
Proceedings	of	ICBioMed	2025	Symposium:	Computational	Modelling	and	Simulation	for	Biology	and	Medicine
DOI:	10.54254/2753-8818/2025.LD27328

©	2026	The	Authors.	This	is	an	open	access	article	distributed	under	the	terms	of	the	Creative	Commons	Attribution	License	4.0
(https://creativecommons.org/licenses/by/4.0/).

63

Identification and Prognostic Evaluation of Biomarker Genes
in Hepatocellular Carcinoma: Focus on EZH2 as a Potential

Biomarker and Therapeutic Target

Rui Jin

Ulink College of Shanghai, Shanghai, China
jinrui0116@163.com

Abstract. Hepatocellular carcinoma (HCC) ranks among the most prevalent and aggressive
cancers globally, characterized by high rates of illness and death. Early diagnosis and
effective treatment are hindered by a lack of reliable biomarkers and a comprehensive
understanding of its molecular mechanisms. We carried out a bioinformatics analysis in this
study, employing the TCGA and GEO databases to identify genes with varying expression
levels between HCC and normal liver tissues. The TCGA dataset identified 395 genes that
were upregulated and 631 that were downregulated, whereas the GSE45267 dataset found
2,452 upregulated genes and 446 downregulated ones. These DEGs were primarily involved
in critical biological processes such as cell cycle regulation, DNA replication, and
metabolism. Gene set enrichment analysis (GSEA) indicated that pathways associated with
mitotic division and cell cycle progression were enriched with upregulated genes, whereas
downregulated genes were linked to immune response and metabolic pathways. Further
analysis of gene interaction networks revealed several key hub genes, including EZH2,
MCM2, and ALDH2, which were associated with poor and favorable prognosis,
respectively. Survival analysis identified EZH2, GINS1, and MCM2 as adverse prognostic
markers and ALDH2, ADH4, and PON1 as favorable prognostic markers. A Lasso Cox
regression model was developed, incorporating these genes to construct a prognostic risk
score, which showed high predictive accuracy for patient survival. These findings offer
insights into the molecular landscape of HCC, identify potential diagnostic and prognostic
biomarkers, and propose novel therapeutic targets for personalized treatment strategies.
Future studies should validate these biomarkers and assess their clinical utility in HCC
management.
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1.  Introduction

Hepatocellular carcinoma (HCC) is the leading type of primary liver cancer and is a significant
contributor to cancer-related mortality globally. It is closely linked to chronic liver conditions,
including infections from hepatitis B virus (HBV) and hepatitis C virus (HCV), cirrhosis, and non-
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alcoholic fatty liver disease (NAFLD) [1,2]. Even with improvements in diagnostic methods and
treatments, the outlook for HCC is still bleak because it is usually diagnosed at a late stage and is
resistant to standard therapies. Early detection and reliable prognostic markers are essential for
improving clinical outcomes, as they would allow for better patient stratification, timely
intervention, and more personalized treatment strategies [3-5].

The molecular mechanisms driving HCC are intricate and multifaceted, involving dysregulation
of key signaling pathways that control cell cycle progression, apoptosis, and cellular metabolism.
These include alterations in the PI3K/Akt pathway, the MAPK pathway, and cell cycle regulators,
among others. However, the precise molecular changes that underlie HCC pathogenesis remain
incompletely understood, and new biomarkers and therapeutic targets need to be discovered [6-8].

One effective strategy for discovering molecular changes in HCC is through the study of
differentially expressed genes (DEGs). The advent of high-throughput sequencing technologies has
enabled the large-scale identification of DEGs in various cancers, including HCC. These
technologies allow for comprehensive profiling of gene expression patterns, providing insights into
the dysregulated pathways and molecular signatures that drive tumorigenesis [9]. In HCC, the most
frequently identified DEGs are those that regulate the cell cycle, DNA replication, and mitotic
division. For instance, genes such as BIRC5, CDC20, and CCNB1 have been found to be
upregulated in HCC and are associated with tumor progression, while other genes involved in
immune responses and metabolic processes are often downregulated in HCC tissues [10].

To investigate these gene expression changes in HCC, we have leveraged data from well-
established datasets such as The Cancer Genome Atlas (TCGA) [11] and Gene Expression Omnibus
(GEO) [12]. The TCGA dataset provides large-scale genomic data from numerous cancer types,
including HCC, while the GEO dataset is a valuable resource for gene expression studies. By
performing a comprehensive bioinformatics analysis of these datasets, we aim to identify DEGs
between HCC and normal liver tissues and analyze their associated biological pathways.

In our study, we utilized both the TCGA and GSE45267 datasets to identify and categorize
upregulated and downregulated genes in HCC. The TCGA dataset revealed 395 upregulated genes
and 631 downregulated genes, with key genes such as BIRC5, CDC20, and PTTG1 being
upregulated, and others like CLEC4M, GDF2, and FCN2 being downregulated. Further analysis of
the GSE45267 dataset confirmed the presence of 2,452 upregulated genes and 446 downregulated
genes, with significant overlap in pathways such as mitotic division, DNA replication, and cellular
transport. Using the STRING database, we examined gene interaction networks and carried out
survival analysis to determine the prognostic value of these DEGs. In particular, we identified genes
such as EZH2, GINS1, and MCM2 as potential adverse prognostic markers, while genes like
ALDH2, ADH4, and PON1 were associated with favorable outcomes.

2.  Methods

2.1.  Differential expression analysis

We obtained STAR-counts data and related clinical details for HCC from the TCGA database
(https://portal.gdc.cancer.gov). The data were then processed to extract TPM (Transcripts Per
Million) format data, followed by log2(TPM+1) normalization. After selecting samples with both
RNAseq data and clinical details, 632 samples were picked for additional analysis.

To identify differentially expressed genes (DEGs), we employed bioinformatics methods
implemented in R. Using the limma package in R, the DEGs between HCC and normal liver tissues
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were identified. Genes with adjusted p-values less than 0.05 and a log2 fold change greater than 1
were deemed significantly differentially expressed.

2.2.  Gene interaction networks

The STRING database was employed to investigate the interaction networks of DEGs by examining
protein-protein interactions. We used the STRING web tool to build interaction networks for genes
that were either upregulated or downregulated. The protein interactions were visualized using
Cytoscape (version 3.8.2). We then applied DBSCAN clustering to identify potential functional
clusters within the gene interaction networks.

2.3.  Prognostic analysis

To assess the prognostic significance of DEGs in HCC, survival analysis was conducted. Kaplan-
Meier survival plots were created for each gene, and the log-rank test compared survival rates
between groups with high and low expression. Univariate Cox proportional hazards regression
models were used to calculate hazard ratios (HRs) with 95% confidence intervals (CIs). Significant
prognostic factors were further assessed using multivariate Cox regression analysis to account for
potential confounding clinical factors.

For constructing a nomogram model, we selected key genes identified in the survival analysis and
combined them with relevant clinical parameters. Using the rms package in R, a nomogram was
created, and calibration curves were drawn to evaluate the model's precision in forecasting survival
probabilities at 1, 3, and 5 years.

2.4.  Lasso Cox regression model

We employed Lasso Cox regression to pinpoint crucial genes linked to survival outcomes, aiming to
build a strong prognostic model. The Lasso technique was executed using the glmnet package in R.
We selected features with the optimal lambda parameter.

Patients were divided into high- and low-risk categories based on the risk score. Kaplan-Meier
survival curves and log-rank tests were utilized to assess survival differences between these groups.

2.5.  Statistical analysis

R software was used for all statistical analyses, and a p-value below 0.05 was deemed statistically
significant. Univariate and multivariate Cox regression models were used to evaluate prognostic
factors, with β-values (Cox coefficients) indicating the link between each variable and patient
survival. The significance of each variable was assessed using the Wald test, where higher Wald
values suggest stronger associations. Standard errors (SE) were calculated for each β-value to
quantify the uncertainty of the model's predictions.

3.  Results

3.1.  DEGs between HCC and normal liver tissue

This research focused on finding DEGs between HCC and normal liver tissues. The TCGA dataset
and the GSE45267 dataset from the NCBI were selected for analysis, both relevant to HCC.
Bioinformatics and R-based analysis were employed to filter out the DEGs. From the TCGA dataset,
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395 upregulated genes and 631 downregulated genes were identified (Figure 1A). Notably, genes
such as BIRC5, CDC20, PTTG1, CCNB1, and UBE2C were upregulated in HCC, while CLEC4M,
GDF2, FCN2, CRHBP, COLEC10, and FCN3 were downregulated (Figure 1B). Upregulated genes
were primarily involved in pathways such as mitotic nuclear division, chromosome segregation, the
cell cycle, nucleocytoplasmic transport, DNA replication, ribosome biogenesis, and spliceosome
function. Conversely, the downregulated genes were found to be enriched in pathways associated
with retinol metabolism, and chemical carcinogenesis, complement and coagulation cascades, drug
metabolism, organic acid catabolism, xenobiotic metabolism, and fatty acid catabolism (Figure 1C).

Figure 1. Differentially expressed genes (DEGs) in the TCGA dataset. This figure presents the
identification of DEGs between hepatocellular carcinoma (HCC) and normal liver tissues. A total of

395 genes were upregulated and 631 genes were downregulated. The top 10 most significantly
upregulated and downregulated genes, such as BIRC5, CDC20, PTTG1, UBE2C (upregulated) and

CLEC4M, GDF2, FCN2, CRHBP (downregulated), are displayed. Gene ontology and pathway
enrichment analysis revealed that the upregulated genes are primarily involved in mitotic nuclear

division, the cell cycle, DNA replication, while downregulated genes are enriched in pathways
related to retinol metabolism, drug metabolism, and fatty acid catabolism

Further analysis of the GSE45267 dataset from the GEO database revealed 2,452 upregulated
genes and 446 downregulated genes (Figure 2A). Notably, genes such as TTK, CENPW, NCAPG,
BUB1B, KIF4A, and CCNB1 were upregulated in HCC, while IDO2, AOPF, NAT2, LPA,
C3ORF85, BCO2, and C6 were downregulated (Figure 2B). Upregulated genes in the GEO dataset
were predominantly involved in pathways such as mitotic nuclear division, chromosome
segregation, the cell cycle, p53 signaling, DNA replication, and mismatch repair. Conversely,
downregulated genes were enriched in pathways associated with complement and coagulation
cascades, drug metabolism, chemical carcinogenesis, metabolism of xenobiotics, organic acid
catabolic process, retinol metabolism, and fatty acid catabolism (Figure 2C).
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Figure 2. Differentially expressed genes (DEGs) in the GSE45267 dataset. This figure shows the
identification of DEGs from the GSE45267 dataset between HCC and normal liver tissues. A total of

2,452 genes were upregulated and 446 genes were downregulated. The top 10 most significantly
upregulated genes, such as TTK, CENPW, NCAPG, BUB1B (upregulated), and IDO2, AOPF,

NAT2, C6 (downregulated) are presented. Gene ontology and pathway enrichment analysis
highlighted that upregulated genes are primarily involved in mitotic nuclear division, the cell cycle,

DNA replication, while downregulated genes are associated with retinol metabolism, drug
metabolism, and fatty acid catabolism

3.2.  Gene interaction networks in hepatocellular carcinoma and normal liver tissue

The intersection of DEGs from the TCGA and GEO databases revealed 324 co- upregulated genes
(Figure 3A) and 321 co-downregulated genes (Figure 3B). These common upregulated and
downregulated genes were further analyzed for their interaction networks using the STRING
database, revealing widespread gene interactions. The DBSCAN clustering algorithm identified 12
clusters for upregulated genes and 24 clusters for downregulated genes. The most central cluster in
the upregulated genes was designated as cluster 1, serving as a hub gene, while the most central
clusters in the downregulated genes were clusters 1 and 2, which were also considered hub genes.
Figures 4 and 5 illustrate the clustering of interaction proteins and their network distributions. A
total of 94 hub genes showed increased expression, while 37 showed decreased expression.

Figure 3. Intersection of DEGs from the TCGA and GEO datasets. This Venn diagram shows the
overlap between the DEGs identified from the TCGA and GSE45267 datasets. A total of 324

common upregulated genes and 321 common downregulated genes were identified, underscoring
the consistency between the two datasets in terms of differential gene expression in HCC
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Figure 4. Gene interaction network of upregulated genes. This network graph was constructed using
the STRING database and shows the protein-protein interactions (PPIs) for the 324 common

upregulated genes identified in both TCGA and GEO datasets. DBSCAN clustering identified 12
clusters for upregulated genes, with cluster 1 as the most central cluster. This network highlights key
interactions among upregulated genes, providing insight into their potential functional relationships

in HCC

Figure 5. Gene interaction network of downregulated genes. A network graph showing the protein-
protein interactions (PPIs) for the 321 common downregulated genes in both TCGA and GEO
datasets. DBSCAN clustering identified 24 clusters, with clusters 1 and 2 as the most central

clusters. These interactions shed light on the role of downregulated genes in immune responses and
metabolic processes in HCC

3.3.  Prognostic value of screening genes for hepatocellular carcinoma

We performed survival analysis on the DEGs, indicated that the majority of these genes were
associated with poor prognosis. Specifically, EZH2, GINS1, and MCM2 (Figure 6) were found to be
adverse prognostic markers even after adjusting for covariates, while ALDH2, ADH4, CYP2C9,
APOF, and PON1 were identified as favorable prognostic factors after covariate adjustment (Figure
7). Using both univariate and multivariate analyses, we identified variables suitable for inclusion in
a Nomogram. If a gene displayed significant differences in both univariate and multivariate
analyses, it was regarded as independent of other clinical factors. The Nomogram model
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demonstrated good predictive performance, as evidenced by its close alignment with the calibration
curve.

Figure 6. Survival analysis of key DEGs in HCC. Kaplan-Meier survival curves show the prognostic
significance of key DEGs, including EZH2, GINS1, and MCM2. These genes were identified as

adverse prognostic markers for HCC, with log-rank tests revealing statistically significant survival
differences between high and low expression groups. This figure emphasizes the relevance of these

genes in predicting patient outcomes

Figure 7. Survival analysis of favorable prognostic genes. Kaplan-Meier survival curves
demonstrate the association between favorable prognostic genes (ALDH2, ADH4, PON1) and

improved survival in HCC. Statistically significant differences between high and low expression
groups were observed, highlighting the potential of these genes as protective biomarkers in HCC

prognosis.
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In the Nomogram plot, a line segment with a scale represents each variable, indicating the range
of possible values for that variable, while the segment's length reflects how much that factor
influences the prognostic outcome. On the 'Point' axis, you can see the score for each variable, and
the 'Total Point' axis indicates the overall score obtained by adding up the individual scores, with
satisfactory predictive accuracy.

3.4.  Construction of a prognostic model using Lasso Cox regression

We used Lasso Cox regression to construct a prognostic model based on selected features. The
coefficients of these features were determined by the lambda parameter, with the x-axis representing
the lambda values and the y-axis representing the coefficients of the independent variables. The
relationship between the partial likelihood deviance and log(λ) was depicted in the Lasso Cox
regression plot (Figure 8 A&B). The formula for the final risk score is:

Riskscore=(0.2155)×EZH2+(0.0222)×GINS1+(0.0538)×MCM2+(−0.0376)×ADH4+
(−0.0503)×CYP2C9+(0.0049)×APOF+(−0.0593)×PON1

The performance of this model was evaluated using Kaplan-Meier (KM) survival curves, where
the risk groups were compared using the log-rank test. A hazard ratio (HR) greater than 1 indicated
that the model was a risk factor, while an HR less than 1 indicated a protective model. The median
survival time and 95% CI were also determined for groups classified as high-risk and low-risk.
According to the ROC curve analysis, the model exhibited significant predictive strength, with the
AUC value reflecting robust predictive performance. Our risk score model presents the model’s
effectiveness (Figure 8C).

Figure 8. Lasso Cox regression analysis and risk score model construction. Panel A illustrates the
Lasso Cox regression analysis used to select key prognostic genes, with the relationship between the
lambda parameter and the coefficients of the genes. Panel B displays the formula for the risk score
calculation based on the Lasso Cox regression model, incorporating genes such as EZH2, GINS1,
MCM2, ADH4, CYP2C9, APOF, and PON1. Panel C shows the receiver operating characteristic
(ROC) curve analysis, demonstrating the model’s predictive accuracy with a high area under the

curve (AUC) value.
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3.5.  EZH2 expression and its role in tumor stemness

HCC patients were classified into high and low EZH2 expression groups to study the role of the key
gene EZH2 in tumor stemness. There was a notable positive correlation between EZH2 expression
and tumor stemness, according to Spearman correlation analysis (Figure 9). The correlation
coefficient and p-value are displayed, indicating a strong association between EZH2 expression and
stemness scores.

Figure 9. Correlation between EZH2 expression and tumor stemness. This scatter plot illustrates the
significant positive correlation between EZH2 expression and tumor stemness scores in HCC

patients, with the Spearman correlation coefficient and p-value displayed. This figure suggests that
EZH2 may play a critical role in regulating tumor stemness in HCC.

3.6.  EZH2 expression across multiple cancer types

To determine the prognostic importance of EZH2 in multiple cancers, we analyzed TCGA data to
measure EZH2 mRNA expression in diverse tumor tissues. A total of 36 cancer types and 10,228
samples were analyzed. EZH2 mRNA expression was found to influence prognosis in several
cancers, including ACC, KIRP, KICH, LGG, PADD, KIRC, PRAD, UCEC, PCPG, LIHC and UVM
(Figure 10). A forest plot, which presents the results of univariate Cox regression for EZH2 in
multiple cancers, showed significant associations with p-values, hazard ratios (HR), confidence
intervals (CIs), and β-values. These findings suggest that high EZH2 expression is a common feature
across various tumors, highlighting its potential as a valuable therapeutic target.
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Figure 10. EZH2 expression across multiple cancer types. A forest plot showing the mRNA
expression levels of EZH2 across 36 different cancer types using TCGA data. The plot includes

hazard ratios (HRs), p-values, and confidence intervals (CIs) for various cancers. Significant
associations between high EZH2 expression and poor prognosis were observed in several cancer

types, including hepatocellular carcinoma (LIHC), highlighting its potential as a prognostic
biomarker across different malignancies

4.  Discussion

HCC is a major global health challenge, with high morbidity and mortality rates, and its molecular
mechanisms remain poorly understood. This research involved an extensive examination of DEGs
between HCC and normal liver tissues, utilizing two major datasets: TCGA and GSE45267. Our
results, which identified critical genes involved in cell cycle regulation, DNA replication, and
metabolic pathways, offer valuable insights into HCC pathogenesis. However, it is essential to
contextualize these findings by comparing them with other studies in the field and discussing the
clinical relevance of our findings in light of current research.

Our analysis identified several well-established upregulated genes in HCC, such as BIRC5,
CDC20, and CCNB1. Known for their involvement in cell cycle progression and mitosis, these
genes support the notion that abnormal cell division is a key feature of cancer. Indeed, numerous
studies highlight the involvement of these genes in the advancement of tumors. BIRC5 (Survivin) is
known to prevent apoptosis and enhance cell survival, establishing it as a significant target for
cancer treatment, especially in HCC [13-16]. Similarly, CDC20, a key regulator of the anaphase-
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promoting complex, is often overexpressed in various cancers, including HCC, and contributes to
uncontrolled cell proliferation by facilitating mitotic progression [17-19]. Our findings align with
these reports, further validating the importance of these genes in HCC.

On the other hand, downregulated genes such as CLEC4M, GDF2, and FCN2 identified in our
study are associated with immune responses and metabolic processes [20-22]. These findings are
consistent with the hypothesis that immune evasion and altered metabolism play critical roles in
HCC development. CLEC4M, for instance, is involved in pathogen recognition and immune
modulation, and its downregulation has been implicated in immune escape mechanisms in cancer
[23]. Likewise, GDF2, which is involved in vascular remodeling, has been suggested to act as a
tumor suppressor in various cancers, including HCC [24-26]. Our results support these previous
findings, indicating that immune dysregulation and metabolic reprogramming are crucial
components of HCC pathogenesis.

To explore the molecular interactions underlying HCC, we constructed gene interaction networks
using the STRING database and identified several key hub genes, including EZH2, MCM2, and
ALDH2. These hub genes are central to cellular processes such as epigenetic regulation, DNA
replication, and detoxification, and have been widely studied [27-30].

EZH2, a key component of the polycomb repressive complex 2 (PRC2), was identified as a
significant upregulated gene in our analysis, which is consistent with its role in promoting
tumorigenesis by silencing tumor suppressor genes [31-33]. Research indicates that EZH2 is
overexpressed in various cancers, such as HCC, and inhibiting it could be a potential therapeutic
approach. Our findings provide further evidence of EZH2's importance in HCC and suggest that
targeting this gene could be beneficial for therapeutic interventions.

The prognostic value of the DEGs identified in this study was further assessed using survival
analysis. We found that genes such as EZH2, GINS1, and MCM2 were associated with poor
prognosis, while genes like ALDH2, ADH4, and PON1 were identified as favorable prognostic
markers. These findings are consistent with previous studies, which have highlighted the role of
EZH2 and MCM2 in poor prognosis in HCC. EZH2's association with adverse outcomes has been
well-documented, as its overexpression leads to epigenetic silencing of tumor suppressor genes,
promoting tumor growth and metastasis. Similarly, MCM2's role in DNA replication and cell cycle
progression links its overexpression to aggressive tumor behavior and poor patient outcomes [31-
34].

In contrast, genes like ALDH2, which is involved in alcohol metabolism and detoxification, have
been shown to have a protective role in liver cancer. ALDH2 is known to detoxify aldehydes
generated during alcohol metabolism, and its downregulation has been linked to increased oxidative
stress and liver carcinogenesis. Our study supports these findings, suggesting that ALDH2 may
serve as a favorable prognostic marker in HCC.5,Conclusion.

Although our findings offer important insights into the molecular mechanisms of HCC, this study
has several limitations. The analysis was primarily conducted using publicly available datasets,
which could be biased due to variations in how samples were collected and the clinical
characteristics involved. Validation in independent cohorts and clinical samples is essential to
confirm the clinical relevance of the identified biomarkers. Second, although we identified several
promising DEGs, functional validation of these genes in HCC cell lines and animal models is
required to better understand their roles in tumorigenesis. Furthermore, while our prognostic model
showed promising results, its clinical utility must be evaluated in prospective studies to determine its
effectiveness in guiding treatment decisions.
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To sum up, this research offers an in-depth examination of the molecular profile of HCC,
pinpointing crucial genes and pathways linked to tumor development. The results of our study
support the expanding evidence that particular DEGs like EZH2, MCM2, and ALDH2 are
prognostic biomarkers in HCC. Creating a prognostic model using Lasso Cox regression improves
our comprehension of the disease and may be a useful tool for categorizing patients and tailoring
treatments. Further investigations need to concentrate on confirming the roles of these genes and
assessing their viability as therapeutic targets in HCC.
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