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ABSTRACT

Background: Hepatocellular carcinoma (HCC) represents a primary liver tumor characterized by a bleak prognosis and ele-
vated mortality rates, yet its precise molecular mechanisms have not been fully elucidated. This study uses advanced bioinfor-
matics techniques to discern differentially expressed genes (DEGs) implicated in the pathogenesis of HCC. The primary objective
is to discover novel biomarkers and potential therapeutic targets that can contribute to the advancement of HCC research.
Methods: The bioinformatics analysis in this study primarily utilized the Gene Expression Omnibus (GEO) database as data
source. Initially, the Transcriptome analysis console (TAC) screened for DEGs. Subsequently, we constructed a protein—protein
interaction (PPI) network of the proteins associated to the identified DEGs with the STRING database. We obtained our hub
genes using Cytoscape and confirmed the results through the GEPIA database. Furthermore, we assessed the prognostic signif-
icance of the identified hub genes using the GEPIA database. To explore the regulatory interactions, a miRNA-gene interaction
network was also constructed, incorporating information from the miRDB database. For predicting the impact of gene overex-
pression on drug effects, we utilized CANCER DP.

Results: A comprehensive analysis of HCC gene expression profiles revealed a total of 4716 DEGs, consisting of 2430 upregu-
lated genes and 2313 downregulated genes in HCC sample compared to healthy control group. These DEGs exhibited significant
enrichment in key pathways such as the PI3K-Akt signaling pathway, nuclear receptors meta-pathway, and various metabolism-
related pathways. Further exploration of the PPI network unveiled the P53 signaling pathway and pyrimidine metabolism as the
most prominent pathways. We identified 10 hub genes (ASPM, RRM2, CCNBI, KIF14, MKI67, SHCBP1, CENPF, ANLN, HMMR,
and EZH?2) that exhibited significant upregulation in HCC samples compared to healthy control group. Survival analysis indi-
cated that elevated expression levels of these genes were strongly associated with changes in overall survival in HCC patients.
Lastly, we identified specific miRNAs that were found to influence the expression of these genes, providing valuable insights into
potential regulatory mechanisms underlying HCC progression.

Abbreviations: CCNBI, Cyclin B1; DEGs, differentially expressed genes; GEO, Gene Expression Omnibus; GEPIA, Gene Expression Profiling Interactive Analysis; GTEx, Genotype-Tissue
Expression; HCC, hepatocellular carcinoma; OS, overall survival; PPI, protein-protein interaction; RRM2, ribonucleotide reductase regulatory subunit M2; TAC, transcriptome analysis console;
TCGA, Cancer Genome Atlas.
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Conclusion: The findings of this study have successfully identified pivotal genes and pathways implicated in the pathogenesis

of HCC. These novel discoveries have the potential to significantly enhance our understanding of HCC at the molecular level,

opening new ways for the development of targeted therapies and improved prognosis evaluation.

1 | Introduction

Liver cancer is a significant global health burden. In the year
2020, approximately 905700 people were diagnosed with liver
cancer, and during the same year, 830200 individuals lost their
lives due to it. Liver cancer is among the top five causes of death
worldwide, according to the data from 90 countries. It is esti-
mated that this figure will increase by more than 55.0% between
2020 and 2040, meaning the mortality rate will reach 1.3 million
people, and the incidence rate will rise to 1.4 million people [1].
Hepatocellular carcinoma (HCC) is the most common type of
primary malignant liver tumor, accounting for approximately
85%-90% of cases [2]. Localized HCC has a poor prognosis, with
a 5-year overall survival (OS) rate of only 30%, which drops to
less than 5% when distant metastases are present [3]. Liver re-
section is often effective for early-stage HCC, but less than 30%
of patients are eligible for surgery, and a majority of them experi-
ence tumor recurrence within a few years [4]. Despite advance-
ments in cancer biology and genetic profiling, there is still much
to learn about the molecular causes of HCC. A comprehensive
understanding of HCC pathogenesis is crucial for improving
early detection and treatment strategies, and thereby enhancing
patient survival rates. To achieve this, the utilization of diverse
bioinformatic tools is necessary to identify key genes and bio-
logical pathways that drive tumor growth and progression [5, 6].

Identifying suitable biomarkers for cancer, such as HCC, holds im-
mense potential for advancing research and clinical practice in this
field. The work of Nault et al. in discovering biomarkers for HCC
exemplifies how such findings can shift researchers’ perspectives
and significantly impact the field. Bioinformatics emerges as a
powerful tool in this endeavor, enabling the identification of effec-
tive biomarkers, elucidation of cellular pathways, and prediction
of their impact on cancer progression [7]. Several established bio-
markers such as Telomerase reverse transcriptase (TERT), tumor
protein p53 (TP53), Catenin Beta 1 (CTNNBI1), AT-rich interaction
domain 1A (ARID1A), and Axis inhibition protein 1 (AXIN1) have
been validated for their impact on HCC and related pathways, in-
cluding PI3K/AKT/mTOR and RAS/RAF/MAPK pathways [8].
However, our understanding of HCC pathogenesis remains lim-
ited due to constraints such as small sample sizes. It is highly likely
that additional biomarkers and pathways play a significant role in
HCC progression. An integrated bioinformatics study utilizing the
latest genomic data represents a pivotal advancement in cancer
research. This approach addresses the limitations posed by small
sample sizes and inconsistent methodologies, offering a compre-
hensive exploration of HCC biology. By integrating diverse omics
data and employing rigorous analytical methods, this study has
the potential to unveil novel biomarkers and pathways associated
with HCC. Moreover, overcoming these limitations is essential for
revolutionizing our understanding of cancer biology and facilitat-
ing the development of more effective treatments. By elucidating
the complex molecular landscape of HCC, integrated bioinformat-
ics studies pave the way for personalized therapeutic interventions

tailored to individual patients, ultimately improving clinical out-
comes in the fight against HCC.

In our research, we used the microarray dataset GSE45267 from
the Gene Expression Omnibus (GEO) to examine the variations
in gene expression between HCC and adjacent noncancerous tis-
sues. Computational tools such as STRING and Cytoscape were
utilized to construct PPI networks and pinpoint hub genes asso-
ciated with HCC. Furthermore, we conducted survival analyses
and explored drug-gene interactions to identify critical genes
and pathways influencing the pathogenesis and prognosis of
HCC. These discoveries hold great potential for advancing the
field of diagnostic and therapeutic strategies for HCC.

2 | Material and Methods
2.1 | Data Source and Identification of DEGs

In this study, we utilized microarray data obtained from the GEO
repository (accessible at https://www.ncbi.nlm.nih.gov/gds).
Our focus was on the gene expression profiles of human HCC
based on the following criteria: (a) Analysis type: Cancer versus
regular; (b) Cancer type: HCC; (c) Data type: mRNA; (d) Sample
type: Clinical specimen; (e) Microarray platform: Affymetrix
Human Genome U133 Plus 2.0 Array (GPL570). For the present
work, GSE45267 dataset was selected, which consisted on 87
gene expression profiles derived from tissue samples, including
48 primary HCC samples and 39 noncancerous tissues, from a
cohort of 61 patients. It is important to note that the HCC tissues
were collected from 16 young HCC patients and 32 older HCC
patients. To ensure data reliability and relevance, we chose 7
human HCC samples from young patients and 13 human normal
liver samples from young HCC patients. To identify the differ-
entially expressed genes (DEGs) between HCC and normal liver
tissues, the Transcriptome analysis console (TAC) from GEO
was employed with a threshold of logarithmic Fold Change (log
FC) >2 and an adjusted p value <0.01 to define the DEGs.

2.2 | PPI Network and Modular Analysis

To assess the significance of the DEGs identified in this study,
we constructed a PPI network with their associated proteins.
This network analysis allowed us to examine the interactions
between different DEGs and determine their functional impor-
tance. For this purpose, we utilized the STRING database (ac-
cessible at https://string-db.org/) Version: 12.0.

2.3 | Identification of Candidate Genes

To construct and visualize the PPI networks, we employed
Cytoscape software, version 3.6.0 [9]. To identify significant
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modules of hub genes within the PPI network, we employed the
Molecular Complex Detection (MCODE) plug-in in Cytoscape
that enables the identification of clusters of highly intercon-
nected (hub) genes within the PPI network. In our study, the
selection of significant hub genes within the PPI network was
based on a degree cutoff of a minimum of 99 connections with
other nodes in the network and betweenness centrality >0.022.
Nodes with higher betweenness centrality values were consid-
ered more critical in maintaining efficient information flow
within the network. Additionally, we employed a closeness cen-
trality threshold >0.104, where nodes with higher values were
deemed more central in terms of their proximity to other nodes
in the network.

2.4 | Analysis of Signaling Pathways

The Enrichr database (https://maayanlab.cloud/Enrichr/) was
used to identify the cellular pathways in which our target genes
are involved [10, 11]. We used KEEG pathway resource to obtain
and represent our results. A threshold of the top 10 pathways
was applied as a cutoff point in the analysis.

2.5 | GEPIA Analysis of Gene Expression

The evaluation of gene expression was conducted through
the utilization of the Gene Expression Profiling Interactive
Analysis (GEPIA) tool. GEPIA performs a comparative analy-
sis of gene expression across diverse cancer types and normal
tissues based on data from The Cancer Genome Atlas (TCGA)
and the Genotype-Tissue Expression (GTEx) projects [12]. In
the box plot analysis, a cutoff of ILog2FC|>1 and a p-value
cutoff of <0.01 were employed, with a jitter size set to 0.4 to
enhance data visualization. For survival plots, group cutoffs
were determined based on the median, with high and low
cutoff percentages set at 50%. Hazard ratios were calculated
using the Cox proportional hazards (PH) model, with 95%
confidence intervals added as dotted lines. Time units on the
axis were standardized to months.

2.6 | Analysis of Gene-Disease Association

A comprehensive analysis of gene-disease associations was
performed through the utilization of DisGeNET (accessible at
https://www.disgenet.org/). This platform allows us to explore
the intricate connections between specific genes and a wide
array of diseases in various pathological conditions. We focused
on identifying 10 top diseases that were associated with the up-
regulated genes identified in our study.

2.7 | Prediction of Pharmacological Targets

By feeding the expression levels of the hub genes into cancerDP
tool (https://webs.iiitd.edu.in/raghava/cancerdp/about.php), we
can identify potential drugs targeting these genes in a concrete
cancer type, and classified those drugs as potentially ineffec-
tive (resistant) or effective (sensitive) against the specific com-
bination of cancer type—hub gene expression levels. miRDB

database (http://www.mirdb.org/) was used to identify miRNAs
that target these hub genes.

3 | Results
3.1 | The Identification of DEGs in BC

PCA analysis of the GSE45267 dataset showed a different expres-
sion profile between tumor and healthy samples (Figure 1A).
Table 1 provides a total of 100 top fold change DEGs up- and
down- regulated explaining these differences. With the TAC
software, we concluded that out of 54 613 genes, 4716 genes have
changed their expression level, from which 2403 genes were up-
regulated and 2313 genes were downregulated (Figure 1B). The
tumoral condition moreover was the major source of variability
(Figure 1B).

3.2 | Identification of Key Candidate DEGs by PPI
Network Analysis

Using Cytoscape, we selected from the up-regulated genes those
having a degree >99, betweenness centrality >0.022 and close-
ness centrality >0.104, to pinpoint the highly interconnected
DEGs (hub genes). Only ASPM, RRM2, CCNBI, KIF14, MKI67,
SHCBPI1, CENPF, ANLN, HMMR, EZH?2 remained (Figure 2).

3.3 | Analysis of Signaling Pathways

Enrichr tool with the KEGG data base showed that the p53 sig-
naling pathway, pyrimidine metabolism, glutathione metab-
olism, lysine degradation, ECM-receptor interaction and cell
cycle are the tumor related pathways where these hub genes
have an important role (Figure 3A). Importantly, the hub genes
that have the most significant impact on these pathways are
HMMR, EZH2, RRM2, and CCNB1 (Figure 3B).

3.4 | Analysis of Core Genes by the Kaplan Meier
Plotter and GEPIA

In line with our predictions, GEPIA tumor database revealed that
ASPM, CCNBI1,CENPF,EZH2, MKI167, ANLN, HMMR, and RRM2
exhibited significantly elevated levels in HCC compared to their
expression in healthy tissues (p-value Cutoff: 0.01) (Figure 4),
suggesting a key role of these genes in HCC. The GEPIA sur-
vival analysis from the topl0 hub gene list revealed that high
expression of RRM2, SHCBP1, HMMR, MKI67, and EZH2 was
linked with a reduction of the OS to HCC (p=0.00058, p=0.018,
p=0.0031, p=0.00045, and p = 5.6e—05 respectively), while high
expression of ANLN, ASPM, CCNB1, CENPF, and MK167 was as-
sociated with improved OS (p=0.00085, p=0.00061, p=0.00015,
p=0.0018, and p=0.0052, respectively) (Figure 5).

3.5 | Gene-Diseases Association

Our exploration of DisGeNET uncovered a lot of information re-
garding the genetic factors that underlie, between others, several
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Array Type: HG-U133_Plus_2

Analysis Type: Expression (Gene)

Analysis Version: version 1

Summarization Method: RMA

Genome Version: hg19 (Homo sapiens)
Annotation: HG-U133_Plus_2.na36.annot.csv
Condition (Comparison): control ; HCC

Expression Analysis Settings:
+ Gene-Level Fold Change < -2 or > 2
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FIGURE1 | Gene expression analysis of GSE45267 dataset. (A) Principal component analysis (PCA) displays normal human liver samples as red
circles and human HCC samples as blue circles, showing a clear clusterization of the two groups. (B) Differential gene expression analysis of HCC
versus healthy samples shows 2403 genes upregulated and 2313 genes downregulated, being tumoral condition the major source of variability. HCC,
hepatocellular carcinoma.

40of 14 Cancer Reports, 2024



TABLE1 | Top 100 fold-change genes that are up- and down-regulated in HCC.

Type

Gene

Upregulated genes

GPC3, SPINK1, LINC01296, CD24, PEG10, ECAM, TOP2A, CTHRC1, DCDC2, HKDC1, RRM2,

SULT1C2, ASPM, HIST1H2BG, NEB, GINS1, CRNDE, SOX4, IGF2BP3, DKK1, ANLN, CDK1,
HMMR, BEX2, DTL, PPP1R9A, KRT19, PRR11, CENPF, B3GNT5, NEK2, KIAA0101, VCAN,
ECT2,ITGA2, RAGAP1, PRC1, ZWINT, AURKA, HS6ST2, CCNB1, SPINT1, CTNND?2,
CDKN3, CDC6, KIF4A, C12o0rf75, CDC20, ACSL4, BUB1B, NUF2, UHRF1, CLGN, COCH,
HK2, GMNN, SFN, HELLS, FABP5, FOXQ1, CCL20, NDC80, CDC7, BIRC5, FAM72A;
FAM72B; FAM72C; FAM72D, PRAME, FRASI, TTK, NUSAP1, PBK, GTSE1, SPP1, CENPU,
COL15A1, FAMS3D, PLPP2, PKM, KIF11, CENPA, MCM6, AKR1B10, Clorf186; LOC100505650,
GAS2L3, ROBO1, PLEKHBI, ASNS, SLC6AS8, LOC728715; OVOS; OVOS2, Clorf106,
HOXA10, NCAPG, TPX2, MAP7D2, TYMS, COL1A2, CENPW, FOXM1, FEN1, DLGAP5

Downregulated genes

ADH4, CYP2E1, HPD, C9, HAMP, CPS1, PCK1, MT1M, GYS2, SLC22A1, SULT2A1, CYP1A2,

APOF, SLCO1B3, LINC00844, SLC10A1, CYP8B1, THRSP, CYP2A6, LECT2, ADH1C, HPR, ADH1B,
CFHR4, CYP3A4, ADRA1A, CYP4A11; CYP4A22, F9, GLYAT, HAO2, FCN3, CYP2C8, CXCL14,
IGH; IGHA1; IGHA2, SAA1; SAA2; SAA2, SAA4, GLYATL1; LOC100287413, LINC01093, OIT3,

HGFAC, AKR1D1, GBA3, CYP2C9, FCN2, DNASE1L3, FETUB, ETNPPL, GNMT, DHRS2, NAT2,
CFHR3, HSD17B6, NNMT, SLC22A7, PLG, ALDOB, C8A, CRHBP, CYP39A1, SLC27A5, GLS2,
CLEC1B, SLC51A, LPA, MT1F, C3P1, TTC36, RDH16, CYAT1; IGLC1; IGLC2; IGLC3; IGLJ3;
IGLV144; IGLV325; IGLV43, ANG, CLEC4G, A1BGCYP1A2, OTC, CNDP1, ACSM2A; ACSM2B,
13, ALDH1L1, SAA4IGHG1; IGHG3; IGHM; IGHV431, IGF1, ESR1, MASP2, SLC1A2, HRG,
AQP9, KCNN2, SLC25A47, MOGAT2, SERPINC1, SLC25A18, NR1I2, SPP2, ADH1A, HSD11B1,
Co6, ABCAS, CYP2C19, RTP3, KMO, MBL2, JCHAIN, IGK; IGKC; IGKV1-5; IGKV2-24, C7

Abbreviation: HCC, hepatocellular carcinoma.

cancer types. The gene-disease association details, along with
their potential implications, are meticulously documented in
Table 2. Importantly, the four most important hub genes RRM2,
HMMR, EZH2, and CCNBI appeared to play a significant role in
various types of cancer such as non-small cell lung carcinoma
(NSCLC), liver and breast cancer. Additionally, HMMR is re-
lated to prostate cancer, while RRM2 and CCNBI shared associ-
ation with colorectal cancer.

3.6 | Pharmacological Prospects and Therapeutic
Targets

The miRDB tool revealed the top 10 miRNAs with the highest tar-
get scores for the hub genes associated with HCC (Table 2). These
findings suggest that these miRNAs are likely to exert a prominent
regulatory influence on the hub genes within the context of HCC.
By the use of cancerDP tool we can identify potential drugs against
a specific disease taking into account gene expression patterns. In
our study, we found that all the HCC related hub genes but EZH2
can be targeted by several drugs, which suggests that they could be
interesting candidates for HCC treatment (Table 2).

4 | Discussion

HCC has an escalating mortality and morbidity rates in the re-
centyears. The development of this cancer can be influenced by a
multitude of factors and therefore, understanding the molecular
pathways and genes involved in HCC can offer valuable insights
for designing effective treatment strategies. Utilizing bioinfor-
matic data analysis tools, we have identified genes that exhibit
altered expression in HCC and consequently could influence
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FIGURE 2 | Connectivity between the top 10 hub genes (ASPM,
RRM2, CCNBI1, KIF14, MKI67, SHCBP1, CENPF, ANLN, HMMR,
EZH?2). The degree increases from light red to darker red. (Degree >99,
betweenness centrality >0.022, closeness centrality >0.104.)

the dynamics of the associated pathways. Notably, the p53 sig-
naling, pyrimidine metabolism, glutamine metabolism, lysine
degradation, ECM-receptor interaction and cell cycle pathways
demonstrate the most pronounced changes in response to al-
tered gene expression. Among the identified hub genes, RRM2,
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g Adjusted Odds  Combined

Index  Name P-value pvalue  Ratio score

1 p53 signaling pathway 0.0005802  0.008123  70.14 522.67

2 Pyrimidine metabolism 0.02766 0.08097  40.27 144.50

3 Glutathione metabolism 0.02814 0.08097  39.55 141.22

4 Lysine degradation 0.03106 0.08097  35.71 123.99

5 ECM-receptor interaction 0.04315 0.08097  25.42 79.89

6 Progesterone-mediated oocyte maturation 0.04890 0.08097  22.32 67.37

7 Drug metabolism 0.05272 0.08097  20.65 60.76

8 Cell cycle 0.06031 0.08097  17.95 50.40

9 Purine metabolism 0.06267 0.08097 17.24 47.76

10 Oocyte meiosis 0.06267 0.08097 17.24 47.76

(B) Enriched Terms
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FIGURE 3 | KEGG pathway enrichment analysis of DEGs in HCC (Adj p-value <0.05). (A) Top10 cellular pathways that are associated with the
top10 hub genes. (B) Impact of hub genes on the mentioned cellular pathways. Four hub genes (RRM2, HMMR, CCNB1, and EZH2) are predicted
to be significantly impacting one or more pathways (in red in the heatmap). DEGs, differentially expressed genes; HCC, hepatocellular carcinoma.
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FIGURE 5 | Survival analysis for the top 10 hub genes. High expression of RRM2, SHCBP1, HMMR, MKI67, and EZH2 was linked with the
reduction of overall survival (OS) (p=0.00058, p=0.018, p=0.0031, p=0.00045, and p=5.6e—05 respectively), while high expression of ANLN,
ASPM, CCNBI1, CENPF, and KIF67 were associated with improved OS (p =0.00085, p=0.00061, p=0.00015, p=0.0018, and p=0.0052, respectively).

7 of 14



(senunuo))
ds-qoz-grw-esy e JTUOIYD “ONAIOUOWOIAIN “BIWINNT
de-pp1-gru-esy e SISOIQIJO[RAN ATewlId
de-¢go-yrw-esy o BUIOUTOIR)) [RLI}OWOPUY
dg-egTS-Iw-esy BUWIOUIOIR)) ISBAIG
LTS-JTw-esy e BUIOUTOIRD ISAIT
d¢-gp9-yrur-esy e QwoIpuLs o1se[dsTPOrSAIN
d¢-£089-J1w-Bsy e swisejdoaN oneIsorg
dg-/17-grur-esy e BUIOOIBS03)SO jrungns g xordwod
MBRYS-YTW-BSY » ewoydwAT [[9D-9g 98167 osngJiq aa1ssaxdar quiooAjod
V/N V/N de-10T-grw-esy o SWIOIPUAS IOABIA T 9)$9Z Jo IddueyUY HZA
CSLS99VHJ -
106sC€0dd -
DVVLL -
8CCIML *
G9Cdvy -
QIUNO[IN *
8SHG89T Kerap reyuowrdo[aAdp [eqo[D
UuBJIJOULI] o KI[IQESIP [BNIOJ[[OIUT AIIAS
ueodjodog, o Areydasororw Te3ruaguo)
1662€€0dd * dg-ogps-yrur-esy o S9LIBAQ J1ISA00I9[0S
0€S0AZYV de-zSzT-gru-esy e QWOIPUAS £18AQ d1ISAIAT04
[exeNped dg-szp-grur-esy e pue[3 A1earfes jo wisejdoau jueuSIfeN
990TH€ZAd * jeISouIqoURy e ds-zge-gru-esy e BWOULIRD) OUSAD PIOUSPY
¥89AVL * 0TLYXTd * ds-€Tog-Tw-esy o BUIOUTOIRD I9ATT
Yvzoazv QIuojeIoS o 799¢-gru-esy o G ‘OAISSRONY [EWOSOINY
ThTMdT ¢ TPSMAV » 9p9g-yIuwi-esy o Arewrrid ‘AeydadoIdiN
CUIPINN ¢ qrunopy e LOSH-qTW-esY e Areydasoroty Arewtid A[quIasse a[nqnjoIoTu
YL49dZ qrunedeT e dg-zzs oT-qTwi-esy o JAISS03Y [eWOoSOINY 9[puids [ewIrouqy wdse
ANANISuas YIm sSnaq 0U®)ISISAI YIIM sSniqg VNI S9seasIq uondriosaq Quan

sSnaq

(gayiu) way) Sunadie) A[jenuajod SYN YW Y} pue (J(F420UD)) SIseIsIp pue saudd qny o1 do 9y} Usam1aq UOIOUU0D YY) sapiaoxd 9[qes syl | ¢ ATAV.L

Cancer Reports, 2024

8 of 14




(senunuo))

riMdT
qrunopy e
Y89HVL -
YvcodzZyVv -
YLyodZ °
9901¥€Cdd °
DVVLL »

Y89HVL -
9901vecdd -
8S¥S89T -
106SC€0dd
T66cec0dd -
qQIUDOIIN
CUIPnN
reMdT .
YyeodzZyVv -
DVVLL -
vLy9dZ -
[oxelioed -

0ZLYX1d
T06SCe0dd
cuIpnN -
QIUNOIIN *
UBDII)OULI]
ueoajodoy,
GoTdVY -
qrupjedet .
[oXeIoRg o
CSLS99VHI °
jejsourqourq e
T66cec0dd °
WWSMAY
qQIuajeIos o
8SPS89T o
0€s0dzZyV -
8GTINL °

UBOJOULI] e
S9CdVvY -
quunorry e
CSLS99VHA °
ueddjodog,
0€S0dZYV -
qruJeIosS o
0CLYX1d
SSCIZIL
IYSMHY
qrupeder] .
jejsoulqoueq e

ds-ygps-yru-esy e
dg-Kegyg-gruw-esy e
dg-egpc-yru-esy e
qegys-yruw-esy o
I8YS-YIW-Bsy e
MBHS-JIuwi-esy e
dg-segps-yrur-esy o
dg-1egyg-gruw-esy e
65S-JIu-esy o
UgyS-JIw-esy o

dg-g6€ O1-q1w-esy o
dg-qoor-yruw-esy
P8TI-Jrw-esy e
ds-66€ 01-qrw-esy .
de-v059-yruw-esy o
8TEH-JIu-esy e
dg-9189-yTw-esy
dg-zpe-grur-esy o
dg-ep99-yrw-esy e
dg-e999p-yrw-esy o

rAIOUTOIR)) SUNT [[9D [[EWS-UON
BUWOUIDIR)) YOBWOIS

BUIO)SRQOI[D)

BaIoOUIdIR)) [8103I0[0D

ruIourdre) jsealgq
QINZISS [ensIA

[eruswIadxy ‘SMIOIN S910qeI(
Joau pue peay ay} Jo
BUIOUIDIED [[90 snowenbs
QWOIPUAS A1RAQ d1ISAIL[04

BUIOUTOIRD ISAIT

euIourdIed drjealdued

BUOISB[QOI[D
BUWOUIOIR)) }SBAIG

rwoudIe) SunT [[9D [[BWS-UON
wise[doaN Iopperd
SOLIBAQ O1ISK0019[0S
QWOIPUAS K18AQ d1ISAIATO]
(19p10S1p) SUN] JO BWOUIOIBIOUIPY

BUWOUIDIR) JOATT]

BUIOUIDIR)) [B109I0[0))

g UIpPAD

ZIN 9sejonpal
apnjosnuoqry

TANDD

CNYY

ANAnIsuas Ym ssnaq

0u®)ISISAI YIIM sSnaQg

VNYIu

S9seasIq

uondridsag

Quan

(panupuoD)

cHT1dVL

9of 14



(senunuo))

THTMAT ¢

8SHS89T

1662£€0Ad ° qruiede] .

¥89AVL ° YLY9AZ €L9p-gTwi-esy e BUIOUOIR) JUn [[9D [[BWS-UON

990T¥€CAd ° 0ZLYXTd * dg-281-grw-esy o BWOUTOTED) OBWO)S
TSLS99VHA ° ueosjodoy, o ds-pTog-grw-esy o BUWIOISL[QOI[D

0€S0AZV ° UBOIJOULI] » dg-0059-gIw-esy o BUIOOIBSOIPUOYD) [BWAYIUISIN

cumpny o [oXeIRd . de-T-6TT-grur-esy e SISeLI0Sd

¥v29dzyV S9zAVY d¢-z-6TT-yrw-esy o wse[dosu ueLreAQ
10652€0Ad ° jejsourqoued o dg-gzee-yrur-esy o BUWOUIDIED) [)0910[0D)

TPSMAY * qIuno[IN ° qSETE-JIw-esy o BUWIOUDIBIOUSPY

OVVLI qruojeIos e dg-9089-yrur-esy e BUWIOUIRD JSBAIY L9-T3 uonjeagroid

8STIML qrunorIg e de-psTL-gru-esy e BUWIOUTOIBD I9AI] JO 1o IeN LOTIIN

S9zAVY
vLY9AZ

wemd . 1662£€0Ad °

89HVL WSMAV * BLLYP-JTW-BSY e I9pI0SIp AN1ATIORIDAAY JIDIJOP UONUINY
990TH€TAd ° TSLS99VHA dg-T8T TT-yrw-esy A[eSoWO[MOLIIULA [RIGIDD

qQIUnofIN 0€50dZV ° BZ69S-YIUI-BSY e eise[dodAy 1e1e101n)

8SHG89T qrupopg e 9GTH-JIw-esy o ssaupulg

8STIML exeipoed dg-opc-yrw-esy e Kerap Tejuswdoroaap [eqorD

CUIPINN qrunede] e dg-9zT-grw-esy e T 9d £} owoIpuAs [o0oIN
10652€0Ad ° jejsourqoued e dg-sTS9-yrur-esy e (IDNI) UOHOLIISAI YIMOI3 dULIdINeIIU]

¥29azZyv ¢ 0ZLYXTd * L09-JIW-BSY o BUWIOUTIIBD JOAI]

OVVLI » ueosjodog, - 9L6T-YIW-BSY o Areydasororn ¥1 Iquaw
UeI9JOULI] * qruajeIos o 9v9e-JIw-Bsy o 1 HNOYANAS TIIDIN Aqrurey ursaury] PTATI

ANANISuas YIm ssnaq 90u®)ISISAI YIIM sSnaqg VNYIwu S9SBISIQ uondridsag ELETS)

sSniq

(ponupuo)) | zHATIVL

Cancer Reports, 2024

10 of 14




(senunuo))

YycodzZyv o
8S¥S89T -
V89HVL -
9901¥€Cdd *
qQIUnofIN
vLYOdZ °
CUIpnN e
106SC€0dd °
T66ccc0dd -

[EXLA LY
UBI)OULI] o
0CLYXId -
creMdT o
0€s0dzZV -
qQrunorry e
TPSMHAY »

dg-T10S-yI1ur-esy o
d¢-688-gruw-esy e
dg-qT-grw-esy
066-Jrw-esy o
de-epr-yrw-esy e
de-epe-yrur-esy o

w3091 10/pue UOJ0d
Jo wisejdoau jueuSIRIN
BUWOID
Suny jo ewouroIe)
BUWOJIRS [RIAOUAS POOYPIIYD
BUIOOIES [RIAOUAS NPV
BUWOUIOIR) JOATT

8STIML * qQIuaJeRIOS * de-L6T-qTw-esy o serInuolay[Auayd
jejsourqoueq ueddjodog, o de-spg-yru-esy o Juoq jo wiserdoau jueudI[RUI ATEPU0IAS
OVVLI * TSLS99VHI * de-z8pp-gru-esy e [ejuawLIad XY ‘SISOUYLIID I9AI'] 1 urajoad Surpuiq
S9T4dvy - qruijedeT] . €oTE-YIw-esy o BUIOOTES [BIAOUAS urewop-gHS DHS TddDHS
QIUNO[IN *
T06sce0dd -
CSLS99VHd -
T667€c0dd °
§9CAVY -
cuIpnN
DVVLL -
qrupede . LL0S-YIW-BSY o BWOUIOIR)) [BLIJOWOPUH
UBOIIOULI] o dg-ggT/-qTur-esy rwiouroIe) Jung [[9D [[BWS-UON
8STIL * OgEr-YIw-esy o (19pI0SIp) SUN] JO BWOUIDILIOUIPY
PH79AZV ° ueoajodog, o BZ6S-YIW-BSY o QULIOJINJAl BWO}SB[QOI[D)
$89HVL © jejsourqoued o 0Z6E-YTW-BSY o BUWOUIOIR) 9)8ISOI]
86589 0TLYXTd * ds-coT-y1w-esy e BWOPAN S[dn[nN
9901¥€TAd ° 0£S04ZV ° dg-¢sgL-gruw-esy e QwoIpuAS ATRAQ o1ISK0AT0
Mg ¢ YLYOAZ dg-qzzi-yrur-esy o BUWIOUTIIBD I9AI] (WINVHY)
qruojeIos e [oxeIoRd de-$68/-JIw-esy o JTUOIY)) “BTWANNAT PIOTOAN 103d9oa1 Kynowr
qrunory e WSMAVY ¢ de-negpg-yrur-esy o BUWOUIOIR)) ISBAIG pareIpaW-urUOIN[BAH] MININH
ANAnIsuas Ym ssnaq 90Uu®)SISAI YIIM sSnaq VNYI saseasIq uondrrdsag Quan
sSniq
(penunuod) | zATAVL

11 of 14



3981e) ouag Surpuodsariod ayj jJo uonengaidn ay) YIm
JUUIIBAI) 19OURD 03 AJIA1I09)J0 Surmoys A[fenuajod s3nap axe AJANISULS YIim sSnap 3931e) auad Surpuodsariod oy Jo uonengaidn oY) YIIm JUSWILI) JOOUEBD 0) JAI}OJJAUI 9q PINOJ Jey]) SSNIP 9S0Y) d1€ 9OULISISAI YIIM SnI( :2J0N

YLY9dZ -

QIUNO[IN
UBOIIOULI]
9901vECAd
¥89HVL °

S92dVvYy -

0CLYX1d °
ueddjodog,
cuIpnN e
T667£€0Add °
106ST€0Add
qruneder] .

qIuojeIoS o jeisourqouey e

YOTS-JIu-esy o
SSTy-yIur-esy o
de-gep-grw-esy o
889G-YIW-BSY »
9r9-Jrwi-esy o

2INSS31 J1[0ISAS
urqorSoursyq
1enosndio) uesy jo Surpurg
UOT}BUTWLID}OP
IpIm uonnqgrysIp 90 pay
J[NSAI YIPIM UONNQLIISIP
1[99 poO[q Pod—MA YT
SALTBA(Q J1ISAD0I3[0S

wemdT o IWSMAV * 6ITE-Jrw-esy o Te[NISWOLD) [BIUSWSAS ‘SISOUI[RAH
CSLS99VHA ° 8SPS89T COTC-YIW-Eesy o swoIpuAS AreaQ onskoAjod
YYCodzZVv - 0€s0dZYV - ds-qzzr-yru-esy . BUIOUIDIE] JATT
quunoryg e exelPed o dg-z1z-grur-esy e SISOI9[OSO[NISWO[S [8d0] urajoid Surpuiq
DVVLL - SSCIAL dg-£089-qrw-esy e 8 SISOI3[ISO[NISWOTD unoy ufuy NINV
creMdT
IZAICVAR
G9TdVY -
To6sce0dd o
jejsourqourq o
DVVLL -
CSLS99VHA °
UBOD)OULI]
I66Cec0dd °
qrunorry e J689¢-Yrui-esy SWOIPUALS [8309G
ueoajodo], de-/8-qrur-esy o URWINE] ‘CWOUTDIR)) ATRUWIWRIA
TPSMAVY * de-geg9-yrw-esy o JIOPIOSIp 2AnRIdfIoIdo[eAW druoIyD
8STIIL * ds-T-qeT-yrw-esy e A1£10epAtod
8GHSR9T o dg-z-qeT-grw-esy e swse[doaN one1soig
990T¥ETAd * 0TLYXTd * 6LTH-YIW-SY BUIOUOIE)) ISBAI]
VA qruayeIos o dg-egT-yIw-esy o BUIOUTOIRD ISAI]
QIUNOTIN [oxeIoRd o pyLy-Jraa-esy e d1eyso1d jo wisedoau JuruSIRIN
¥89AVL * quupedeT] . [TSy-Jru-esy o AreydadororN
CUINNN ¢ 0€S0AZV * dg-gge-qrw-esy e SaI[eWIoOuY g uraroad arewonua) AANAD
AIIADISUas YIIm sSniq oue)ISISaI YPIIM sSniq VNYIw saseasiq uonydrrosaq EYicYy)
sSnxq
(ponupuo)) | zATAVL

12 of 14

Cancer Reports, 2024



CCNBI, EZH2, and HMMR exerts the most substantial effect on
these cellular pathways.

Ribonucleotide reductase regulatory subunit M2 (RRM2), a gene
exhibiting increased expression in liver cancer, holds significant
relevance in the field. Extensive research has explored the impor-
tance of RRM2 and its impact on liver cancer, as well as other can-
cer types by the regulation and modification of proteins, making it
avital component for tumor progression and a potential biomarker
for certain cancer [13]. Its involvement extends widely to tumor
growth, metastasis, and drug resistance across various cancer
types [14, 15]. Numerous clinical studies have been dedicated to
RRM2, particularly in the context of HCC, revealing that RRM2
is inhibited by the anticancer drug Sorafenib in HCC cells [16, 17].

CCNBI (Cyclin B1) has been linked to several diseases, includ-
ing Retinoblastoma and Laryngeal Squamous Cell Carcinoma
[18, 19]. Numerous studies have investigated the impact of
CCNBI on liver cancer, and the present research confirms its
potential role in this malignancy. In the liver, CCNBI is impli-
cated in the regulation of DNA replication and plays a pivotal
role in the cell cycle of HCC cells. Consequently, it holds potential
as a diagnostic marker for early-stage HCC and a target for tai-
lored therapeutic interventions [20]. Furthermore, Chai N et al.
described the implications of elevated CCNBI expression levels
and their effects on the P53 signaling pathway in different cancer
types, including pancreatic cancer [21]. Hyaluronan-mediated
motility receptor (HMMR) primarily functions in various cellu-
lar pathways, including the cell cycle, PLK1 pathway, E2F path-
way, ATR pathway, AURORA B pathway, DNA replication, and
repair [22]. This protein represents an important biomarker in-
fluencing tumor progression and is associated with immune cell
infiltration in HCC [23]. Closing the list, but not least important,
Enhancer of zeste homolog 2 (EZH2), a member of the polycomb
group (PcG) genes, acts as an epigenetic regulator that represses
gene transcription [24]. Studies have indicated that EZH2 plays
a crucial role in carcinogenesis by suppressing genes, including
miRNAs [25]. Interestingly, the potential of RRM2 and CCNBI
as biomarkers and therapeutic targets for HBV-related HCC has
been already addressed in depth. Notably, when p53 was knocked
down or knocked out in liver cancer cell lines, both p53 and the
expression of these two genes decreased [26]. Altogether, RRM2,
CCNBI, HMMR, and EZH2 seemed to be key genes in cancer de-
velopment. The cancerDP database proves to be an invaluable re-
source for healthcare professionals, allowing them to make more
informed treatment decisions and highlighting potential drug
resistance from the disregulation of specific genes. Furthermore,
it allows them to consider alternative therapies to counteract
cancer resistance or to tailor treatment plans to suit individual
patient needs. For example, based on our results, RRM2 upregu-
lation is related to a reduction of OS in HCC. Sorafenib however is
provided by cancerDP as drug that can show resistance by upreg-
ulation of RRM2 (Table 2). This apparent contradiction suggests
that HCC patients with high levels of RRM2 could not be best
suited for treatment with Sorafenib, while patients with low levels
of RRM2 could succeed with the same drug [16, 17].

Finally, in the current work we aimed to investigate the miRNAs
that target the HCC hub genes. Although to our best knowledge
none of the proposed miRNAs in Table 2 have been investigated
in vivo or in vitro in the context of cancer, various studies have

attempted to suppress the expression of the HCC hub genes as
miRNAs would do. Phase II trials with the drug Tazemetostat
have demonstrated favorable results in lymphoma patients car-
rying EZH2 mutations, achieving an impressive 69% objective
response rate, while those with wild-type EZH2 just saw 35% of
response rate [27]. In another study, Fang et al. showed that hsa-
microRNA-411-5p controls proliferation, migration, and invasion
in ovarian cancer by targeting the HMMR [28], while Junsheng
et al. indicated that miRNA-144 effectively restricts cell prolifer-
ation, migration, and invasion in HCC by specifically targeting
CCNBI [29]. Regarding RRM2, miRNA-582-3p has been found
to act on the regulatory subunit M2 of ribonucleotide reductase,
contributing to the inhibition of HCC development by regulating
the Wnt/B-catenin signaling pathway [30]. Intriguingly, one of
the subjects that scientists extensively study in the clinical field
is “polypharmacology” or “multi-target therapy,” where a sin-
gle drug can target multiple factors [31]. In our research, we ob-
served that some miRNAs have the capability to target several
hub genes at the same time, such as ASPM and KIF14, targeted by
hsa-miR-3646, or hsa-miR-548, which could target ASPM, EZH2,
CCNBI, and HMMR simultaneously. Altogether, these examples
illustrate the feasibility of targeting these genes by miRNAs, po-
tentially yielding favorable outcomes. Further research focusing
on our identified miRNAs and their therapeutic applications is
needed since they could be suitable candidates for HCC treatment.

5 | Conclusion

Our research has successfully identified a crucial set of genes
that play a significant role in the development and progression of
liver cancer. These genes, including RRM2, CCNBI, EZH2, and
HMMR, are intricately involved in regulating essential cellular
pathways and signaling cascades that are critical in the patho-
genesis of liver cancer. Targeting these genes or the pathways
they control is promising for developing innovative therapeutic
strategies. However, it is important to note that our findings
from bioinformatic analysis need further validation through ex-
perimental studies. By bridging the gap between bioinformatic
analysis and experimental validation, we can gain deeper in-
sights into the molecular mechanisms underlying liver cancer
and pave the way for the development of targeted therapies asso-
ciated with these hub genes.
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