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Abstract

Background: Hepatocellular carcinoma (HCC), the most common form of liver cancer, has a significant mortality
rate, largely due to late diagnosis. Recent advances in medical research have demonstrated the potential of biomarkers
for early detection. Moreover, the discovery and use of prognostic biomarkers offer a ray of hope in the fight against liver
cancer. Methods: Three gene transcript collections (GSES 7957, GSE76427, and GSE84402) were retrieved from the GEO
database, and significantly expressed genes were identified through a comprehensive screening process. Subsequently,
key potential biomarkers were identified using various methods, including functional pathway enrichment, protein-
protein interaction network analysis, mRNA-miR interaction study, and ROC curve and survival analysis. Results:
After analyzing the expression of hub proteins and miRs, 12 proteins were found to have AUC values greater than 0.9
and log-rank KM-plot p values less than 0.05. Therefore, these proteins can be considered as potential diagnostic and
prognostic biomarkers. Among these proteins, the top 5 were CDC6, PTTG1, CDCAS, RACGAPI1, and RAD5S1AP1. The
microRNAs with the highest diagnostic significance (AUC>0.8) were hsa-mir-101-3p, hsa-mir-195-5p, hsa-mir-130a-
3p, hsa-mir-26b-5p, hsa-mir-29¢-3p, hsa-mir-26a-5p, and hsa-mir-34a-5p. Notably, hsa-mir-34a-5p, hsa-mir-195-5p,
and hsa-mir-130a-3p also showed prognostic potential as predictors of overall survival in HCC patients. Conclusion:
Harnessing the potential of these biomarkers will enable healthcare professionals to make informed decisions, leading to
improved care and more favorable outcomes in the fight against HCC. However, the next step is to thoroughly validate
these potential markers in large cohorts.
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Introduction

When it comes to hepatocellular carcinoma, the most
common form of liver cancer, the importance of timely
identification and accurate prognosis to improve patient
outcomes cannot be overemphasized. Hepatocellular
carcinoma, also known as primary liver cancer, develops
in the hepatocytes, the main liver cell type. Risk factors
such as persistent hepatitis B or C infection, liver cirrhosis,
excessive alcohol consumption, and certain inherited liver
disorders increase the likelihood of developing HCC [1].
Early detection of HCC is essential to improving patient
outcomes. Traditional diagnostic methods, such as imaging
and biopsy, are often unable to detect HCC in its early
stages. Biomarkers are measurable biological entities that
offer a non-invasive alternative that can identify the disease

at an earlier, more treatable stage. As symptoms often go
unnoticed until later stages, HCC prognosis becomes even
more crucial in determining appropriate interventions.
The stage of the tumor upon diagnosis is correlated
with the reception of curative treatment and the overall
survival rate. This includes a 5-year survival rate below
5% in patients with advanced-stage disease, in contrast
to a rate exceeding 70% for those with early-stage [2]. In
recent years, the identification of prognostic biomarkers
has emerged as a promising avenue for predicting
HCC progression and tailoring personalized treatment
strategies. In the context of hepatocellular carcinoma,
researchers have identified several biomarkers that can
assist in predicting tumor behavior, treatment response,
and overall survival rates. Alpha-fetoprotein (AFP) has
long been considered the gold standard biomarker for
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HCC [3]. However, its effectiveness is limited, as AFP
levels can also be elevated in other liver conditions, such
as cirrhosis, which leads to false positive results [4]. AFP
lacks the necessary accuracy and specificity to be used
as a standalone diagnostic tool. Therefore, combining
AFP with other biomarkers enhances its predictive value
[5]. AFP-L3, also known as lens culinaris agglutinin-
reactive AFP, is a glycoform variant of AFP that has been
extensively investigated for its utility as a biomarker in
identifying early-stage hepatocellular carcinoma [6].
Although AFP-L3 exhibits a superior level of specificity
in comparison to AFP, its sensitivity is considerably lower
(about 50%—-60%) in the context of early HCC detection
[7]. Further validation of AFP-L3 in phase III biomarker
evaluation is required in order to ascertain if it possesses
additional value when compared to or used in conjunction
with AFP. Des-gamma-carboxy prothrombin (DCP), also
known as PIVKA-II or protein induced by vitamin K
absence or antagonist-II, shows promise as a prognostic
biomarker for HCC [8]. Studies have shown that elevated
DCP levels are strongly associated with HCC, particularly
in patients with normal AFP levels. It is also indicated
that elevated levels of DCP are associated with the
aggressiveness of tumors and an unfavorable prognosis.
Combining AFP and DCP tests can significantly improve
the sensitivity and specificity of HCC diagnosis [9]. There
are also some other biomarkers such as osteopontin,
midkine, glypican-3, dikkopf-1, alpha-1 fucosidase,
golgi protein-73, and Squamous cell carcinoma antigen
that exhibit promising outcomes during the phase II
assessment; however, they still necessitate phase III
authentication [10, 11]. Another category of biomarkers
being developed for HCC are genetic markers. This
includes non-coding RNAs, DNA methylation, and other
epigenetic modifications [ 12]. Several investigations have
assessed the potential of circulating miRs as diagnostic
biomarkers for hepatocellular carcinoma due to their
inherent stability and involvement in tumor proliferation
[13-15]. While the aforementioned biomarkers have
shown promise in predicting HCC prognosis, ongoing
research aims to identify additional markers with
enhanced accuracy and reliability. By harnessing the
power of the validated biomarkers in the future, healthcare
professionals can make informed decisions, leading to
improved patient care and better outcomes in the fight
against hepatocellular carcinoma. The utilization of
multi-omics strategies and systems biology in generating
complex datasets has become critical to accelerate the
identification and validation of diagnostic, prognostic,
or therapeutic biomarker panels. Genes/proteins or
miRs, apart from their presence in various samples such
as tissues, blood samples, and urine, can be identified
by novel methods within the tumor microenvironment
(TME). One of the novel highthroughput strategies for
identifying biomarkers involves exploring them within the
TME at the level of individual cells using the single-cell
RNA sequencing (scRNA-seq) technique, which also takes
into account the interactions between cells in the TME.
In this investigation, high-throughput transcriptomic data
of HCC patients were obtained from the GEO database.
Combining the datasets with protein-protein and mRNA-
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miRNA interaction networks revealed several proteins and
microRNAs that may be useful as potential diagnostic
and prognostic biomarkers for hepatocellular carcinoma.

Materials and Methods

Microarray datasets and data analysis

After performing a search on the NCBI/GEO series
platform [16], using the specified keywords [“mRNA”
OR “gene” OR “transcript”] AND [“liver cancer” OR
“hepatocellular carcinoma™], a total of 812 data series
results were acquired. The obtained results were then
narrowed down to include only “human” and “tissue”,
leaving 546 datasets. Among them, 7 datasets with a
large number of participants were selected and analyzed
using the GEO2R platform. Finally, three datasets with
the largest number of significant DEGs were selected.
The three gene transcriptome datasets used in this study
were GSE57957, GSE76427, and GSE84402 [17-19].
The expression datasets were normalized using the
GEO2R tool. Differentially expressed genes (DEGs) were
identified based on the cutoff criteria, adj.p-value<0.05
and | Fold-change | >2. For more details on each dataset,
including sample number and microarray platform type,
see Table 1. Volcano plots of significant genes and
normalized datasets are also shown in Figure 1.

Integration of datasets results

Differentially expressed genes were analyzed using
the Venny online platform [20] to identify the overlapping
genes among the datasets. Consequently, a collection of
143 genes that were shared between the three microarrays
were acquired.

Construction of protein-protein and mRNA-miRNA
interaction networks

The common genes were searched in the String
database [21] to find all the possible interactions of the
DEGs and construct the protein-protein interaction (PPI)
network. The resulting network was further analyzed
using Cytoscape software [22]. The common genes were
searched in “mirnet” [23] by selecting the “miRDB”
and “Tarbase” databases to find all possible interactions
between DEGs and miRs associated with liver tissue.

Gene ontology (GO) enrichment and Pathway analysis

The ClueGO plugin [24] in Cytoscape was used to
find the significantly enriched biological processes (BP),
molecular functions (MF), cellular components (CC),
and KEGG pathways in the PPI network. Bonferroni-
corrected p-values less than 0.05 were considered as the
threshold for statistical significance. KEGG pathway
enrichment analysis was also performed on the key miRs
of the mRNA-miRNA network using the NcPath database
(http://ncpath.pianlab.cn/), a tool for visualization and
enrichment analysis of non-coding RNAs and KEGG
signaling pathways in humans.

Hub selection
The networks created in Cytoscape were analyzed and
the nodes with the highest interaction levels were identified
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Figure 1. (A) The volcano plots and (B) the normalized GEO datasets, showing the significant up/down regulated

genes in each dataset.

as the hub genes and hub miRs. Hub nodes usually perform
important functions of monitoring the paths connected in
the network. Furthermore, these nodes could potentially
serve as biomarkers for various diseases. A total of 20 top
hub nodes were selected for additional investigation from
both the PP and mRNA-miRNA networks.

ROC analysis

After identifying hub genes that play a role in the
diagnosis and survival of liver cancer patients, Graphpad
prism 8.0 (GraphPad Software, Boston, Massachusetts
USA, www.graphpad.com) was used to construct the
ROC curves of the DEGs based on the nodes normalized
expression data. To determine potential biomarkers, a
p-value of less than 0.05 and an area under the curve
(AUC) greater than 0.80 were set as the threshold. The
ROC curves associated with miRs were obtained from the
CancerMIRNome database [25].

Survival analysis

Survival analysis was exclusively conducted for the
hub genes and miRs with an AUC greater than 0.80. To
explore possible relationships between the DEGs and
overall survival, both the Human Protein Atlas database
[26] and the UALCAN databases [27] were used. The
Human Protein Atlas, an open-source online platform,
facilitates the mapping of human proteins in various
tissues, cells, and organs by using data obtained from
omics studies and antibody-based imaging techniques. In
the “pathology” section of the Human Protein Atlas, we
examined the impact of the expression levels of the DEGs
on the survival of liver cancer patients. Proteins showing
significant correlation with overall survival were identified
using Kaplan-Meier survival curves. The predetermined
cutoff p-value for significance was set at 0.05. For miRs,

survival data were extracted from the CancerMIRNome
database.

Results

Differentially expressed genes

To find the differentially expressed genes, the
intersection between datasets was extracted from the
Venn diagram. In the “GSE57957” dataset, a total of
428 DEGs were identified, while in the “GSE76427”
and “GSES84402” datasets, 312 and 2118 DEGs were
identified, respectively. The intersection between these
datasets resulted in 143 common genes (Figure 2). The
DEG names are provided in Supplementary Table 1.
The common DEGs were used for further bioinformatic
analyses.

Protein-protein interaction network analysis and hub
genes

The PPI network consisted of a total of 118 nodes and
552 edges after removing disconnected nodes, as shown
in Figure 3. The network was constructed with high
confidence interval of 0.7. The network was then analyzed
using Cytoscape software. The hub nodes which exhibited
the greatest degree of connectivity were then identified and
designated as potential biomarkers for HCC. The top 20
hub/bottleneck DEGs included CDC6, AURKA, MCM?2,
RADS51, PRCI, NCAPG, PTTGI1, MCM5, NCAPH, RFCH4,
GINS2, CDKN3, ASPM, KIF23, RAD51AP1, MELK,
PCLAF, RACGAPI, CDCAS5, and SERPINF?2 (Table 2).

Gene ontology results

Based on the ClueGO Cytoscape plugin, the
meaningful enriched gene ontology terms and KEGG
pathways were determined for the DEGs (Table 3). The
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Figure 2. Venn Diagram Showing Common Genes
between the Selected GEO Datasets.

most significant biological processes included cellular
hormone metabolic process (adj.p-val=7.8E-06), protein
homotetramerization (adj.p-val=0.00048), androgen
metabolic process (adj.p-val=0.00016), response to
phenylpropanoid (adj.p-val=0.0026), and cellular amino
acid catabolic process (adj.p-val=3E-07). The top
enriched molecular functions included fatty acid ligase
activity (adj.p-val=0.0037), polysaccharide binding
(adj.p-val=0.0063), oxidoreductase activity acting

Table 1. Details of the Selected Microarray Platforms

on the CH-CH group of donors (adj.p-val=0.0018),
oxidoreductase activity acting on the aldehyde or oxo group
of donors, NAD or NADP as acceptor (adj.p-val=0.0041),
monooxygenase activity (adj.p-val=4.3E-06), and insulin-
like growth factor binding (adj.p-val=0.0077). The most
significant cellular components were the mitotic spindle
(adj.p-val=0.0017) and the plasma lipoprotein particles
(adj.p-val=0.0033). The enrichment results from the KEGG
pathways also indicated that the most noteworthy pathways
related to liver cancer were the Pentose and glucuronate
interconversions (adj.p-val=0.0069), Tryptophan
metabolism (adj.p-val=0.000019), Complement and
coagulation cascades (adj.p-val=0.0036), and Fatty
acid degradation (adj.p-val=0.0051). Figure 4 shows
the resulting network of gene ontology and pathway
enrichment, with larger circles indicating more significant
terms. The key miRs in the mRNA-miRNA network
were also subjected to KEGG pathway enrichment
analysis. The results showed that Rapl signaling
pathway (adj.p-value=0.001) and Apelin signaling
pathway (adj.p-value=0.001) were the most important
enriched signaling pathways that could be involved in
the development of HCC. The Supplementary Table 2
contains the enrichment results of miRs.

The mRNA-miRNA network and hub miRs

The miRNA-mRNA network created in Cytoscape
contained 214 nodes and 830 edges (Figure 5). Then,
analysis of the network was performed, and hub nodes
with the highest connectivity were identified as potential
biomarkers for further investigation by ROC and survival
curve analysis. Specifically, the top 20 hub miRs were
identified as hsa-mir-1-3p, hsa-mir-124-3p, hsa-mir-129-

GEO series Platform #Tumor samples  #control samples Ref.
GSE57957  GPL10558 Illumina HumanHT-12 V4.0 expression beadchip 39 39 [17]
GSE76427 GPL10558 Illumina HumanHT-12 V4.0 expression beadchip 115 52 [18]
GSE84402 GPL570 [HG-U133 Plus 2] Affymetrix Human Genome U133 Plus 2.0 Array 14 14 [19]

Figure 3. The Protein-Protein Interaction Ntwork, Constructed in Cytoscape Based on All the Possible Interactions of

DEGs. Larger circles denote higher degree hub genes.
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Table 2. Top 20 hub/bottleneck proteins/genes in the Protein-Protein Interaction Network. (1: increased in tumor

group, |: decreased in tumor group)

Gene symbol Degree Betweenness centrality Adj.P-value Fold change
CDC6 31 0.02014 0.0000377 4211
AURKA 29 0.04503 1.73E-10 2.68 1
MCM2 28 0.02966 2.86E-19 2821
RADS51 27 0.02401 0.000171 4881
PRCI 27 0.00363 5.54E-12 3.051
NCAPG 26 0.02008 0.0242 2191
PTTGI 26 0.00492 2.90E-12 2.68 1
MCMS5 25 0.00338 0.000334 2.521
NCAPH 25 0.00439 0.00127 5.86 1
RFC4 25 0.01272 8.73E-10 217
GINS2 25 0.00378 0.00238 2.881
CDKN3 25 0.02069 5.61E-11 3.151
ASPM 24 0.00161 1.03E-09 2.54 1
KIF23 24 0.00171 0.0201 2851
RAD51API 23 0.00283 0.000171 4881
MELK 23 0.00142 0.000115 4.59 1
PCLAF 23 0.00226 2.13E-11 3.531
RACGAPI 23 0.00142 9.93E-13 237
CDCA5 22 0.00122 2.25E-11 2237
SERPINF?2 10 0.15982 1.78E-17 2.6

2-3p, hsa-mir-34a-5p, hsa-let-7b-5p, hsa-mir-155-5p,
hsa-mir-195-5p, hsa-mir-200b-3p, hsa-mir-26a-5p, hsa-
mir-126-3p, hsa-mir-26b-5p, hsa-mir-101-3p, hsa-mir-
130a-3p, hsa-mir-429, hsa-mir-192-5p, hsa-mir-194-5p,
hsa-mir-92a-3p, hsa-mir-212-3p, hsa-mir-29¢-3p, and
hsa-mir-24-3p (Table 4).

Roc curve analysis

ROC curves were constructed using the Graphpad prism
software. The ROC (Receiver-Operating Characteristic)
analysis is a valuable tool utilized for evaluating the
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Table 3. Gene ontology and KEGG Pathway Enrichment Results for the Genes with Altered Expression. (CC: Cellular
Component)

Ontology ~ GOID GOTerm Corrected % Associated Associated Genes Found
P-Value Genes
Biological GO:0034754 cellular hormone metabolic process 7.80E-06 7.826 [AKRIC3, AKRIDI, ALDH8A1, CYP26A1,
Process ESRI, PPARGCI1A, SRD5A2, STARDS,
SULTIAI]
GO0:0051289 protein homotetramerization 0.00048 8.571 [ACADS, CTH, DCXR, GLYAT, TK1, TRPMS8]
G0:0008209 androgen metabolic process 0.00016 15.151 [AKRIC3, AKRIDI, ESRI, PPARGCIA,
SRD5A42]
G0:0080184 response to phenylpropanoid 0.0026 23.076 [FGA, GLYAT, PPARGC1A4]
GO:0009063 cellular amino acid catabolic process 3.00E-07 7.913 [AGXT2, ALDH6A1, BBOX1, CTH, FTCD,
GCDH, GSTZI, IDO2, KMO, PRODH?2,
7DO2]
cC GO0:0072686 mitotic spindle 0.0017 8.62 [ASPM, AURKA, FAM83D, NCAPG,
RACGAPI]
G0:0034358 plasma lipoprotein particle 0.0033 7.317 [LCAT, LPA, SORL1]
Molecular  GO:0015645 fatty acid ligase activity 0.0037 20 [ACSL1, ACSM3, SLC27A5]
Function 50030247 polysaccharide binding 0.0063 12 [AGL, CLEC4G, FCN2]
GO0:0016627 oxidoreductase activity, acting on the 0.0018 8.771 [ACADS, AKRIC3, AKRIDI, GCDH, SRD5A42]
CH-CH group of donors
GO:0016620 oxidoreductase activity, acting on the 0.0041 10 [AKRIC3, ALDH2, ALDH6A1, ALDH8AI]

aldehyde or oxo group of donors, NAD or
NADP as acceptor

G0:0004497 monooxygenase activity 4.30E-06 8.411 [AKRIC3, CYP26A41, CYP39A1, CYP4F12,
CYP4V2, DBH, KMO, SOLE, TDO2]
GO:0005520 insulin-like growth factor binding 0.0077 10.714 [CYRG61, ESM1, IGFBP3]
KEGG GO:0000040 Pentose and glucuronate interconversions 0.0069 8.333 [ALDH2, DCXR, UGP2]
pathway 560000380 Tryptophan metabolism 0.000019 15 [ALDH?2, GCDH, IDO2, KMO, OGDHL,
TDO2]
GO:0004610 Complement and coagulation cascades 0.0036 7.246 [F11, FGA, MASP1, MBL2, SERPINF2]
GO:0000071 Fatty acid degradation 0.0051 9.09 [ACADS, ACSL1, ALDH2, GCDH]

of 0.80. Among the results, CDC6, PTTGI, CDCAS, above 90 percent. These specific entities are recommended
RACGAPI, RAD51AP1, NCAPH, ASPM, AURKA, and as potential diagnostic markers for liver cancer (Table 5
MELK showed the highest accuracy with AUC values  and Supplementary Figure 1). Moreover, they may play
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Figure 5. The DEG-miR Interaction Network Constructed in Cytoscape based on All Possible Interactions of DEGs
with Their Targets in TarBase and miRDB. Larger circles denote highest degree hub miRs.
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Table 4. ROC and kaplan-Meier Survival Curves Analysis Results for the top 20 hub miRs in the mRNA-miRNA
Interaction Network, According to the CancerMIRNome Database.

miR Name Degree Betweenness centrality ROC-curve AUC KM-plot p-val Hazard ratio
hsa-mir-1-3p 60 0.183 0.61 0.017 0.66
hsa-mir-124-3p 54 0.143 0.54 0.025 1.75
hsa-mir-129-2-3p 45 0.095 0.56 0.18 0.71
hsa-mir-34a-5p 37 0.061 0.81 8.55E-03 0.63
hsa-let-7b-5p 36 0.059 0.8 0.34 0.84
hsa-mir-155-5p 32 0.05 0.51 0.51 1.12
hsa-mir-195-5p 30 0.036 0.91 0.03 0.68
hsa-mir-200b-3p 24 0.04 0.79 0.67 1.08
hsa-mir-26a-5p 23 0.037 0.87 0.94 1.01
hsa-mir-126-3p 21 0.021 0.76 5.08E-03 0.61
hsa-mir-26b-5p 20 0.038 0.89 0.74 0.94
hsa-mir-101-3p 19 0.035 0.93 0.059 0.72
hsa-mir-130a-3p 18 0.026 0.89 0.044 0.7
hsa-mir-429 18 0.017 0.71 0.54 1.11
hsa-mir-192-5p 16 0.018 0.66 0.3 0.83
hsa-mir-194-5p 15 0.015 0.54 1.50E-03 0.57
hsa-mir-92a-3p 15 0.013 0.59 0.43 0.87
hsa-mir-212-3p 13 0.01 0.56 7.93E-03 1.61
hsa-mir-29¢-3p 13 0.007 0.88 0.16 0.78
hsa-mir-24-3p 12 0.023 0.62 0.3 1.2

a fundamental biological role in the pathogenesis of
HCC. Supplementary Figure 1 shows only ROC curves
with AUC values exceeding 0.9. For miRs, those with
ROC curves with AUC values greater than 0.8 were
selected as potential diagnostic and/or prognostic
markers for hepatocellular carcinoma. Among the top 20
miRs identified in the network, eight showed AUC>0.8,
including has-mir-34a-5p, hsa-let-7b-5p, has-mir-195-
5p, has-mir-26a-5p, has-mir-26b-5p, has-mir-101-3p,

has-mir-130a-3p, and has-mir-29¢-3p. Detailed results
are shown in Table 4. Supplementary Figure 2 shows the
results of ROC curves and miR expression boxplots. The
boxplots showed that the expression levels of eight miRs
were lower in the HCC group compared with normal
samples, except for hsa-mir-34a-5p. Among these miRs,
hsa-mir-101-3p and hsa-mir-195-5p showed the highest
AUC values of 0.93 and 0.91, respectively.

Table 5. ROC and Kaplan-Meier Survival Curve Analysis Results for the top 20 hub/bottleneck Genes in the Protein-
Protein Interaction Network. It is also shown that if the expression of the gene is favorable or unfavorable with the
survival according to the HPA database.

Gene symbol KM-plot log-rank p ROC curve p-value AUC Correlation with survival
CDC6 6.00E-08 0.0001 0.94 unfavorable
AURKA 0.00015 <0.0001 0.91 unfavorable
NCAPG 3.10E-06 0.0067 0.8 unfavorable
PTTGI 1.60E-06 <0.0001 0.94 unfavorable
MCM5 0.00018 0.0005 0.88 unfavorable
NCAPH 9.50E-06 0.0002 0.91 unfavorable
RFC4 6.80E-07 <0.0001 0.9 unfavorable
ASPM 0.00013 <0.0001 0.91 unfavorable
KIF23 0.000032 0.0016 0.85 unfavorable
RAD51A4PI 0.00035 0.0001 0.92 unfavorable
MELK 2.90E-07 0.0002 0.91 unfavorable
PCLAF 0.000033 <0.0001 0.88 unfavorable
RACGAPI 1.90E-06 <0.0001 0.93 unfavorable
CDCAS 8.20E-06 <0.0001 0.93 unfavorable
SERPINF2 0.000023 <0.0001 0.9 favorable
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Table 6. A Panel of the Top 5 Potential Protein Biomarkers for Liver Cancer Diagnosis and Prognosis, Sorted based
on the Area under the ROC Curves. Kaplan-Meier survival curves log-rank p-values are extracted from the UALCAN

database.
Gene Name AUC KM-plot log-rank p-value Diagnostic Prognostic
CDC6 0.94 6.00E-08 + +
PTTGI 0.94 1.60E-06
CDCAS5 0.93 8.20E-06 + +
RACGAPI 0.93 1.90E-06 + +
RAD5I1API 0.92 0.00035 + +

Table 7. A Panel of the Top Ranked Potential Diagnostic and Prognostic miR Biomarkers in Liver Cancer, Sorted

based on the Area under the ROC Curves.

miR Name AUC KM-plot log-rank p-value Diagnostic Prognostic
hsa-mir-101-3p 0.93 0.059 + -
hsa-mir-195-5p 0.91 0.03 +

hsa-mir-130a-3p 0.89 0.044 +

hsa-mir-26b-5p 0.89 0.74 + -
hsa-mir-29¢-3p 0.88 0.16 + -
hsa-mir-26a-5p 0.87 0.94 + -
hsa-mir-34a-5p 0.81 8.55E-03 + +

Survival analysis results

To evaluate the association between the proposed
biomarkers and the overall survival of liver cancer
patients, gene and miR survival data were retrieved
from primary databases, including Human Protein Atlas,
UALCAN, and CancerMIRNome. The Kaplan-Meier
survival curve represents the probability of survival
over a certain time interval, taking into account time in
many smaller sections [28]. Typically, the horizontal axis
represents time in months or years, while the vertical axis
represents the estimated cumulative survival probability.
A steeper increase means an increase in the number of
deaths, and therefore a less optimistic survival prognosis.
Conversely, a gentler slope indicates a lower frequency
of accidents and an improved chance of survival. To
construct the Kaplan-Meier curve, patients are divided
into two groups based on the expression of the target gene
or miR, and the survival time of each patient is recorded.
Normally, there should be hundreds or more patients in
each group. In such cases, the log-rank t-test is usually
used to compare the high and low expression groups. The
Kaplan-Meier survival curve of the genes with an AUC
of 0.9 or higher and a p-value of less than 0.05 from the
UALCAN database was used to explore the effect of the
expression levels of these genes on liver cancer survival.
A log-rank p-value of less than 0.05 was set as the cutoff
value. All the putative gene/protein markers with AUC
values greater than 0.9 showed unfavorable correlation
with overall survival. However, SERPINF2 showed
favorable correlation according to both the Human Protein
Atlas and UALCAN (Table 5, Supplementary Figure 3).
This suggests that higher levels of these genes or proteins
are associated with poorer survival in HCC patients,
while increased levels of SERPINF2 are associated
with better survival outcomes. Therefore, we proposed
a theoretical group of diagnostic and prognostic markers
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associated with liver cancer survival, which consisted of
a set of five most significant gene/protein markers and
seven microRNAs, listed in Table 6 and 7. The CDC6,
PTTGI, CDCAS, RACGAPI, and RAD51AP1 were the
five top protein markers. The top-ranked microRNAs with
diagnostic significance (AUC>0.8) include hsa-mir-101-
3p, hsa-mir-195-5p, hsa-mir-130a-3p, hsa-mir-26b-5p,
hsa-mir-29¢c-3p, hsa-mir-26a-5p and hsa-mir-34a-5p
(among which hsa-mir-34a-5p, hsa-mir-195-5p and hsa-
mir-130a-3p can also function as prognostic markers)
used to predict overall survival of HCC patients. The
Kaplan-Meier survival curves in Supplementary Figure 4
show that increased levels of hsa-mir-34a-5p (p-val=0.03),
hsa-mir-195-5p (p-val=0.044), and hsa-mir-130a-3p
(p-val=8.55E-03) are associated with improved survival
in HCC patients. The hazard ratios (HRs) shown in this
figure are used to quantitatively evaluate the degree of
difference between the two curves shown in the Kaplan-
Meier plot, and the P-value determines the statistical
significance of this difference. A hazard ratio of 1 means
equal risk. A number greater than 1 indicates increased
risk, and a number less than 1 indicates decreased risk.
The hazard ratios for the above miRs ranged from 0.6 to
0.7, indicating that increased expression was associated
with a 30-40-fold increase in mortality. The protein levels
of CDC6, PTTG1, CDCAS5, and RACGAPI1 that were
analyzed in the HPA database by immunohistochemistry
are shown in Supplementary Figure 5.

Discussion

Hepatocellular carcinoma ranks as the fourth highest
cause of cancer-related deaths globally [29]. Although
many targeted therapies have been developed, there is still
a requirement for more effective biomarkers to help early
detection of HCC. In the modern era of precision medicine,



a variety of bioinformatics techniques are being used to
enhance researchers’ understanding of molecular
abnormalities in cancer and make it more widely available
worldwide [30]. Recently, non-coding RNAs, mainly
miRNAs, in conjunction with genes and transcripts, have
emerged as molecular markers for clinical treatment due
to their altered expression patterns in cancer [31]. The
aim of this study was to identify potential biomarkers for
HCC detection and overall survival prognosis through
omics and bioinformatics analysis, and to determine the
final hub genes and miRNAs through network analysis.
Insights from PPI network analysis, ROC analysis, and
Kaplan-Meier curve analysis were combined to generate
a selection of the top five proteins that may potentially
serve as both diagnostic and prognostic markers for HCC.
These proteins include CDC6, PTTGI, CDCAS,
RACGAPI, and RAD51A4P]I. The replication process is
controlled in part by replication licensing elements under
careful surveillance [32]. Among all these factors, CDC6
has been highlighted as an essential molecule. CDC6 or
Cell division cycle 6, is a protein responsible for
monitoring DNA replication and participating in control
checkpoints [33]. In the case of liver cancer, Kong et al.
conducted a study showing a correlation between CDC6
expression levels and poor prognosis as well as the
progression of hepatocellular carcinoma [34]. A recent
study by Jia et al. also reported that CDC6, RACGAPI,
ASPM, AURKA, and a type of NCAP protein were the
most highly expressed proteins in live cancer cells, all of
which were included in the DEG results [35]. Furthermore,
data obtained from comparative toxicogenomic analysis
revealed that these basic genes were related to cell death,
immune response, hepatocellular carcinoma, liver
cirrhosis, and adenoid cystic carcinoma [35]. CDCA5 is
the other cell division cycle-associated gene, according
to our results. The cellular division cycle-associated gene
family is composed of notable regulators of cell
proliferation that are known to be critically involved in
various malignancies [36, 37]. Several studies have
demonstrated that CDCAS5 and CDCAS are important
factors in the development of HCC [38, 39]. To illustrate,
investigations have demonstrated that CDCAS5 is
overexpressed in HCC, and this phenomenon exhibits a
substantial correlation with tumor advancement and an
unfavorable prognosis [36]. Based on our findings, PTTG1
(Pituitary tumor-transforming gene 1) has emerged as
another promising biomarker candidate for HCC. PTTG!
expression has been significantly increased in most human
tumors, promoting tumor cell proliferation, migration,
invasion, and angiogenesis [40]. A suggested mechanism
of action of PTTG/ in HCC is that it promotes the
transcription of asparagine synthetase by binding to its
promoter. As a result, the levels of asparagine (Asn)
increase accordingly. Elevated Asn levels then activate
the mTOR signaling pathway, promoting the progression
of HCC [41]. The RACGAP1 gene (RacGTPase-activating
protein 1) is another top marker in the PPI network. The
RACGAPI gene plays a role in many cellular processes,
including the regulation of cytokinesis, proliferation,
migration, transformation, invasion, and metastasis [42].
Overexpression of RACGAPI correlates with poor overall
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survival and disease-free survival in HCC patients [43].
Several studies have elucidated the underlying mechanisms
of RACGAP1 upregulation in hepatocellular carcinoma
[43]. ECT2 interacts and colocalizes with RACGAPI,
thereby protecting it from degradation. Additionally,
RACGAPI facilitates ECT2-mediated activation of RhoA
and metastasis in HCC cells [44]. The initial documentation
of ECT2 (Epithelial Cell Transforming 2) identified it as
an oncogene that plays a role in various forms of human
cancer [45]. Results of previous studies have also shown
that aberrant expression and abnormal distribution of
RACGAPI in the cytoplasm and nucleus may correspond
to the development and progression of HCC [46]. The
next notable protein was RADS51-associated protein 1
(RAD51API). Overexpression of RAD51API plays an
important role in both cell cycle and repair processes.
Moreover, it holds significant diagnostic and prognostic
value in hepatocellular carcinoma [47]. A study conducted
by Chai et al. investigated the regulatory mechanism of
the competing endogenous RNA (ceRNA) networks. They
hypothesized that the long noncoding RNA MSC-ASI1
exerts its influence on hsa-miR-23c, thereby modulating
the DNA damage repair process in HCC through
interaction with RAD5 1AP1 [48]. In this study, we selected
the top 20 candidate miRNAs as useful biomarkers (with
significant degree and betweenness centrality) from the
mRNA-miRNA network study in HCC. Of these, three
miRNAs, namely hsa-mir-1-3p, hsa-mir-124-3p, and hsa-
mir-129-2-3p, showed the highest node degree. Hubs are
actively involved in a large number of interactions, which
makes them more likely to play the role of master
regulators in both signaling and transcriptional processes
[49]. According to the literature, miR-1-3p is dysregulated
in various tumors and is closely related to tumor initiation
and progression and drug resistance [50]. For example,
Chen et al. conducted a study showing that miR-1-3p is
downregulated in HCC tissues and cells. Conversely,
upregulation of miR-1-3p may impede the proliferation,
migration, and invasion of HCC cells, thereby activating
the apoptotic signaling pathway [51]. Hsa-mir-124-3p was
identified as another hub miR in our study. Studies have
shown that decreased expression of miR-124-3p is
associated with poor survival outcomes in HCC patients
[52]. Recently, Zhao et al. demonstrated that miR-124-3p
inhibited HCC proliferation and epithelial-mesenchymal
transition (EMT) by binding to the 3'UTR of arrestin
domain-containing 1 (ARRDCI) [53]. Another study
found that miR-124-3p functions as a key miR in
suppressing HCC development by targeting CRKL [54].
These findings suggest that the miR-124-3p/ARRDCI1
and miR-124-3p/CRKL regulatory pathways may serve
as novel diagnostic and therapeutic targets to inhibit HCC
proliferation and metastasis. Hsa-mir-129-2-3p was
identified as another top hub in this study. The results of
previously conducted studies confirmed the idea that miR-
129-2 plays a role in tumor suppression in various human
malignancies [55]. In this context, Liu et al. showed that
miR-129-2 levels were significantly decreased in HCC
tissues and cell lines. Furthermore, they found that DNA
methylation was involved in the downregulation of miR-
129-2. However, demethylation of miR-129-2 increased
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its expression in HCC cells, resulting in a remarkable
inhibitory effect on cell migration and invasion [56]. In
conclusion, miR-129-2 exerts a tumor-suppressive
function and therefore can be considered as a prognostic
biomarker for HCC patients. Based on the results of ROC
curve analysis and the AUC values, as well as the findings
from Kaplan-Meier plots, we selected a set of top ranked
microRNAs that possess diagnostic and prognostic
significance in the context of liver cancer. The seven
microRNAs of diagnostic relevance are hsa-mir-101-3p,
hsa-mir-195-5p, hsa-mir-130a-3p, hsa-mir-26b-5p, hsa-
mir-29¢-3p, hsa-mir-26a-5p and hsa-mir-34a-5p. In
particular, hsa-mir-34a-5p, hsa-mir-195-5p and hsa-mir-
130a-3p may also serve as prognostic markers for
predicting the overall survival of patients with
hepatocellular carcinoma. In this regard, many studies
have been conducted that proved the primary importance
of the above miRs in HCC [57, 58]. The expression of
miR-34a-5p was observed to be reduced in hepatocellular
carcinoma cells and tumor tissue. Overexpression of miR-
34a-5p led to a reduced invasive ability of HCC cells [59].
Increasing studies suggest that aberrant downregulation
of miR-101-3p and miR-26a-5p in both tumor tissues and
cell lines is associated with the occurrence and development
of hepatocellular carcinoma, as well as a poor prognosis
in HCC [60, 61]. Our findings ranked hsa-mir-195-5p as
the top biomarker for both diagnosis and prognosis of
HCC. Chen et al. conducted a study to determine the
diagnostic significance of serum miR-195 in hepatocellular
carcinoma [62]. The results showed that the expression
of miR-195 was decreased in both HCC cells and the
serum of patients compared to the controls. Thus, they
concluded that miR-195 may serve as a noninvasive
diagnostic biomarker for patients with HCC. Another miR
of high significance was hsa-mir-130a-3p. HOXD-ASI,
along noncoding RNA, has been reported to bind to miR-
130a-3p and prevent miR-induced degradation of SOX4
protein. This process leads to the activation of EZH2 and
MMP2 which facilitates metastasis of HCC tumors. Hsa-
mir-34a-5p is another miR in our results with both
diagnostic and prognostic potential, which showed a
favorable correlation with the survival of tumor samples
compared with adjacent normal tissues. Research
demonstrated that miR-34a enhances the sensitivity of
HCC tumor cells to targeted therapy by attacking Bel-2.
It has also been suggested that miR-34a-5p may hinder
the metastasis of liver cancer cells by inhibiting MYCT1
transcription [63]. In this study, investigation of KEGG
pathway enrichment of significantly altered expressed
genes revealed that the foremost pathways of notable
importance involved interconversions of pentose and
glucuronate, metabolism of tryptophan, cascades of
complement and coagulation, and fatty acid degradation.
The conversion of pentose to glucuronate in the pentose
phosphate pathway, a metabolic pathway that occurs in
parallel with glycolysis, provides cancer cells with another
way to utilize glucose and also produces ribose-5-
phosphate. Ribose-5-phosphate is an essential precursor
of nucleic acids which is crucial for promoting rapid cell
division and growth in hepatocellular carcinoma. A
previous serum metabolomics study performed on HCC
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patients found 757 distinct metabolites. These metabolites
were found to be abundant in the pathways of pentose
and glucuronate interconversions, as well as tryptophan
biosynthesis, which were identified as the most enriched
pathways in the development of HCC [64]. Based on our
findings, previous bioinformatics studies have often
highlighted the complement and coagulation cascade
signaling pathways as enriched functional pathways for
understanding the mechanisms of hepatocellular
carcinoma. Moreover, the involvement of C8B in the
complement and coagulation cascade signaling pathways
has been proposed as a prognostic biomarker for the
survival of HBV-related HCC patients [65]. It is
noteworthy that the liver is the primary source of the
biosynthesis of more than 80% of complement components
and also expresses various complement receptors. Recent
studies have shown that the complement system is
involved in liver inflammation, fibrosis, abnormal
regenerative responses, carcinogenesis and the
development of hepatocellular carcinoma [66]. Another
KEGG pathway that showed enrichment in HCC was
related to tryptophan metabolism, whose complex
mechanisms are important in controlling cancer growth
and metastasis. The liver is the primary site of tryptophan
catabolism. However, the exact involvement of tryptophan
metabolism in hepatocellular carcinoma development
remains unclear. Clinical investigations have provided
evidence suggesting that the metabolic breakdown of
tryptophan promotes the advancement of tumors by
exerting an influence on the immunosuppressive
microenvironment through various mechanisms [67].
Previous studies have demonstrated the excellent
predictive ability of genes related to tryptophan
metabolism in determining survival outcomes in HCC
cohorts. In addition, genetic signatures related to
tryptophan metabolism were found to be significantly
associated with specific immune infiltration patterns and
drug sensitivity [68]. Fatty acid degradation was another
important pathway in HCC. Metabolic reprogramming,
mainly of lipid metabolism, is crucial in cancer
development and progression, mainly providing energy
source and micro-environmental adaptation and producing
signaling molecules. In the case of HCC, various studies
have suggested that fatty acid degradation pathways, such
as alpha, beta, and omega oxidation, are key features of
HCC progression. In a recent study, Li et al. utilized the
fatty acid degradation pathway to distinguish different
subtypes of HCC patients at similar stages and develop
and improve targeted therapy [69]. Apelin and Rapl
signaling pathways were the most abundant pathways
associated with miRs in the mRNA-miRNA network.
Apelin, a 77-amino acid peptide, acts as a natural ligand
for the angiotensin-like receptor 1 (APJ), a G protein-
coupled receptor that regulates various physiological
processes such as angiogenesis [70]. Previous studies
have shown that apelin stimulates arteriogenesis in HCC
by increasing smooth muscle cell proliferation and
dilating blood vessels [71]. Rapl signaling is another
pathway that was enriched in our results. Previous studies
have also demonstrated the role of the Rapl signaling
pathway in HCC [72]. It triggers MAPK signaling to



control migration and proliferation, thereby affecting
cancer development. The MAPK-RaplA signaling
pathway plays a role in the tumor microenvironment and
improves the prognosis of HCC [73]. Various research
studies have shown a correlation between the expression
and polymorphisms of Rap genes and tumorigenicity in
HCC cells [74].

Challenges and limitations

Tumor gene expression profiles are associated with
clinical and pathological characteristics, and patient
prognosis. Many studies have shown the feasibility of
conducting tissue biomarker studies in patients with
hepatocellular carcinoma. Genetic biomarkers associated
with HCC prognosis need to be further validated in clinical
trials. A limitation of the present study concerns the limited
size of the sample cohort. Subsequent research efforts
should aim to increase the sample size to investigate the
prognostic validity of the proposed biomarker panel and
formulate a predictive model for predicting HCC prognosis.
There are also some limitations such as individual or
instrumental errors during the experiments. There are a
number of other potential obstacles and considerations
that must be taken into account before implementing a
biomarker-based screening approach for hepatocellular
carcinoma. First, the performance of the biomarker must
be at least comparable to that of alternative screening
methods, such as ultrasound or alpha-fetoprotein, in terms
of early detection of HCC. Biomarker-based strategies
have the potential to streamline the results reporting
process, thereby accelerating diagnostic evaluation and
addressing deficiencies in the subsequent screening
workflow. Nevertheless, it is essential that the sensitivity
of the biomarker is sufficient for consistent detection in
different patient subgroups while ensuring specificity to
minimize false-positive cases. In addition to incomplete
cohort data and limited sample sizes, another obstacle
in biomarker studies is the presence of selection bias
in sampling. Furthermore, it is important to consider
the detection technology and patient characteristics in
clinical biomarker studies. An essential limitation of
this study lies in the inability to establish a link between
our results and the various subcategories within the
histological cancer classification. The downloaded dataset
lacked histological information, complicating the ability
to make such correlations. These subtypes are known
to be associated with aggressiveness, metastasis, and
unfavorable outcomes such as poor prognosis in patients
diagnosed with HCC. Tumor heterogeneity denotes
the presence of varied cellular subpopulations within a
tumor or across tumors of the same histopathological
category. These specific groups of cells exhibit different
genetic and physical characteristics, leading to unique
biological behaviors. The presence of genetic differences
within a tumor is crucial for the emergence of treatment
resistance and recurrence of HCC. Therefore, it is crucial
to acquire a thorough knowledge of the molecular
processes responsible for the development of tumor
heterogeneity. The development of new translational
research frameworks that more accurately reflect the
characteristics of native tumor cells will improve our
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knowledge of the different mechanisms underlying HCC
heterogeneity and their impact on the emergence of
drug resistance and treatment ineffectiveness. Enhanced
exploration employing sophisticated translational
platforms in large patient cohorts with diverse etiological
and genetic profiles may accelerate the discovery of key
biomarkers essential for accurate early detection of HCC,
ultimately paving the way for more effective therapeutic
interventions.

In conclusion, although hepatocellular carcinoma
remains a challenging disease, the discovery and use of
diagnostic and prognostic biomarkers offer hope in the
fight against liver cancer. While the existing biomarkers
have shown promise in predicting HCC prognosis,
ongoing studies are aimed at identifying additional
markers that may further improve accuracy and reliability.
Incorporating these biomarkers into clinical practice
may further refine prediction of overall survival and
individualize treatment approaches. In the current study,
the integration of GEO datasets with protein-protein
and mRNA-miRNA interaction networks identified
several proteins and microRNAs that may be promising
biomarkers for the diagnosis and prognosis of HCC.
The proteins CDC6, PTTG1, CDCA5, RACGAPI, and
RAD51API performed best in terms of diagnostic and
prognostic value. Similarly, the microRNAs hsa-mir-101-
3p, hsa-mir-195-5p, hsa-mir-130a-3p, hsa-mir-26b-5p,
hsa-mir-29¢-3p, hsa-mir-26a-5p, and hsa-mir-34a-5p
were highly ranked with diagnostic value, while hsa-
mir-34a-5p, hsa-mir-195-5p, and hsa-mir-130a-3p were
additionally found to serve as prognostic markers for
predicting overall survival in individuals with HCC.
Future studies should mainly focus on exploring the
mechanisms by which these proteins and miRs promote
HCC progression and evaluating the therapeutic potential
of these biomolecules in HCC patients. Furthermore, it
will be essential to validate these findings in larger cohorts
and by using different analytical methods.

Author Contribution Statement

R.FY, A.AO, and N.AD contributed to the conception
and design of the study. All the authors contributed to data
collection, statistical analysis, and interpretation of the
data. R.FY and A.AO wrote the paper draft. All the authors
reviewed and approved the final manuscript.

Acknowledgements

The authors gratefully acknowledge the Faculty of
Paramedical Sciences, Shahid Beheshti University of
Medical Sciences, for their kind support.

Funding

This study is supported by a grant from the Faculty
of Paramedical Sciences, Shahid Beheshti University of
Medical Sciences.

Ethical issue
No humans or animals were included in this study.

259

Asian Pacific Journal of Cancer Prevention, Vol 26



Reyhaneh Farrokhi Yekta et al

Availability of data

The datasets analyzed during the current study are
available in the NCBI GEO database. Other data are
available as Supplementary files.

Conflict of interest
The authors have no conflicts of interest to declare.

References

1. Anwanwan D, Singh SK, Singh S, Saikam V, Singh R.
Challenges in liver cancer and possible treatment approaches.
Biochim Biophys Acta Rev Cancer. 2020;1873(1):188314.
https://doi.org/10.1016/j.bbcan.2019.188314.

2. Zhang X, El-Serag HB, Thrift AP. Predictors of five-year
survival among patients with hepatocellular carcinoma in
the united states: An analysis of seer-medicare. Cancer
Causes Control. 2021;32(4):317-25. https://doi.org/10.1007/
$10552-020-01386-x.

3. Galle PR, Foerster F, Kudo M, Chan SL, Llovet JM, Qin
S, et al. Biology and significance of alpha-fetoprotein
in hepatocellular carcinoma. Liver International.
2019;39(12):2214-29. https://doi.org/https://doi.org/10.1111/
liv.14223.

4. Yang JD, Dai J, Singal AG, Gopal P, Addissie BD, Nguyen
MH, et al. Improved performance of serum alpha-fetoprotein
for hepatocellular carcinoma diagnosis in hev cirrhosis with
normal alanine transaminase. Cancer Epidemiol Biomarkers
Prev. 2017;26(7):1085-92. https://doi.org/10.1158/1055-
9965.epi-16-0747.

5. Parikh ND, Tayob N, Singal AG. Blood-based biomarkers for
hepatocellular carcinoma screening: Approaching the end of
the ultrasound era? J Hepatol. 2023;78(1):207-16. https://
doi.org/10.1016/j.jhep.2022.08.036.

6. Marrero JA, Feng Z, Wang Y, Nguyen MH, Befeler AS, Roberts
LR, etal. Alpha-fetoprotein, des-gamma carboxyprothrombin,
and lectin-bound alpha-fetoprotein in early hepatocellular
carcinoma. Gastroenterology. 2009;137(1):110-8. https://
doi.org/10.1053/j.gastro.2009.04.005.

7. Li D, Mallory T, Satomura S. Afp-13: A new generation of
tumor marker for hepatocellular carcinoma. Clin Chim
Acta. 2001;313(1-2):15-9. https://doi.org/10.1016/s0009-
8981(01)00644-1.

8. Yu R, Tan Z, Xiang X, Dan Y, Deng G. Effectiveness of
pivka-ii in the detection of hepatocellular carcinoma based
on real-world clinical data. BMC Cancer. 2017;17(1):608.
https://doi.org/10.1186/s12885-017-3609-6.

9. Choi J, Kim GA, Han S, Lee W, Chun S, Lim Y'S. Longitudinal
assessment of three serum biomarkers to detect very early-
stage hepatocellular carcinoma. Hepatology (Baltimore, Md).
2019;69(5):1983-94. https://doi.org/10.1002/hep.30233.

10. Gao YX, Yang TW, Yin JM, Yang PX, Kou BX, Chai MY,
et al. Progress and prospects of biomarkers in primary liver
cancer (review). Int J Oncol. 2020;57(1):54-66. https://doi.
org/10.3892/1j0.2020.5035.

11. Shahini E, Pasculli G, Solimando AG, Tiribelli C,
Cozzolongo R, Giannelli G. Updating the clinical application
of blood biomarkers and their algorithms in the diagnosis
and surveillance of hepatocellular carcinoma: A critical
review. Int J Mol Sci. 2023;24(5). https://doi.org/10.3390/
jms24054286.

12. Han Q, Wang M, Dong X, Wei F, Luo Y, Sun X. Non-
coding rnas in hepatocellular carcinoma: Insights into
regulatory mechanisms, clinical significance, and therapeutic
potential. Front Immunol. 2022;13. https://doi.org/10.3389/
fimmu.2022.985815.

260  4sian Pacific Journal of Cancer Prevention, Vol 26

13. Wang S, Yang Y, Sun L, Qiao G, Song Y, Liu B. Exosomal
micrornas as liquid biopsy biomarkers in hepatocellular
carcinoma. Onco Targets Ther. 2020;13:2021-30. https://
doi.org/10.2147/ott.s232453.

14. Amr KS, Elmawgoud Atia HA, Elazeem Elbnhawy RA,
Ezzat WM. Early diagnostic evaluation of mir-122 and
mir-224 as biomarkers for hepatocellular carcinoma.
Genes Dis. 2017;4(4):215-21. https://doi.org/10.1016/j.
gendis.2017.10.003.

15. El-Maraghy SA, Adel O, Zayed N, Yosry A, El-Nahaas
SM, Gibriel AA. Circulatory mirna-484, 524, 615 and 628
expression profiling in hcv mediated hce among egyptian
patients; implications for diagnosis and staging of hepatic
cirrhosis and fibrosis. J Adv Res. 2020;22:57-66. https://doi.
org/10.1016/j.jare.2019.12.002.

16. Yekta RF, Arefi Oskouie A. Biological databases. In: Wang
X, Chen Z, editors. Genomic approach to asthma. Singapore:
Springer Singapore; 2018. p. 303-37.

17. Mah WC, Thurnherr T, Chow PK, Chung AY, Ooi LL, Toh
HC, et al. Methylation profiles reveal distinct subgroup of
hepatocellular carcinoma patients with poor prognosis. PloS
one. 2014;9(8):e104158. https://doi.org/10.1371/journal.
pone.0104158.

18. Grinchuk OV, Yenamandra SP, Iyer R, Singh M, Lee HK,
Lim KH, et al. Tumor-adjacent tissue co-expression profile
analysis reveals pro-oncogenic ribosomal gene signature
for prognosis of resectable hepatocellular carcinoma. Mol
Oncol. 2018;12(1):89-113. https://doi.org/10.1002/1878-
0261.12153.

19. Wang H, Huo X, Yang XR, He J, Cheng L, Wang N, et al.
Stat3-mediated upregulation of Incrna hoxd-asl as a cerna
facilitates liver cancer metastasis by regulating sox4. Mol
Cancer. 2017;16(1):136. https://doi.org/10.1186/s12943-
017-0680-1.

20. Oliveros J C. Venny. An interactive tool for comparing lists
with venn diagrams. http://bioinfogpcnbcesices/tools/venny/
indexhtml. 2007.

21. Szklarczyk D, Gable AL, Lyon D, Junge A, Wyder S,
Huerta-Cepas J, et al. String v11: Protein-protein association
networks with increased coverage, supporting functional
discovery in genome-wide experimental datasets. Nucleic
Acids Res. 2019;47(D1):D607-d13. https://doi.org/10.1093/
nar/gky1131.

22. Shannon P, Markiel A, Ozier O, Baliga NS, Wang JT, Ramage
D, et al. Cytoscape: A software environment for integrated
models of biomolecular interaction networks. Genome Res.
2003;13(11):2498-504. https://doi.org/10.1101/gr.1239303.

23.Chang L, Zhou G, Soufan O, XiaJ. Mirnet 2.0: Network-based
visual analytics for mirna functional analysis and systems
biology. Nucleic Acids Res. 2020;48(W1):W244-W51.
https://doi.org/10.1093/nar/gkaa467.

24. Bindea G, Mlecnik B, Hackl H, Charoentong P, Tosolini M,
Kirilovsky A, et al. Cluego: A cytoscape plug-in to decipher
functionally grouped gene ontology and pathway annotation
networks. Bioinformatics. 2009;25(8):1091-3. https://doi.
org/10.1093/bioinformatics/btp101.

25. Li R, Qu H, Wang S, Chater JM, Wang X, Cui Y, et al.
Cancermirnome: An interactive analysis and visualization
database for mirnome profiles of human cancer. Nucleic
Acids Res. 2022;50(D1):D1139-d46. https://doi.org/10.1093/
nar/gkab784.

26. Thul PJ, Akesson L, Wiking M, Mahdessian D, Geladaki A,
Ait Blal H, et al. A subcellular map of the human proteome.
Science. 2017;356(6340). https://doi.org/10.1126/science.
aal3321.

27. Chandrashekar DS, Karthikeyan SK, Korla PK, Patel
H, Shovon AR, Athar M, et al. Ualcan: An update to



28.

29.

30.

3L

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

the integrated cancer data analysis platform. Neoplasia.
2022;25:18-27. https://doi.org/10.1016/j.ne0.2022.01.001.
Goel MK, Khanna P, Kishore J. Understanding survival
analysis: Kaplan-meier estimate. Int J Ayurveda Res.
2010;1(4):274-8. https://doi.org/10.4103/0974-7788.76794.
Tella SH, Wieczorek M, Hodge D, Mahipal A. A glimpse into
the future of hepatocellular carcinoma (hce): Predicting the
future incidence based on the current epidemiological data.
American Society of Clinical Oncology; 2023

Liang Q, Shen X, Sun G. Precision medicine: Update
on diagnosis and therapeutic strategies of hepatocellular
carcinoma. Curr Med Chem. 2018;25(17):1999-2008.
https://doi.org/10.2174/0929867325666180117101532.
Omar MA, Omran MM, Farid K, TabllAA, Shahein YE, Emran
TM, et al. Biomarkers for hepatocellular carcinoma: From
origin to clinical diagnosis. Biomedicines. 2023;11(7):1852.
https://doi.org/10.3390/biomedicines11071852

Petrakis TG, Komseli ES, Papaioannou M, Vougas K,
Polyzos A, Myrianthopoulos V, et al. Exploring and
exploiting the systemic effects of deregulated replication
licensing. Semin Cancer Biol. 2016;37-38:3-15. https://doi.
org/10.1016/j.semcancer.2015.12.002.

Lim N, Townsend PA. Cdc6 as a novel target in cancer:
Oncogenic potential, senescence and subcellular localisation.
Int J Cancer. 2020;147(6):1528-34. https://doi.org/10.1002/
1jc.32900.

Kong DG, Yao FZ. Cdc6 is a possible biomarker
for hepatocellular carcinoma. Int J Clin Exp Pathol.
2021;14(7):811-8.
Jia W, Liu X, Zhang Z. Role of top2a and cdc6 in liver cancer.
Medicine (Baltimore). 2023;102(42):¢35604. https://doi.
0rg/10.1097/md.0000000000035604.

Tao Q, Chen S, Liu J, Zhao P, Jiang L, Tu X, et al. The
roles of the cell division cycle-associated gene family
in hepatocellular carcinoma. J Gastrointest Oncol.
2021;12(2):781-94. https://doi.org/10.21037/jgo-21-110.
Wang Z, Ren M, Liu W, Wu J, Tang P. Role of cell division
cycle-associated proteins in regulating cell cycle and
promoting tumor progression. Biochimica et Biophysica
Acta (BBA) - Reviews on Cancer. 2024:189147. https://doi.
org/10.1016/j.bbcan.2024.189147.

Chen E, He Y, Jiang J, Yi J, Zou Z, Song Q, et al. Cdca8
induced by nf-ya promotes hepatocellular carcinoma
progression by regulating the mek/erk pathway. Exp Hematol
Oncol. 2023;12(1):9. https://doi.org/10.1186/s40164-022-
00366-y.

Chen H, Chen J, Zhao L, Song W, Xuan Z, Chen J, et
al. Cdca5, transcribed by e2fl, promotes oncogenesis by
enhancing cell proliferation and inhibiting apoptosis via
the akt pathway in hepatocellular carcinoma. J Cancer.
2019;10(8):1846-54. https://doi.org/10.7150/jca.28809.
Ren Q, Jin B. The clinical value and biological function of
pttgl in colorectal cancer. Biomedicine & Pharmacotherapy.
2017;89:108-15. https://doi.org/https://doi.org/10.1016/j.
biopha.2017.01.115.

Zhou Q, Li L, Sha F, Lei Y, Tian X, Chen L, et al. Pttgl
reprograms asparagine metabolism to promote hepatocellular
carcinoma progression. Cancer Res. 2023;83(14):2372-86.
https://doi.org/10.1158/0008-5472.can-22-3561.
Lou W, Ding B, Fu P. Pseudogene-derived Incrnas and their
mirna sponging mechanism in human cancer. Frontiers
in Cell and Developmental Biology. 2020;8. https://doi.
org/10.3389/fcell.2020.00085.

Zhou Y, Zheng S, Guo Q, Wei N, Xiao Z, Song Y.
Upregulation of racgap1 is correlated with poor prognosis
and immune infiltration in hepatocellular carcinoma. Transl
Cancer Res. 2024;13(2):847-63. https://doi.org/10.21037/

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

DOI:10.31557/APJCP.2025.26.1.249
Biomarkers for Hepatocellular Carcinoma

ter-23-1474.

He H, Huang J, Wu S, Jiang S, Liang L, Liu Y, et al. The
roles of gtpase-activating proteins in regulated cell death and
tumor immunity. ] Hematol Oncol. 2021;14(1):171. https://
doi.org/10.1186/s13045-021-01184-1.

Son JA, Ahn HR, You D, Baek GO, Yoon MG, Yoon JH,
et al. Novel gene signatures as prognostic biomarkers for
predicting the recurrence of hepatocellular carcinoma.
Cancers. 2022;14(4):865. https://doi.org/10.3390/
cancers14040865

Wu X, XuZ,LiW, LuY, PuJ. Hif-1a and racgap1 promote
the progression of hepatocellular carcinoma in a mutually
regulatory way. Mol Med Rep. 2023;28(5):218. https://doi.
org/10.3892/mmr.2023.13105.

Zhuang L, Zhang Y, Meng Z, Yang Z. Oncogenic roles of
rad51lapl in tumor tissues related to overall survival and
disease-free survival in hepatocellular carcinoma. Cancer
control. 2020;27(1):1073274820977149.

Chai J, Dong Y. Regulatory mechanism of rad5 1-associated
protein 1 and its upstream molecules in hepatocellular
carcinoma. Med Data Min. 2023;6(4):24.

Vallabhajosyula RR, Chakravarti D, Lutfeali S, Ray A,
Raval A. Identifying hubs in protein interaction networks.
PloS one. 2009;4(4):e5344. https://doi.org/10.1371/journal.
pone.0005344.

Dai S, Li F, Xu S, Hu J, Gao L. The important role of mir-
1-3p in cancers. J Transl Med. 2023;21(1):769. https://doi.
org/10.1186/512967-023-04649-8.

Chen H, Bao L, Hu J, Wu D, Tong X. Orc6, negatively
regulated by mir-1-3p, promotes proliferation, migration,
and invasion of hepatocellular carcinoma cells. Front
Cell Dev Biol. 2021;9:652292. https://doi.org/10.3389/
feell.2021.652292.

Long HD, Ma YS, Yang HQ, Xue SB, Liu JB, Yu F, et al.
Reduced hsa-mir-124-3p levels are associated with the poor
survival of patients with hepatocellular carcinoma. Mol
Biol Rep. 2018;45(6):2615-23. https://doi.org/10.1007/
s11033-018-4431-1.

Zhao Q, Jiang F, Zhuang H, Chu Y, Zhang F, Wang C.
Microrna mir-124-3p suppresses proliferation and epithelial-
mesenchymal transition of hepatocellular carcinoma via
arrdcl (arrestin domain containing 1). Bioengineered.
2022;13(4):8255-65. https://doi.org/10.1080/21655979.20
22.2051686.

Majid A, Wang J, Nawaz M, Abdul S, Ayesha M, Guo C, et
al. Mir-124-3p suppresses the invasiveness and metastasis of
hepatocarcinoma cells via targeting crkl. Front Mol Biosci.
2020;7:223. https://doi.org/10.3389/fmolb.2020.00223.
Gao Y, Feng B, Han S, Lu L, Chen Y, Chu X, et al.
Microrna-129 in human cancers: From tumorigenesis to
clinical treatment. Cell Physiol Biochem. 2016;39(6):2186-
202. https://doi.org/10.1159/000447913.

Liu Z, Dou C, Yao B, Xu M, Ding L, Wang Y, et al.
Methylation-mediated repression of microrna-129-2
suppresses cell aggressiveness by inhibiting high
mobility group box 1 in human hepatocellular carcinoma.
Oncotarget. 2016;7(24):36909-23. https://doi.org/10.18632/
oncotarget.9377.

Zhang HF, Wang YC, Han YD. Microrna-34a inhibits liver
cancer cell growth by reprogramming glucose metabolism.
Mol Med Rep. 2018;17(3):4483-9. https://doi.org/10.3892/
mmr.2018.8399.

Li Y, Li P, Wang N. Effect of let-7c on the pi3k/akt/foxo
signaling pathway in hepatocellular carcinoma. Oncol lett.
2021;21(2):96. https://doi.org/10.3892/01.2020.12357.

Niu X, Wei N, Peng L, Li X, Zhang X, Wang C. Mir-34a-
5p plays an inhibitory role in hepatocellular carcinoma by

261

Asian Pacific Journal of Cancer Prevention, Vol 26



Reyhaneh Farrokhi Yekta et al

regulating target gene vegfa. Malays J Pathol. 2022;44(1):39- of raps in hepatocellular carcinoma. Front mol biosci.
52. 2021;8:677979. https://doi.org/10.3389/fmolb.2021.677979.

60. Zheng F, Liao YJ, Cai MY, Liu TH, Chen SP, Wu PH, et
al. Systemic delivery of microrna-101 potently inhibits
hepatocellular carcinoma in vivo by repressing multiple
targets. PLoS Genet. 2015;11(2):e1004873. https://doi.
org/10.1371/journal.pgen.1004873.

61. Zhu WJ, Yan Y, Zhang JW, Tang YD, Han B. Effect and
mechanism of mir-26a-5p on proliferation and apoptosis
of hepatocellular carcinoma cells. Cancer Manag Res. @ @ @
2020;12:3013-22. https://doi.org/10.2147/cmar.s237752.

62. Chen X, Wang A. Clinical significance of mir-195 in This work is licensed under a Creative Commons Attribution-
hepatocellular carcinoma and its biological function in tumor Non Commercial 4.0 International License.
progression. Onco Targets Ther. 2019;12:527-34. https://doi.
org/10.2147/ott.s190108.

63. Xu XP, Peng XQ, Yin XM, Liu Y, Shi ZY. Mir-34a-5p
suppresses the invasion and metastasis of liver cancer by
targeting the transcription factor yyl to mediate myctl
upregulation. Acta Histochemica. 2020;122(6):151576.
https://doi.org/https://doi.org/10.1016/j.acthis.2020.151576.

64. Wang S, He T, Wang H. Non-targeted metabolomics study
for discovery of hepatocellular carcinoma serum diagnostic
biomarker. J Pharm Biomed Anal. 2023;239:115869. https://
doi.org/10.1016/j.jpba.2023.115869.

65. Zhang Y, Chen X, Cao Y, Yang Z. C8b in complement
and coagulation cascades signaling pathway is a predictor
for survival in hbv-related hepatocellular carcinoma
patients. Cancer Manag Res. 2021;13:3503-15. https://doi.
org/10.2147/cmar.s302917.

66. Malik A, Thanekar U, Amarachintha S, Mourya R, Nalluri
S, Bondoc A, et al. “Complimenting the complement”:
Mechanistic insights and opportunities for therapeutics in
hepatocellular carcinoma. Front Oncol. 2021;10. https://doi.
org/10.3389/fonc.2020.627701.

67. Liu X-h, Zhai X-y. Role of tryptophan metabolism in cancers
and therapeutic implications. Biochimie. 2021;182:131-9.
https://doi.org/https://doi.org/10.1016/j.biochi.2021.01.005.

68. Long G, Wang D, Tang J, Tang W. Development of
tryptophan metabolism patterns to predict prognosis and
immunotherapeutic responses in hepatocellular carcinoma.
Aging (Albany NY). 2023;15(15):7593-615. https://doi.
org/10.18632/aging.204928.

69.LiB,LiY, Zhou H, Xu Y, Cao Y, Cheng C, et al. Multiomics
identifies metabolic subtypes based on fatty acid degradation
allocating personalized treatment in hepatocellular
carcinoma. Hepatology (Baltimore, Md). 2024;79(2):289-
306. https://doi.org/10.1097/hep.0000000000000553.

70. Eyries M, Siegfried G, Ciumas M, Montagne K, Agrapart M,
Lebrin F, et al. Hypoxia-induced apelin expression regulates
endothelial cell proliferation and regenerative angiogenesis.
Circ Res. 2008;103(4):432-40. https://doi.org/10.1161/
circresaha.108.179333.

71. Muto J, Shirabe K, Yoshizumi T, Ikegami T, Aishima S,
Ishigami K, et al. The apelin-apj system induces tumor
arteriogenesis in hepatocellular carcinoma. Anticancer res.
2014;34(10):5313-20.

72.7ZhaY, Gan P, Yao Q, Ran FM, Tan J. Downregulation of rap1
promotes S-fluorouracil-induced apoptosis in hepatocellular
carcinoma cell line hepg2. Oncol Rep. 2014;31(4):1691-8.
https://doi.org/10.3892/0r.2014.3033.

73. Li H, Han G, Li X, Li B, Wu B, Jin H, et al. Mapk-rapla
signaling enriched in hepatocellular carcinoma is associated
with favorable tumor-infiltrating immune cells and clinical
prognosis. Frontiers in oncology. 2021;11:649980. https://
doi.org/10.3389/fonc.2021.649980.

74. Kumari S, Arora M, Singh J, Kadian LK, Yadav R, Chauhan
SS, et al. Molecular associations and clinical significance

262  4sian Pacific Journal of Cancer Prevention, Vol 26



