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Introduction 
 
Hepatocellular Carcinoma (HCC) is one of the 
malignant diseases whose prevalence is increasing 
day by day.  So far, in most cases, the etiology of 

the patient is related to some viruses, including 
HBV and HCV(1) . However, in addition to vi-
ruses, some other factors also play a role in the 
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Background: Liver hepatocellular carcinoma (LIHC) is a common cancer with a poor prognosis and high re-
currence rate. We aimed to identify potential biomarkers for LIHC by investigating the involvement of hub 
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Methods: we conducted a bioinformatics analysis using microarray datasets, the TCGA-LIHC dataset, and text 
mining to identify differentially expressed genes (DEGs) associated with LIHC. They then performed function-
al enrichment analysis and gene-disease association analysis. The protein-protein interaction network of the 
genes was established, and hub genes were identified. The expression levels and survival analysis of these hub 
genes were evaluated, and their association with miRNAs, TFs, and PKs was assessed.  
Results: The analysis identified 122 common genes involved in LIHC pathogenesis. Ten hub genes were fil-
tered out, including CDK1, CCNB1, CCNB2, CCNA2, ASPM, NCAPG, BIRC5, RRM2, KIF20A, and CENPF. 
The expression level of all hub genes was confirmed, and high expression levels of all hub genes were correlated 
with poor overall survival of LIHC patients.  
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pathogenesis of the disease(2). Disruption of 
gene expression as well as molecular pathways 
can also play a role in the pathogenesis of HCC 
(2).  
Nowadays, various bioinformatics methods have 
been used to uncover novel biomarkers in differ-
ent cancers to diagnose and treat (3, 4). The use 
of integrated bioinformatics analysis in cancer 
research has yielded considerable development.  
The prognostic genes were investigated in HCC 
using microarray datasets and a bioinformatics 
approach. They found ten hub genes containing 
CDC20, AURKA, FTCD, CKS1B, UBE2C, 
TOP2A, KIF20A, CCNB2, PTTG1, and CDKN3 
correlate with the survival of patients with HCC 
(5).  
The comprehensive identification of the main 
gene accountable for HCC's pathogenesis has not 
been accomplished. Although some studies have 
investigated genes and molecular pathways in-
volved in HCC pathogenesis, most studies have 
focused on the diagnostic and prognostic value 
of genes (5). 
In this study, we explored potential biomarkers 
associated with the occurrence and progression 
of HCC using a bioinformatics approach, em-
ploying three methods: TCGA, Meta-analysis, 
and text mining. The investigation comprehen-
sively assessed primary hub genes, pathways, mi-
croRNAs (miRNAs), transcription factors (TFs), 
and protein kinases (PKs) involved in HCC. Fur-
thermore, we evaluated and validated the rela-
tionship between these hub genes and the surviv-
al rate of patients. 

Materials and Methods 
 
TCGA Dataset and Screening DEGs 
The raw RNA-Seq data were downloaded from 
the Cancer Genome Atlas (TCGA) database via 
TCGAbiolinks package of R using the following 
criteria: 422 cases (371 cancerous and 51 normal 
samples), project (TCGA-LIHC), data category 
(Transcriptome Profiling), data type (Gene Ex-
pression Quantification) and workflow type 
(STAR - Counts). The edgeR and limma packages 
of R software were used to normalize and screen 
differentially expressed genes (DEGs) between 
cancerous and normal samples. DEGs were 
screened |log2fold change| greater than 1, and 
adjusted P-value lower than 0.05. 
 
Microarray Datasets and Screening DEGs 
The datasets for gene expression analysis, namely 
GSE101685, GSE62232, and GSE45267, were 
obtained from the Gene Expression Omnibus 
(GEO) Database and their complete details are 
outlined in Table 1. All datasets were built on the 
GPL570 platform. To eliminate any batch effects 
in the three datasets, the SVA package of R soft-
ware was employed for merging and removal 
purposes. The limma package was employed to 
detect the genes that showed differential expres-
sion between cancerous and normal samples. The 
DEGs were subsequently filtered based on a 
|log2fold change| that was greater than 1 and an 
adjusted P-value that was lower than 0.05.

 
Table 1: The full information of microarray datasets 

 
Datasets Platform Disease Affected Control Sample 
GSE101685 GLP570 Hepatocellular carci-

noma 
24 8 Liver tissue 

GSE62232 GLP570 Hepatocellular carci-
noma 

81 10 Liver tissue 

GSE45267 GLP570 Hepatocellular carci-
noma 

48 39 Liver tissue 
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Identifying LIHC-related genes by using text 
mining  
Text mining was done using the online tool 
GenCLip3 (6). GenCLip3 extracts the gene 
names associated with keywords from the Pub-
Med literature. The following criteria were used: 
search term= Hepatocellular carcinoma and 
search years range= 1980-2020. The gene names 
that were in at least three publications were fil-
tered. 
 
Intersection of genes 
For identifying overlapped genes between 
TCGA, microarray, and text mining analyses, 
Venn diagrams were applied. The shared genes 
between all analyses were used for upstream 
analysis. 
 
Functional enrichment analysis of common 
genes 
Gene ontology (GO) and the Kyoto Encyclope-
dia of Genes and Genomes (KEGG) analysis 
related to the overlapping genes were executed by 
using the GeneCodis software. Significant GO 
and KEGG terms were screened with a threshold 
P-value of 0.05. 
 
Gene-disease association analysis 
To evaluate the association between genes and 
human disease, the DisGeNET database was ac-
cessed via GeneCodis software, which is one of 
the most comprehensive databases of genes and 
variations linked to human disorders. A statistical 
value cutoff was set at an adjusted P-value lower 
than 0.05. 
 
Protein-Protein interaction network establish-
ment and hub genes identification  
The STRING web tool, one of the largest online 
repositories of available protein-protein interac-
tions (PPI), was used to predict interactions be-
tween proteins (7). A confidence scores greater 
than 0.7 was used to set the interaction parame-
ter. PPI network was depicted via Cytoscape (8). 
In order to detect the key model of PPI, the Mo-
lecular complex detection (MCODE) plugin of 
Cytoscape was used through default parameters. 

Modules with MCODE scores > 5 and the num-
ber of nodes > 5 were regarded as significant 
modules (9). The cytoHubba plug-in of Cyto-
scape was used to determine hub genes through 
the degree method (10). 
 
Validation of hub genes and survival analysis 
In order to confirm the expression level of hub 
genes, Gene Expression Profiling Interactive 
Analysis 2 (GEPIA2) was used (11), which con-
sists of RNA sequencing expression data from 
TCGA and the GTEx projects. The One-way 
ANOVA method and q-value lower than 0.05 
were considered for differential expression analy-
sis. Besides, the effect of hub genes on survival 
rate in HCC was evaluated through the Kaplan-
Meier plotter (12). This web tool contains infor-
mation about the impact of 54,000 genes on sur-
vival in different cancers. The hazard ratio (HR) 
and log-rank P-value were computed for this 
analysis. 
 
Evaluation of the association between hub genes 
with miRNAs  
The target miRNAs of hub genes were predicted 
by using the miRTarBase linked to Enrichr soft-
ware (13). Statistical significance was regarded as 
an adjusted P-value lower than 0.05. 
 
Evaluation of the association between hub genes 
with TFs and PKs  
TFs and protein kinases PKs that potentially reg-
ulate the expression of hub genes were found 
using the X2K web tool. A hypergeometric P-
value lower than 0.05 was considered statistically 
significant. 
 
Results 
 

TCGA, microarray, and text-mining analyses 
Genes involved in HCC pathogenesis were inves-
tigated based on three methods: TCGA, Meta-
analysis, and text mining. First, DEGs were ac-
quired from the TCGA-LIHC dataset. Altogether 
3640 DEGs, containing 1346 up- and 2294 
down-regulated, were found. Then, a meta-
analysis of the microarray datasets (GSE101685, 
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GSE62232, and GSE45267) was conducted, and 
295 DEGs, including 94 up and 201 down-
regulated genes, were found. Moreover. 2345 
gene names were mined from literature using a 

text-miming approach. Altogether, 122 common 
genes involved in HCC pathogenesis were de-
termined between all methods (Fig. 1). 

 

 
Fig. 1: Common genes involved in HCC pathogenesis identified by TCGA analysis, meta-analysis of microarray da-

tasets, and text mining; 122 common genes were found between all three methods, with 94 up-regulated and 28 
down-regulated genes (Original) 

 
Functional enrichment analysis of common 
genes 
The GeneCodis software was employed to carry 
out a functional enrichment analysis on the 
genes. GO analysis displayed that in BP, the 
genes were mostly enriched for the GO terms 
such as "cell division", "cell cycle", and "epoxy-
genase P450 pathway". CC analysis showed that 
the genes were significantly enriched for the 
terms such as "spindle", "cytoplasm", and "mid-
body". For MF, the genes were enriched for the 

GO terms such as "oxidoreductase activity, act-
ing on paired donors, with incorporation or re-
duction of molecular oxygen, reduced flavin or 
flavoprotein as one donor, and incorporation of 
one atom of oxygen", "aromatase activity" and 
"arachidonic acid epoxygenase activity". In addi-
tion, KEGG pathway analysis revealed that genes 
mainly enriched for the pathway terms such as 
"cell cycle", "caffeine metabolism" and "chemical 
carcinogenesis-DNA adducts" (Fig. 2). 

 
Fig. 2: Significant pathways associated with HCC pathogenesis identified by KEGG pathway analysis (Original) 
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Gene-disease association analysis 
The correlation of genes with the human disease 
were assessed by the DisGeNET database linked 
to GeneCodis software. According to the results, 

genes mostly correlated with "Liver carcinoma", 
"Polycystic Ovary Syndrome" and "Sclerocystic 
Ovaries" (Fig. 3). 

 

 
Fig. 3: Correlation of genes with various human diseases using the DisGeNET database (Original) 

 
 
PPI construction analysis and selection of hub 
genes  
The STRING database was used to construct the 
interactions network between proteins, and Cyto-
scape was employed to visualize interactions. The 
results revealed a comprehensive PPI network 
comprising 109 nodes and 999 edges (Fig. 4). 
Upon conducting the MCODE analysis, the in-
vestigation identified two highly significant mod-
ules, each constituting a key module within the 
PPI network (Fig. 5). The identification of key 

modules through MCODE analysis indicates 
specific clusters of proteins that might play cru-
cial roles in regulating critical pathways or func-
tional relationships within the network. The top 
10 hub genes were chosen through the cytoHub-
ba plugin. Based on the degree method, hub 
genes included CDK1, CCNB1, CCNB2, 
CCNA2, ASPM, NCAPG, BIRC5, RRM2, 
KIF20A, and CENPF. The topological infor-
mation of hub genes is shown in Table 2. 

 

 
Fig. 4: PPI network of genes, where the blue ellipses represent genes and the gray lines indicate interactions between 

them. The network comprises 109 nodes and 999 edges. (original) 
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Fig. 5: Significant modules detected in the PPI network using the MCODE Plugin (module 1 with a score of 39.55 

and module 2 with a score of 8). (original) 
 

Table 2: The topological information of hub genes. 
 

Name Degree Betweenness Closeness Radiality Stress 
CDK1 45 0.035769 0.418605 0.845679 3728 
CCNB1 44 0.026914 0.416988 0.84465 3260 
CCNB2 44 0.007227 0.388489 0.825103 880 
ASPM 44 0.061777 0.407547 0.838477 2952 
NCAPG 43 0.019325 0.387097 0.824074 1022 
BIRC5 43 0.024353 0.415385 0.843621 2856 
RRM2 43 0.078821 0.404494 0.83642 4162 
KIF20A 43 0.012683 0.394161 0.829218 1526 
CENPF 43 0.068916 0.415385 0.843621 4324 

 
Validation of hub genes and survival analysis 
To verify the expression level for hub genes, 
GEPIA2 was used. Results indicated that the ex-
pression level of all hub genes significantly up-
regulated and validated (Fig. 6). Moreover, to 
identify the prognostic value of hub genes, the 

overall survival analysis of the hub genes was 
plotted using the Kaplan-Meier plotter. The 
curves showed that overexpression of all hub 
genes is significantly associated with decreased 
overall survival times of patients with HCC (Fig. 
7). 
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Fig. 6: The results of the validation analysis of 10 hub genes using GEPIA2 web tool. This figure   shows a compar-
ison of mRNA expression levels between HCC tissues (red boxes) and control tissues (gray boxes) for all hub genes 

(Original) 
 

 
Fig. 7: Kaplan-Meier survival plots of hub genes using Kaplan-Meier plotter software, where the black and red lines 
indicate low- and high-risk patient groups. The curves demonstrate a significant association between overexpression 

of all hub genes and decreased overall survival times in patients with HCC (Original) 
 
Interaction of hub genes with miRNAs 
In order to evaluate the interaction of hub genes 
with miRNAs, the miRTarBase linked to Enrichr 
software was used.  Hub genes interacted with 
some miRNAs, which played a role in HCC 
pathogenesis. These miRNAs, including has-miR-
193b-3p, has-miR-205-5p, and has-let-7b-5p, 
were considered potential critical miRNAs.  

 
Interaction of hub genes with TFs and PKs 
In order to evaluate the interaction of hub genes 
with TFs and PKs, the X2K online tool was 
used. The most important TFs included FOXM1 
and SIN3A, which interact with most of the hub 
genes. In addition, the most important PKs in-
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cluded MAPK14 and CSNK2A1, which interact 
with most of the hub genes. 
 
Discussion 
  
In the bioinformatics analysis, the expression of 
some genes, such as CCNB1, CDK1, and 
CCNB2, increased in hepatocellular carcinoma 
(14). Reduced expression of CCNB2, CCNB1, 
and CDK1 stop cells in the G0/G1 of the cell 
cycle and cause the induction of apoptosis and 
inhibition of cell invasion by blocking the p53 
signaling pathway. Also, the reduction of 
CDK1/CCNB1 expression can lead to the in-
crease of p53 and p21Cip1 protein expression as 
tumor suppressors in cancer cells (14). Decreased 
expression of miR-199a-3p is significantly ob-
served in HCC cells (14). miR-199a-3p impedes 
the expression of CCNB1 and CDK1 through 
activating the p53 signaling pathway, thereby 
leading to apoptosis and inhibition of cell inva-
sion (14). The mentioned genes are prognostic 
biomarkers and are related to inflammatory cell 
infiltration and response to immunotherapy in 
HCC (15). CNA (copy number alteration) of 
CDK1 and CCNB1 genes have a significant rela-
tionship with the infiltration of immune cells in 
the liver tissue of HCC patients (15). 
Increased expression of the CCNA2 gene leads 
to the induction of cell proliferation and tumor-
igenesis through the activation of the FXR-miR-
22-CCNA2 signaling pathway. These results may 
be helpful in identifying diagnostic and prognos-
tic markers of HCC patients (16). Overexpression 
of ASPM is seen in malignant liver cells and cor-
relates with poor prognosis. ASPM interacts with 
disheveled-2 (Dvl2) and inhibits Dvl2 degrada-
tion, and leads to the increase of Dvl2 protein by 
activation of Wnt/β-catenin signaling pathway in 
HCC, so that disarrangement of the 
Wnt/ASPM/Dvl2-β-catenin signaling pathway 
may have clinical worth in management of pa-
tients with HCC (17). Elevated expression of 
NCAPG (non-SMC condensing I complex subu-
nit G) correlates with poor prognosis in HCC 
patients and is found as a prognostic factor, lead-

ing to cell proliferation through activation of 
PI3K/AKT/FOXO4 and p53 signaling path-
ways. In addition to NCAPG expression status, 
disease stage (T AJCC) is also an independent 
predictor of overall survival (OS) (18). NCAPG 
expression level correlates with hypomethylation 
status and has a positive correlation with tumor 
immune cell infiltration (18). The PI3K/AKT 
signaling pathway is one of the most critical 
pathways for the development of HCC. Disturb-
ance in this pathway leads to decreased cell 
growth and increased apoptosis (19). The level of 
expression of miR-181c in HCC cells is notably 
lower than that in normal hepatocytes. There is a 
reverse correlation between the expression of 
miR-181c and NCAPG in HCC (20). Its lower 
expression stops cell proliferation by inhibiting 
the Notch 2 signaling pathway (20).  Overexpres-
sion of BIRC5 (survivin) has been observed in 
HCC and is correlated with poor outcomes (21). 
Survivin contributes to carcinogenesis through 
different mechanisms, including interactivity with 
caspase 3 and 7, Bax and Fas induced suppres-
sion of apoptosis, cytokines and cell cycle pro-
gression control, and contribution in a diversity 
of signaling pathways such as p53, Wnt, hypoxia, 
transforming growth factor (TGF) and the Notch 
signaling pathway (22). Casein kinase 2 alpha pro-
tein 1 (CSNK2A1) leads to the proliferation of 
malignant cells, invasion, distal metastasis, and 
resistance to chemotherapeutic agents through 
activating the Wnt signaling pathway (23). Ribo-
nucleotide reductase subunit M2 (RRM2) leads to 
the deoxynucleotide triphosphates production, 
which is crucial for DNA biosynthesis (24). 
RRM2 plays a vital role in tumor proliferation, 
and over-expression of RRM2 correlates with 
poor disease outcomes. A higher level of RRM2 
protein expression can be a helpful biomarker for 
anticipating early recurrence after therapeutic 
surgery (24). Inhibition of RRM2 notably de-
creases the expression of the antiapoptotic pro-
tein Bcl-2 signaling pathway (24). The genes, in-
cluding CDK1, RRM2, ASPM, and PBK may be 
essential for the evolution of HCC from cirrhosis 
through activating the p53 signaling pathway 
(25). Therefore, the p53 signaling pathway is cru-
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cial in the progression of HCC (25). Gli2 (Glio-
ma-associated oncogene 2), an early transcrip-
tional regulator of the Hedgehog (Hh) signaling 
pathway, is important for HCC (26). Lower ex-
pression of Gli2 leads to the suppression of ma-
lignant cell proliferation, and its overexpression 
leads to the increase in the expression of KIF20A 
through activating Forkhead Box M1 (FoxM1)-
MMB complex-mediated transcription (26). 
KIF20A is a new downstream target of the Hh 
signaling pathway, which is essential for tumor 
proliferation (26, 27). CENPF (Centromere Pro-
tein F) may be used as a potential prognostic bi-
omarker and novel therapeutic target for HCC 
(28). Overexpression of CENPF through the 
MAPK signaling pathway results in the progres-
sion of HCC and abnormal cell division within 
the cell cycle through the CENPF-E2F1/CDK1 
signaling pathway (28). Thus, genes interacting 
with CENPF and their associated signaling path-
ways may give indications for the development of 
targeted CENPF-mediated therapy (28).  
Reduced expression of miR-205-5p is found in 
HCC cell lines, resulting in resistance to chemo-
therapeutic agents through the 
PTEN/JNK/ANXA3 pathway (29). Treatment 
with 5-fluorouracil (5-Fu) enhances the expres-
sion of miR-205-5p in HCC malignant cells. The 
PTEN/JNK/ANXA3 signaling pathway altera-
tions are linked to these consequences (29). 
Overexpression of small nucleolar RNA host 
gene 16 (SNHG16) occurs in HCC and indicates 
poor outcomes in HCC patients. The NHG16 
facilitates the transition of the G2/M cell cycle by 
directly affecting the let-7b-5p/CDC25B/CDK1 
signaling path, and it leads to distant metastasis 
and (Epithelial-mesenchymal transition) through 
the let-7b-5p/HMGA2 axis. These findings may 
provide a novel approach for treating HCC and 
its molecular pathogenesis. Transcription factor 
HMGA2 is involved in tumor proliferation and 
EMT progression by activating numerous signal-
ing pathways, including TGF β1/Smad3, MAPK, 
and Wnt/β-catenin (30). FOXM1 is a transcrip-
tion factor that plays a significant role in cancer 
development and progression, including HCC 
(31). In HCC patients, the increased expression 

of FOXM1 and CCNB1 is strongly linked to 
poor prognosis, and they are expressed simulta-
neously in HCC. In HCC cell lines, the overturn-
ing of FOXM1 significantly hampered the level 
of expression of CCNB1 at mRNA and protein 
levels (31). It actually binds straight to the 
CCNB1 promoter region and regulates CCNB1 
gene expression levels at the transcriptional level 
(31). CCNB1 is critical to FOXM1-induced 
growth in HCC cells. FOXM1 is engaged in nu-
merous oncogenic pathways in HCC, like YAP1 
and Ras-ERK1/2 (31). FOXM1, TCF7L1, E2F4, 
and SIN3A are the main TFs for HCC (32). 
overexpression of miR-210 causes suppression of 
proliferation and induction of apoptosis through 
targeting SIN3A, a transcriptional regulator. 
Changes in signaling pathways like Ras/MAPK, 
Wnt/β-catenin, and retinoblastoma pathways oc-
cur in HCC cells (32). E2F4 is one of the crucial 
members of TFs that participate in innate im-
mune responses like the expression of CD14 and 
toll-like receptor 8 (TLR8) and downstream sig-
nal transducer and activator of transcription 
(STAT1). Overexpression of E2F4 in HCC tu-
mor tissue versus adjacent normal tissue. Its in-
creased expression is significantly associated with 
poor prognosis in HCC patients (33). 
This study provides a comprehensive analysis of 
potential biomarkers for HCC, employing a 
combination of bioinformatics approaches. 
However, the study relies on data obtained from 
public databases, and the identified biomarkers 
necessitate further validation through experi-
mental studies. Notably, the study did not ac-
count for other factors that could affect the 
prognosis of HCC patients, such as tumor size, 
grade, and stage. Moreover, potential confound-
ing factors like comorbidities and environmental 
exposures were not considered, which might in-
fluence the expression of the identified bi-
omarkers. Additional validation studies are essen-
tial to establish the clinical utility of the identified 
biomarkers and their potential application in per-
sonalized treatment for HCC patients. 
 
 



Shourideh et al.: A Bioinformatics-Based Approach to Discover Novel Biomarkers … 
 

Available at:    http://ijph.tums.ac.ir   1341 

Conclusion 
 
Finding out the signaling pathways, critical genes, 
miRNAs, TFs, and PKs involved in the growth 
of hepatocellular carcinoma can be used in de-
signing targeted therapy and increasing the over-
all survival of HCCs. Besides, investigating the 
increase or decrease in the expression of genes 
and miRNAs and signaling pathways in HCC is 
very useful because it assists in identifying diag-
nostic and prognostic biomarkers. Although, ad-
ditional examinations are required to evaluate 
these biomarkers. 
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