data, we were able to determine common genes that may play significant roles in the
progression of HBV-related HCC (Figure 1A).
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Figure 1. Study design schematics of (A) finding common genes, (B) obtaining pathway data, and (C) establishing
weighted values for pathway interactions.

Pathway data

Global PPI interactions were downloaded from the Search Tool for the Retrieval
of Interacting Genes/Proteins (STRING) database, which included 787,896 interactions in
humans. By integrating the global PPI network and the gene expression profile E-GEOD-22058,
we extracted two interaction nodes in the expression profile.

A total of 1675 human pathways were downloaded from Reactome pathway database,
an online curated resource for human pathway data that provides infrastructure for computation
across the biologic reaction network (Croft et al., 2011). We calculated the number of
interacting genes between each pathway and background PPI networks. As pathways with
a small number of genes are more easily investigated, pathways with a gene set >100 were
filtered out (Ahn et al., 2014). We then selected pathways that included common genes to carry
out further analysis (Figure 1B).

Crosstalk of pathways

In order to evaluate the interactions between pathways, a weight value was assigned to
any two pathways (Figure 1C). If weight >0, it was defined as crosstalk between the pathways.
We first randomly constructed interactions between genes in the pathways. The SCC (Myers
and Sirois, 2006) was then determined for intersected crosstalk in two pathways using the
absolute differences between HBV-related HCC and normal controls. The mean value of
absolute difference for all intersected interactions was denoted as the weight between two
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pathways. Using this analogy, we could obtain all interactions and their weight values for any
two pathways. For example, in pathway 1, genes enriched in pathway 1 and pathway 2 were first
used to build gene interaction. By integrating these interactions with background PPI network,
the intersections were considered as background pathway interactions between pathway 1
and pathway 2. Subsequently, the pathway intersections under HBV-related HCC and normal
conditions were weighted using SCC. The SCC of a pair of interactions (x and y) was defined as:

_ 1§ gni-g), g(h)-g() .
SCCE ) =——= 2. e N (Equation 2)

where s is the number of interactions; g(x, i) or g(y, i) is the expression level of interaction
x or y in the pathway i under a specific condition (HBV-related HCC or normal); ¢ or &)
represent the mean expression level of interaction x or y, and s(x) or s(y) represent the standard
deviation of expression level of interaction x (or y). By calculating the absolute difference in
interactions between HBV-related HCC and normal conditions, we defined the mean value of
absolute differences of all interactions as the weight value between pathway 1 and pathway
2. If no intersection between pathway 1 and pathway 2 were found, the two pathways had no
crosstalk, and achieved a weight score of 0.

Pathway network and analysis

Pathway network was visualized by Cytoscape (Smoot et al., 2011) based on pathway
crosstalk and weight values. To further investigate the functions and significance of specific
pathways in the network, we characterized the biological importance of pathways using indices
of topological analysis. Quantifying centrality and connectivity helped identify portions of the
network that may play interesting roles. Researchers have revealed that topological centrality
is effective for identifying essential nodes in well-characterized interaction networks (Prifti et
al., 2010). In this paper, topological analyses consisting of degree (Haythornthwaite, 1996),
betweenness (Abbasi et al., 2012), closeness (Scott, 2012), stress (Scardoni and Laudanna,
2012), and centrality were conducted for pathway networks.

RESULTS
Common genes

In this study, we identified 396 DEGs based on SAM with A = 10.30 for mRNA.
We also found 11 differentially expressed miRNA, of which 5 were up-regulated and 6 were
down-regulated. By utilizing miRWalk 2.0, 400 target genes (258 up-regulated and 142 down-
regulated) were predicted in total. Interestingly, there were 9 common genes between mRNA
DEGs and target genes miRNAs: PBK, POLQ, ZBTB9, KPNA2, RSPO3, NTN4, PDGFRA,
TMEM154, and CBLN2.

Pathway data

We downloaded 787,896 human PPIs from the STRING database. From the gene
expression profile E-GEOD-22058, 284,111 interactions involving 10,149 genes were
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evaluated, and we denoted this network as background PPI network. A total of 1675 pathways
were recruited from the Reactome pathway database. By taking intersections between
background PPI network and filtrating pathways, 1505 background pathways were detected.
Common genes between mRNA DEGs and miRNA target genes may be more significant
than other genes, therefore we intersected background PPI network with common genes and
obtained 17 pathways (Table 1) for further analysis. Interestingly, 9 of the 17 pathways were
associated with PI3K, especially the PI-3K cascade and the PI3K/AKT pathways. In addition,
7 were signaling related pathways, for example, constitutive PI3K signaling in cancer and
PIP3-induced AKT signaling.

Table 1. Common pathways based on common genes between mRNA differentially expressed genes (DEGs)
and miRNA target genes.

S

Pathway

Antiviral mechanism by IFN-stimulated genes
Constitutive signaling by aberrant PI3K in cancer
GABI signalosome

ISG15 antiviral mechanism

Netrin-1 signaling

Non-integrin membrane-ECM interactions
PI-3K cascade:FGFR1

PI-3K cascade:FGFR2

PI-3K cascade:FGFR3

PI-3K cascade:FGFR4

PI3K events in ERBB2 signaling

PI3K events in ERBB4 signaling

PI3K/AKT activation

PI3K/AKT signaling in cancer
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Pathway network

In this paper, we employed crosstalk concept to explore the interactions among
17 pathways. We identified 136 pathway interactions, and the weighted value distribution
was illustrated in Figure 2. We found that weight values of a majority of the crosstalk
ranged from 0.05-0.15, only one crosstalk was found to have a score 0f 0.15-0.20 and 0.20-
0.25. When inputting these interactions into the Cytoscape software, a pathway network
with 17 nodes and 136 edges were visualized (Figure 3). Nodes represented pathways,
and edges represented crosstalk: the deeper the color, the larger the weighted value. The
most changed crosstalk was the pathway interaction between 5 (netrin-1 signaling) and
16 (regulation of FZD by ubiquitination), with a weighted value of 0.228, and next were
2 (constitutive signaling by aberrant PI3K in cancer) to 16, 7 (PI-3K cascade: FGFR1) to
16, 8 (PI-3K cascade: FGFR2) to 16, and 9 (PI-3K cascade: FGFR3) to 16. The top five
crosstalk all included pathway 16 (regulation of FZD by ubiquitination), suggesting that
it may play key roles in HBV-related HCC.
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Figure 3. Co-expression network based on 17 pathways. Nodes represent pathways, and edges represent pathway
interactions. Deeper color denotes greater interaction (based on weighted values).

By accessing topological centrality analysis for the pathway network, we found that
four kinds of centralities (degree, betweenness, closeness, and stress) were similar for the 17
pathways, suggesting that these pathways possessed similar topological properties.

DISCUSSION

In this paper, we identified 17 significant pathways in HBV-related HCC using
pathway crosstalk and network. Interestingly, 9 of the 17 pathways were correlated to PI3K,
7 were signaling related pathways, and regulation of FZD by ubiquitination participated in
crosstalk with larger weighted values.

Netrin-1, a diffusible, laminin-related protein, has been identified as neuronal guidance
cues during nervous system development, and mainly interacts with receptors deleted in
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colorectal cancer (DCC) and uncoordinated-5-homolog (UNC5H) (Mehlen and Furne, 2005).
Moreover, netrin-1 signaling enhances extracellular adenosine signaling (Poth et al., 2013).
Netrin-1 overexpression has recently been described in several types of human cancers,
such as colorectal cancer (Ko et al., 2014), lung cancer (Delloye-Bourgeois et al., 2009a), and
neuroblastoma (Delloye-Bourgeois et al., 2009b). In liver cancer, netrin-1 level was found to
be significantly increased in the circulation. Inhibition of netrin-1 receptor results in down-
regulation of netrin-1-induced apoptosis in tumor cells, and leads to tumor regression (Ramesh et
al.,2011). Han et al. (2015) reported that netrin-1 promoted cell migration and invasion by down-
regulating the expression of blood vessel epicardial substance in HCC. It had been demonstrated
that netrin-1-activated downstream signaling pathways induce epithelial-mesenchymal transition
with subsequent production of multiple inflammatory mediators, which in turn promotes cancer
invasion in hypoxic HCC cells (Yan et al., 2014). Therefore, we hypothesized that Netrin-1
signaling may be a potential biomarker for diagnosis and treatment of HBV-related HCC.

Our pathway analysis revealed that PI3K (phosphatidylinositol 3-kinase) played a
key role in the 17 pathways, especially in the PI-3K cascade and PI3K/AKT-related pathways.
Dysregulation of the PI3K signaling pathway was believed to exert a potential oncogenic effect
in HCC (Dituri et al., 2012). Four PI-3K cascades, FGFR2, FGFR3 and FGFR4, which were
members of the fibroblast growth factor receptor (FGFR) family, were explored in our study.
It was reported that FGFRs are presented on endothelial cells, and provide critical signaling
pathways for HCC metastasis (Presta et al., 2005; Huynh et al., 2008). Schmidt et al. (2016)
revealed that the classification system may help identify HCC patients who are most likely to
benefit FGFR inhibition. Furthermore, combined FGFR/mTOR treatment showed significant
inhibitory effects on signaling and motility in HCC (Scheller et al., 2015). Inhibition of the
PI3BK/AKT/mTOR pathway was also shown to be beneficial for suppression of angiogenesis in
HCC (Jung et al., 2012), and provided insight into promising strategies for targeted therapies
(Fang et al., 2012). Liu et al. (2009) demonstrated that PI3K/AKT signaling is dysregulated in
HCC, which suggests that it may be a critical target for therapeutic designs. It may also play an
important part in chemokine ligand 5 (CCL5)-mediated migration and invasion of Huh7 cells
(Bai et al., 2014). Additionally, activation of PI3K/AKT also compromised the anti-tumor
activity of rapamycin in HCC (Li et al., 2012). In this study, PI3K/AKT activation and PI3K/
AKT signaling were shown to be significant pathways in HCC; this was in agreement with
previously published results.

We found that the gene expression profile downloaded from the ArrayExpress
database was endemic by HBV to some extent. We also identified that antiviral mechanisms
by IFN-stimulated genes correlated closely with HBV. IFN-a-mediated epigenetic repression
of HBV cccDNA transcriptional activity may therefore assist in the development of novel
effective therapeutics (Belloni et al., 2012). This was supported by studies which reported that
modulation of IFN-stimulated genes resulted in an antiviral response in target cells aimed at
limiting both viral replication and spreading (Sadler and Williams, 2008).

In conclusion, we identified 17 significant pathways in HBV-related HCC based on
pathway interaction analysis. These pathways may be potential biomarkers, and give insights
into treatment and detection of HBV-related HCC.
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