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Abstract
Background  Hepatocellular carcinoma (HCC) is one of the leading causes of cancer-related deaths globally, with its devel-
opment closely related to complex molecular mechanisms such as gene mutations and abnormal signaling pathways. 
However, the specific roles of many key genes remain unclear. UBA52 and BARD1 are important genes associated with 
protein degradation, DNA repair, and cell cycle regulation, but their mechanisms in liver cancer are not well understood.
Methods  This study integrated HCC datasets (GSE135631, GSE184733, GSE202853) from the gene expression omnibus 
(GEO) database to screen for differentially expressed genes (DEGs), perform functional enrichment analysis, weighted 
gene co-expression network analysis (WGCNA), construct protein–protein interaction (PPI) networks, and conduct sur-
vival analysis. Western Blot (WB) and RT-qPCR experiments were used to verify the expression of UBA52 and BARD1 in 
liver cancer cells and their association with the PI3K/AKT signaling pathway.
Results  Bioinformatics analysis identified UBA52 and BARD1 as core genes, showing high expression in HCC tissues and 
correlation with poor prognosis. Western Blot and RT-qPCR results further confirmed the high expression of UBA52 and 
BARD1 in HCC cell lines (HepG2 and Hep3b). PI3K inhibitors significantly downregulated the expression of UBA52 and 
BARD1, restored the levels of apoptosis-related factors (Fas, BAX, Caspase-3), and inhibited the expression of cell cycle-
related proteins (Cyclin-D1, c-Myc). These findings suggest that UBA52 and BARD1 may regulate HCC cell proliferation, 
apoptosis, and metastasis through the PI3K/AKT signaling pathway. Furthermore, the molecular mechanism of hepato-
cellular carcinoma can be modulated by knocking out BARD1 or UBA52.
Conclusion  UBA52 and BARD1 are highly expressed in HCC, and their abnormal expression may promote the occurrence 
and development of liver cancer by regulating the PI3K/AKT signaling pathway and mechanisms related to apoptosis and 
cell cycle. The high expression of UBA52 and BARD1 is closely associated with poor prognosis, indicating their potential 
value as early diagnostic and targeted therapeutic biomarkers for HCC.
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GO	� Gene Ontology
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GSEA	� Gene Set Enrichment Analysis
STRING	� Search Tool for the Retrieval of Interacting Genes
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1  Introduction

Hepatocellular carcinoma (HCC) is the predominant form of liver cancer (accounting for 75–85%), and it ranks as the 
third leading cause of cancer-related deaths globally, following lung cancer and colorectal cancer. In 2022, the number 
of deaths from liver cancer worldwide had exceeded 750,000 cases, with the incidence and mortality rates in males 
being 2 to 3 times higher than those in females [1]. The occurrence of liver cancer is usually closely related to high-risk 
factors such as chronic hepatitis virus (HBV or HCV) infection, liver cirrhosis, alcohol abuse, and metabolic syndrome 
[2, 3]. However, the pathogenesis of many cases remains not fully understood, which makes it particularly important to 
explore the molecular basis of liver cancer, early diagnostic biomarkers, and therapeutic targets.

The molecular mechanisms of liver cancer involve multiple aspects, including gene mutations, chromosomal abnor-
malities, epigenetic modifications, and dysregulation of signaling pathways [4–6]. Genomic sequencing studies have 
identified that key gene mutations, such as those in CTNNB1, TP53, and AXIN1, as well as abnormalities in signaling 
pathways like Wnt/β-catenin, PI3 K/AKT/mTOR, and TGF-β, play important roles in liver cancer [7–9]. These studies have 
provided a theoretical basis for the mechanisms underlying the development of liver cancer. However, many unknown 
genes and pathways still require further investigation. Abnormal regulation of gene expression may promote the occur-
rence and development of cancer by affecting mechanisms such as cell proliferation, apoptosis, and immune evasion.

In recent years, bioinformatics technologies have been widely used in the study of disease molecular mechanisms by 
integrating genomics, transcriptomics, and proteomics data [10]. By using methods such as differentially expressed genes 
(DEGs) analysis, enrichment analysis, and signaling pathway analysis, researchers can efficiently identify key genes related 
to diseases and explore their potential molecular mechanisms. Particularly in the field of tumor genomics, bioinformatics 
technologies have promoted the precise development of cancer diagnosis and treatment research.

UBA52 and BARD1 are two important genes associated with cell cycle regulation, DNA repair, and protein degrada-
tion, and they are abnormally expressed in a variety of malignant tumors. UBA52 encodes a ubiquitin-ribosome fusion 
protein that is involved in protein degradation and cell cycle regulation. BARD1, as a binding protein of BRCA1, maintains 
genomic stability through DNA repair and cell cycle regulation [11, 12]. Previous studies have indicated that these genes 
may be involved in the development of cancer by regulating key signaling pathways (such as PI3 K/AKT and Wnt/β-
catenin), but their specific mechanisms in liver cancer remain unclear.

Therefore, this paper combines bioinformatics analysis and experimental validation to systematically study the expres-
sion patterns and biological functions of UBA52 and BARD1 in liver cancer. Through enrichment analysis and pathway 
analysis, we explore whether these two genes affect the occurrence and development of liver cancer through specific 
mechanisms and verify their potential value in the diagnosis and targeted treatment of liver cancer.



Vol.:(0123456789)

Discover Oncology          (2025) 16:840  | https://doi.org/10.1007/s12672-025-02600-5 
	 Research

2 � Methods

2.1 � HCC datasets

In this study, the HCC datasets GSE135631, GSE184733, and GSE202853, which were generated from GPL16791, 
GPL24676, GPL11154, and GPL21290, were downloaded from the gene expression omnibus (GEO) database (http://​
www.​ncbi.​nlm.​nih.​gov/​geo/). The GSE135631 dataset includes 15 HCC and 15 normal tissue samples, the GSE184733 
dataset includes 17 HCC and 17 normal tissue samples, and the GSE202853 dataset includes 10 HCC and 10 normal 
tissue samples. These datasets were used to identify differentially expressed genes (DEGs) in HCC.

2.2 � Batch effect removal

For the merging and batch effect removal of multiple datasets, we first used the R package to merge the data-
sets GSE135631, GSE184733, and GSE202853. Specifically, the R package inSilicoMerging [DOD:https://​doi.​org/​10.​
1186/​1471-​2105-​13-​335] was employed to merge these datasets, resulting in a combined matrix. Subsequently, the 
removeBatchEffect function from the R package limma (version 3.42.2) was utilized to eliminate batch effects. The 
final matrix, free of batch effects, was then applied to subsequent analyses.

2.3 � Identification of DEGs

The R package “limma” was used for summarizing probes and background correction of the combined matrix of 
GSE135631, GSE184733, and GSE202853. The Benjamini–Hochberg method was employed to adjust the raw p-values. 
Fold change (FC) was calculated using the false discovery rate (FDR). The cutoff criteria for DEGs were set at p < 0.05 
and FC > 1.5. Volcano plots were generated to visualize and obtain the DEGs.

2.4 � Weighted gene co‑expression network analysis (WGCNA)

Initially, we utilized the gene expression matrices of GSE135631, GSE184733, and GSE202853 to calculate the Median 
Absolute Deviation (MAD) for each gene. The genes with the lowest 50% of MAD values were removed. The good-
SamplesGenes function from the R package WGCNA was then employed to eliminate outlier genes and samples. 
Subsequently, a scale-free co-expression network was constructed using WGCNA. Specifically, a Pearson correlation 
matrix and average linkage hierarchical clustering were performed for all gene pairs. A weighted adjacency matrix 
was then constructed using the power function Amn = ∣Cmn∣β (where Cmn represents the Pearson correlation 
between Gene_m and Gene_n, and Amn represents the adjacency between Gene_m and Gene_n). The parameter 
β is a soft threshold that emphasizes strong correlations between genes while reducing the impact of weak and 
negative correlations. The adjacency matrix was transformed into a Topological Overlap Matrix (TOM), which meas-
ures the network connectivity of a gene, defined as the sum of its adjacencies to all other genes. The corresponding 
dissimilarity (1-TOM) was also calculated. To classify genes with similar expression profiles into gene modules, aver-
age linkage hierarchical clustering was performed based on the TOM-based dissimilarity measure, with a minimum 
module size of 30 genes. The sensitivity was set to 3. To further analyze the modules, we calculated the dissimilarity 
of module eigengenes, selected a cutting line for the module dendrogram, and merged some modules. Additionally, 
modules with a distance less than 0.25 were merged. Notably, the grey module represents the collection of genes 
that could not be assigned to any module.

Based on the module eigenvalues, the correlation between the module eigenvalues and the phenotype of interest 
was analyzed, and the module with high correlation with the phenotype (large absolute value) was selected as the key 
module. Modules with an absolute value of correlation greater than 0.2 or 0.3 May be potentially associated with the 
phenotype. Module size is also an important consideration. Modules that are too small may be unstable or lack biologi-
cal significance, and a lower limit on the number of genes within the module is generally set. Gene significance is the 
correlation between gene expression and phenotype. In WGCNA, GS values were obtained by calculating the Pearson 
correlation coefficient between each gene and phenotype, which ranged from − 1 to 1. Genes with an absolute value 

http://www.ncbi.nlm.nih.gov/geo/
http://www.ncbi.nlm.nih.gov/geo/
https://doi.org/10.1186/1471-2105-13-335
https://doi.org/10.1186/1471-2105-13-335
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of GS greater than a certain threshold were selected as genes significantly associated with the phenotype. Common 
thresholds are set at 0.2, 0.3, or higher, and a P value of less than 0.05 is used to further determine the threshold.

2.5 � Functional enrichment analysis

Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses are computational methods for 
evaluating gene functions and biological pathways. In this study, the list of differentially expressed genes (DEGs) filtered 
by Venn diagram was input into the KEGG REST API (https://​www.​kegg.​jp/​kegg/​rest/​kegga​pi.​html) to obtain the latest 
KEGG Pathway gene annotations, which served as the background. The genes were mapped to this background set, and 
the R package clusterProfiler (version 3.14.3) was used to perform enrichment analysis to obtain the results of gene set 
enrichment. Additionally, the GO annotations of genes from the R package org.Hs.eg.db (version 3.1.0) were used as 
the background, and the genes were mapped to this background set. The minimum gene set size was set to 5, and the 
maximum gene set size was set to 5000. A p-value of < 0.05 and a FDR of < 0.25 were considered statistically significant 
measures.

Furthermore, the Metascape database provides comprehensive gene list annotation and analysis resources with 
visualization and export capabilities. We used the Metascape database (http://​metas​cape.​org/​gp/​index.​html) to perform 
functional enrichment analysis on the aforementioned list of DEGs and export the results.

2.6 � Gene set enrichment analysis (GSEA)

For gene set enrichment analysis (GSEA), we obtained the GSEA software (version 3.0) from the GSEA website. The sam-
ples were divided into two groups based on disease and normal tissue. We downloaded the c2.cp.kegg.v7.4.symbols.
gmt subset from the Molecular Signatures Database to evaluate relevant pathways and molecular mechanisms. Based 
on gene expression profiles and phenotypic grouping, the minimum gene set size was set to 5, and the maximum gene 
set size was set to 5000. One thousand permutations were performed. False discovery rate (FDR) is a common method 
to deal with multiple comparisons in gene set enrichment analysis (GSEA), which adjusts the P value by controlling the 
false discovery rate. It calculates the expected proportion of false positives among all results considered significant. The 
FDR threshold was set at 0.05, which allowed up to 5% of all gene sets judged to be significant to be false positives. A 
p-value < 0.05 was considered statistically significant. Additionally, GO and KEGG analyses were performed on the whole 
genome as specified by GSEA.

2.7 � Immune infiltration analysis

CIBERSORT (http://​CIBER​SORT.​stanf​ord.​edu/) is a widely used method for calculating immune cell infiltration. The LM22 
gene signature was used to define 22 immune cell subsets. We applied an integrated bioinformatics approach using the 
CIBERSORT software package to analyze the merged gene expression matrix of the HCC dataset. The expression matrix of 
immune cell subsets was deconvoluted using the principle of linear support vector regression to estimate the abundance 
of immune cells. A confidence level of p < 0.05 was used as the cutoff criterion to select samples with sufficient confidence.

2.8 � Construction and analysis of protein–protein interaction (PPI) network

The Search Tool for the Retrieval of Interacting Genes (STRING) database (http://​string-​db.​org/) aims to collect, score, 
and integrate all publicly available sources of protein–protein interaction information and supplement these sources 
with computational predictions. In this study, the list of DEGs was input into the STRING database to construct a PPI 
network for predicting core genes (confidence > 0.4). Cytoscape software provides biologists with tools for biological 
network analysis and two-dimensional visualization. In this study, Cytoscape software was used to visualize and predict 
core genes from the PPI network formed by the STRING database. The PPI network was first imported into Cytoscape. 
The MCODE algorithm was used to identify the most relevant module. Additionally, the top ten genes with the highest 
relevance were calculated using five algorithms (MCC, Degree, Closeness, BottleNeck, Radiality), and the intersection 
was taken. The list of core genes was visualized and exported.

https://www.kegg.jp/kegg/rest/keggapi.html
http://metascape.org/gp/index.html
http://CIBERSORT.stanford.edu/
http://string-db.org/
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2.9 � Survival analysis

Clinical survival data for HCC were obtained from TCGA. The R package maxstat (version: 0.7–25) was used to calcu-
late the best cutoff value of the RiskScore for core genes. The minimum group sample size was set to be greater than 
25%, and the maximum group sample size was set to be less than 75%. The best cutoff value was calculated. Based 
on this, patients were divided into high and low groups. The R package survival’s survfit function was used to analyze 
the prognostic differences between the two groups, and the log-rank test was employed to assess the significance 
of prognostic differences between different groups.

2.10 � Gene expression heatmap

The R package heatmap was used to generate heatmaps of the expression levels of core genes identified in the PPI 
network in the merged matrix of GSE135631, GSE184733, and GSE202853. The expression differences of core genes 
between HCC and normal tissue samples were visualized.

2.11 � CTD analysis

The Comparative Toxicogenomics Database (CTD) integrates a large amount of interaction data between chemicals, 
genes, functional phenotypes, and diseases, providing great convenience for research on disease-related environ-
mental exposure factors and potential mechanisms of drug action. The core genes were input into the CTD website 
to identify the most relevant diseases. Excel was used to create radar charts showing the expression differences of 
each gene.

2.12 � miRNA analysis

TargetScan (http://​www.​targe​tscan.​org) is an online database for predicting miRNA and target gene interactions. In our 
study, TargetScan was used to identify miRNAs that regulate the central DEGs.

2.13 � Western blot experiment

2.13.1 � Cell culture and grouping

Human normal liver cells (L-O2) were used as the control group, while the Hep G2 and Hep3b human HCC cell lines were 
used as the experimental groups. Cell line source: Search and purchase through the official website of China National Cell 
Bank. The cells were cultured in high-glucose DMEM medium supplemented with fetal bovine serum and maintained in 
a 37 °C incubator with 5% CO₂, with regular medium changes. The cells were divided into the following groups: control 
group (CON group, L-O2 cells), Hep G2 group (Hep G2 cells), Hep3b group (Hep3b cells), Hep G2-PI3 K inhibitor group 
(PI3 K inhibitor added to Hep G2 cells), and Hep3b-PI3 K inhibitor group (PI3 K inhibitor added to Hep3b cells). Types 
and concentrations of PI3 K inhibitors: pan-PI3 K inhibitors, which inhibit multiple isoforms of PI3 K simultaneously, with 
concentrations ranging from 1–100 μmol/L.

2.13.1.1  Protein extraction and quantification  Cells were washed 2–3 times with PBS, and an appropriate amount of RIPA 
lysis buffer containing protease inhibitors was added. The cells were lysed for 3–5 min in the culture plate, then scraped 
and transferred to a 1.5 mL centrifuge tube. After lysis on ice for 30 min, the samples were centrifuged at 12,000 rpm 
for 10 min at 4 °C, and the supernatant was collected as the total protein solution. Protein concentration was quantified 
using a BCA kit (Thermo, ND2000, USA), with a standard curve used to calculate the concentration.

2.13.1.2  SDS‑PAGE electrophoresis and transfer  Protein samples were mixed with 5 × protein loading buffer at a 1:4 ratio 
and heated at 99 °C for 10 min before loading. Electrophoresis was performed at 160 V for 40 min. Proteins were trans-

http://www.targetscan.org
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ferred to a pre-treated PVDF membrane under conditions of 400 mA for 25 min. The transfer buffer was prepared as a 
mixture of anhydrous ethanol and pure water (20:80).

2.13.1.3  Blocking and primary antibody incubation  After transfer, the PVDF membrane was blocked in 5% bovine serum 
albumin at room temperature for 1 h. The following primary antibodies (all diluted at 1:1000) were added: UBA52 (Pro-
teintech, 18039-1-AP), BARD1 (Proteintech, 22964-1-AP), Caspase-3 (Proteintech, 66470-2-Ig), CyclinD1 (Proteintech, 
60186-1-Ig), PI3 K (Proteintech, ID= 67071-1-Ig), AKT (Proteintech, 60203-2-Ig). GAPDH was used as the internal refer-
ence. The membrane was incubated overnight at 4 °C.

2.13.1.4  Secondary antibody incubation and  chemiluminescent detection  After removing the primary antibodies, the 
PVDF membrane was washed three times with TBST (each wash lasting 5–10 min), followed by the addition of second-
ary antibodies (Goat Anti-Rabbit IgG/HRP or Goat Anti-Mouse IgG/HRP, Solarbio, diluted 1:5000) and incubated at room 
temperature for 1 h. After washing three times, enhanced chemiluminescent solution (ECL) was added and incubated for 
1 min before detection on a chemiluminescent imager. The data were analyzed using AIWBwellTM software.

2.13.2 � Cell grouping

Con group; HepG2 group; Hep3b group; HepG2-UBA52_KO group: UBA52 siRNA-transfected HepG2; Hep3b-UBA52_KO 
group: UBA52 siRNA-transfected Hep3b; HepG2-BARD1_KO group: BARD1 siRNA-transfected HepG2; Hep3b-BARD1_KO 
group: BARD1 siRNA-transfected Hep3b.

UBA52 siRNA sequence: SS sequence CGA​CUA​CAA​CAU​CCA​GAA​GA, AS sequence UUU​CUG​GAU​GUU​GUA​GUC​GGA.
BARD1 siRNA sequence: SS sequence GGA​GAA​GAA​GGU​CUG​UGU​AAA, AS sequence UAC​ACA​GAC​CUU​CUU​CUC​CGG.
Transfection of UBA52 or BARD1 siRNA into HepG2 and Hep3B cells. Both cell lines were seeded in 6-well plates at 

specific densities (HepG2: 2 × 105 cells/mL; Hep3B: 1.5 × 105 cells/mL) and cultured for 24 h in their respective media 
(DMEM with 10% FBS for HepG2; MEM with 10% FBS + 1% NEAA for Hep3B) until reaching 50–60% confluency. The 
prepared siRNA-transfection reagent complexes were mixed with 125 μL Opti-MEM, incubated for 15 min, then added 
to cell wells. Complete medium replacement was performed at 6 h (HepG2) or 4 h (Hep3B) post-transfection to reduce 
cytotoxicity. Cells were harvested 48 h post-transfection for RNA extraction using TRIzol, followed by qPCR validation of 
knockdown efficiency. Protein was extracted 72 h post-transfection using RIPA lysis buffer (containing protease inhibi-
tors), and protein expression levels were analyzed by Western blot with GAPDH as the loading control.

2.14 � PCR experiment

We performed RT-qPCR validation and divided the cells into the following five groups: CON group (normal liver cells 
L-O2), HepG2 group (HepG2 human HCC cells), Hep3b group (Hep3b human HCC cells), HepG2-PI3 K inhibitor group (PI3 
K inhibitor added to HepG2 cells), and Hep3b-PI3 K inhibitor group (PI3 K inhibitor added to Hep3b cells).

First, a cell suspension of 1 × 10⁶ cells was transferred to a 1.5 mL centrifuge tube and centrifuged at 500 × g for 3 min 
using an Eppendorf centrifuge (model 5810R, Germany) to collect the cell pellet. Subsequently, 500 μL of lysis buffer was 
added, and the cells were thoroughly lysed by pipetting up and down 10 times and vortexing for 10 s. Then, an equal 
volume of anhydrous ethanol was added and mixed thoroughly by inverting the tube or pipetting to disperse any pre-
cipitates. The mixture was transferred to an RNA extraction column and centrifuged for 1 min to collect the supernatant.

Total RNA was treated with DNase to remove genomic DNA. Specifically, 100 ng to 2 μg of total RNA was mixed with 2 
μL of DNase (ES Science, RT001, Shanghai) and RNase-free water to a final volume of 16 μL. The mixture was gently pipet-
ted 5–10 times to mix thoroughly and incubated at 25 °C for 5 min, followed by cooling on ice. The RNA concentration 
and purity were determined using a NanoDrop 2000 micro-spectrophotometer (Thermo, USA). Subsequently, 4 μL of 
5 × RT Mix (ES Science, RT001, Shanghai) was added to each 16 μL RNA sample. The mixture was thoroughly mixed and 
incubated at 42 °C for 15 min to reverse transcribe the RNA into cDNA. The resulting cDNA samples were diluted 5–10 
times and used as templates for qPCR.

The qPCR reaction system was 20 μL, including 10 μL of 2 × SYBR Green qPCR Mix (ES Science, QP002, Shanghai), 
0.4 μL of ROX dye, 1–4 μL of diluted cDNA template, 0.4 μL of forward primer (10 μM), and 0.4 μL of reverse primer 
(10 μM), with ddH₂O added to make up to 20 μL. The qPCR reaction program was set as follows: initial denaturation 
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at 95 ℃ for 5 min, followed by 40 cycles, each consisting of denaturation at 95 ℃ for 10 s and annealing/extension 
at 60 ℃ for 30 s. Finally, the melting curve analysis was completed according to the instrument’s default settings.

The primer sequences for the target genes are as follows:
BARD1: Forward primer (5’-AAG​GAG​CCC​GTG​TGC​TTA​G’), Reverse primer (5’-TTG​CCC​TAG​ATG​TGT​TGT​CTTTT-3’).
UBA52: Forward primer (5’-CAT​CAC​TCT​TGA​GGT​CGA​GCC-3’), Reverse primer (5’-CTT​GGG​CTG​AAT​TGA​AGG​TTTTG-3’).
GAPDH: Forward primer (5’-GTT​TGC​CCG​CGA​ATA​TCA​GC-3’), Reverse primer (5’-GGC​TGT​TGT​CAT​ACT​TCT​CATGG-3’).
All experimental data were collected using the StepOneTM Real-Time PCR System and analyzed using the 2^(-

ΔΔCT) method. Each experimental group was repeated at least three times, and the data are presented as mean 
± standard deviation. Statistical significance was determined by ANOVA (p < 0.05).

3 � Results

3.1 � Differential expression gene analysis

In this study, according to the set cutoff values, we identified differentially expressed genes (DEGs) in the merged 
matrix of the HCC datasets GSE135631, GSE184733, and GSE202853, resulting in a total of 1277 DEGs (Fig. 1).

3.2 � Functional enrichment analysis

3.2.1 � Functional enrichment analysis of DEGs

We performed GO and KEGG analyses on these differentially expressed genes. According to the GO analysis results, in 
BP analysis, they were mainly enriched in mRNA metabolic processes and cell cycle (Fig. 2A). In CC analysis, they were 
mainly enriched in cytoplasmic parts and cell matrix junctions (Fig. 2B). In MF analysis, they were mainly focused on 
protein transporter activity and structural molecule activity (Fig. 2C). In KEGG analysis, they were mainly enriched in 
the PI3 K-Akt signaling pathway, cell cycle, apoptosis, AMPK signaling pathway, and HCC (Fig. 2D).

Fig. 1   Differential gene analy-
sis. A total of 1277 DEGs
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3.2.2 � GSEA

Additionally, we performed GSEA on the whole genome to identify potential enrichments among non-differentially 
expressed genes and to validate the results of differentially expressed genes. The intersection of enrichment terms 
with the GO KEGG enrichment terms of differentially expressed genes is shown in the figure. The merged matrix 
enrichment results of the HCC datasets GSE135631, GSE184733, and GSE202853 show that differentially expressed 
genes are mainly enriched in mRNA metabolic processes, cell cycle, cell matrix junctions, protein transporter activity, 
cell cycle, and apoptosis (Fig. 2E–H).

3.2.3 � Metascape enrichment analysis

In the Metascape enrichment projects, GO enrichment projects revealed genes and protein expressions related to cell 
cycle, adaptive immune system, JAK-STAT signaling after interleukin-12 stimulation, and TNF-α/NF-kappa B signaling 
complex (Fig. 3A). We also outputted the enrichment network colored by enrichment terms and p-values (Fig. 3B, C, 
Fig. 4), visually representing the associations and confidence levels of each enrichment term.

3.3 � WGCNA

The selection of soft threshold power is an important step in WGCNA. Network topology analysis was conducted to 
determine the soft threshold power. The soft threshold power in WGCNA was set to 6 (Fig. 5A). A hierarchical clus-
tering tree of all genes was constructed, and interactions among significant modules were generated and analyzed 
(Fig. 5B), resulting in a total of 10 modules (Fig. 5C). We also generated a heatmap of module-trait correlations (Fig. 5D) 
and a scatter plot of GS and MM correlations for related hub genes (Fig. 5E). We also constructed a Venn diagram of 
the differentially expressed genes screened by WGCNA and DEGs and took the intersection (Fig. 5F).

3.4 � Construction and analysis of protein–protein interaction (PPI) network

The PPI network of DEGs was constructed by the STRING online database and analyzed by Cytoscape software 
(Fig. 6A). Then, five algorithms (MCC, Degree, Closeness, BottleNeck, Radiality) were used to identify hub genes 
(Fig. 6B–F), and a Venn diagram was made to obtain the union as core genes (Fig. 6G). Finally, we identified two core 
genes (UBA52, BARD1).

3.5 � Survival analysis

We obtained prognostic score correlation diagrams from the survival data of HCC downloaded from TCGA. It can be 
observed that as the risk score increases, the survival rate of patients decreases significantly. The survival time and 
survival rate of the low-risk group are significantly higher than those of the high-risk group (Fig. 7A). By visualizing 
the expression heatmap of core genes in the survival data of HCC, it can be seen that the core genes (BARD1, UBA52) 
are risk factors, and their expression increases with the risk score (Fig. 7B). The KM survival curve of the risk score was 
drawn, and it can be seen that the risk score has a significant impact on survival rate (Fig. 7C). We also obtained the 
survival curves of core genes in HCC patients (Fig. 7D). The results show that the expression of core genes (UBA52, 
BARD1) is significantly related to survival rate and may play a certain role in the prognosis of HCC patients.

3.6 � Core gene expression heatmap

We visualized and made heatmaps of the expression levels of core genes in the merged matrix of HCC datasets 
GSE135631, GSE184733, and GSE202853 (Fig. 8A). We found that the core genes (UBA52, BARD1) are highly expressed 
in HCC samples and lowly expressed in normal samples. Based on these results, we speculate that the core genes 
(UBA52, BARD1) may have a regulatory role in HCC.
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Fig. 3   Metascape enrichment analysis. A Bar graph of enriched terms across input gene lists, colored by p-values. B Network of enriched 
terms: colored by cluster ID, where nodes that share the same cluster ID are typically close to each other. C Colored by p-value, where terms 
containing more genes tend to have a more significant p-value
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3.7 � CTD analysis

In this study, we input the hub gene list into the CTD website to find diseases related to core genes, enhancing the 
understanding of gene-disease associations. It was found that the core genes (UBA52, BARD1) are associated with liver 
tumors, liver diseases, cirrhosis, inflammation, and necrosis (Fig. 8B).

Fig. 4   Protein–protein interac-
tion network. And MCODE 
components identified in the 
gene lists
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3.8 � miRNA prediction and functional annotation related to hub genes

In this study, we input the hub gene list into TargetScan to find related miRNAs, enhancing the understanding of gene 
expression regulation. A summary of miRNAs that regulate hub genes (Table 1). We found that the related miRNA for the 
UBA52 gene is hsa-miR-325-3p, and the related miRNA for the BARD1 gene is hsa-miR-383-5p.1.

Fig. 5   WGCNA. A β = 6,0.78. 
β = 6,129.54. B, C The hier-
archical clustering tree of all 
genes was constructed, and 
10 important modules were 
generated. D The heat map of 
correlation between modules 
and phenotypes. E The scatter 
map of correlation between 
GS and MM of related hub 
genes. F The DEGs screened 
by WGCNA and DEGs was 
used to obtain Venn map. 
434 intersection genes were 
obtained
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3.9 � Immune infiltration analysis

We used the CIBERSORT software package to analyze the merged matrix of HCC datasets GSE135631, GSE184733, and 
GSE202853. At a 95% confidence level, we obtained the proportion of immune cells in the whole gene expression matrix. 
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Fig. 8   A Heat map of the core gene in the combined matrix of the data sets GSE135631, GSE184733, GSE202853. B CTD analysis. Three core 
genes (UBA52, BARD1) are associated with liver tumors, liver diseases, cirrhosis, inflammation, and necrosis
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The results suggest that mast cell activation is relatively high in the samples (Fig. 9A). We also obtained a heatmap of 
immune cell expression in the dataset (Fig. 9B). Subsequently, we analyzed the correlations of infiltrating immune cells 
and obtained a co-expression pattern diagram of immune cell components. The results suggest that when activated 
mast cells are highly expressed, neutrophils are also highly expressed. The positive correlation between activated mast 
cells and neutrophils may have an impact on the disease process of HCC (Fig. 9C).

3.10 � WB experimental analysis of high expression of UBA52 and BARD1 in HCC and signal pathway 
association

3.10.1 � High expression of UBA52 and BARD1 in HCC and association with poor prognosis

WB experimental results show that the expression of UBA52 and BARD1 is low in the normal liver cell group (CON group), 
but significantly increased in the HCC cell groups (HepG2 group and Hep3b group), with statistical differences compared 
to the CON group (p < 0.05). After the addition of the PI3 K inhibitor, the expression levels of UBA52 and BARD1 in the 
HepG2-PI3 K inhibitor group and the Hep3b-PI3 K inhibitor group were significantly downregulated. Moreover, the key 
molecules of the PI3 K/AKT signaling pathway (PI3 K, PIP3, AKT, p-AKT) were upregulated in the HepG2 group and the 
Hep3b group, but showed a significant downward trend under the action of the PI3 K inhibitor. These results indicate that 
UBA52 and BARD1 are highly expressed in HCC, and their expression levels are closely related to poor prognosis (Fig. 10).

3.10.2 � Downregulation of apoptosis‑related protein expression in HCC Cells

Compared with the CON group, the expression of apoptosis-related factors (such as Fas, BAX, P53, Caspase-3, Caspase-9) 
in the HCC cell groups (HepG2 group and Hep3b group) was significantly downregulated (p < 0.05). After the addition 
of the PI3 K inhibitor, the expression levels of these apoptosis-related factors in the HepG2-PI3 K inhibitor group and 
the Hep3b-PI3 K inhibitor group were significantly restored (p < 0.05). The above results indicate that in HCC cells, the 
expression of apoptosis proteins is inhibited, and the PI3 K inhibitor can partially reverse this inhibitory effect (Fig. 11).

3.10.3 � Upregulation of cell cycle‑related protein expression in HCC Cells

Experimental results show that the expression of metastasis-related factors (Cyclin-D1, c-Myc, CDK) in the HCC cell 
groups (HepG2 group and Hep3b group) was significantly upregulated, while the expression of metastasis-inhibiting 
factors (P27, RBL2) was downregulated (p < 0.05). Under the action of the PI3 K inhibitor, the expression of the above 
metastasis-related factors in the HepG2-PI3 K inhibitor group and the Hep3b-PI3 K inhibitor group was significantly 
reduced, and the expression of metastasis-inhibiting factors was significantly increased. These results suggest that 
the abnormal expression of cell cycle-related proteins in HCC cells may promote tumor cell proliferation and metas-
tasis (Fig. 12).

3.10.4 � Western blotting results and bar graph analysis

WB analysis demonstrated that key molecules of the UBA52, BARD1, and PI3 K/AKT signaling pathways (AKT, p-AKT, PI3 
K) exhibited low expression levels in normal hepatocytes (L-O2) but were significantly upregulated in hepatocellular 
carcinoma cells (UBA52, BARD1). In both the UBA52 knockout group and BARD1 knockout group, the expression of these 

Table 1   A summary of miRNAs that regulate hub genes

Databases Gene miRNA
TargetScan

UBA52 hsa-miR-325-3p
BARD1 hsa-miR-383-5p.1
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Fig. 9   Immunoinfiltration analysis. A Whole gene expression matrix results in proportion of immune cells. B Immune cell expression calori-
gram in a dataset. C Map of co-expression patterns between immune cell components
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proteins was markedly reduced. Apoptosis- and cell cycle-related regulatory proteins (FAS, Caspase-3, P27) displayed 
baseline expression in normal hepatocytes (L-O2) but were significantly downregulated in hepatocellular carcinoma cells 
(UBA52, BARD1). In the UBA52 knockout group and BARD1 knockout group, their protein expression recovered to near-
baseline levels. The oncogene c-MYC showed low expression in normal hepatocytes (L-O2) but was highly expressed in 
hepatocellular carcinoma cells (UBA52, BARD1). In both knockout groups, c-MYC protein expression was significantly 
downregulated (Figs. 13, 14).

Fig. 10   UBA52 and BARD1 
are highly expressed in liver 
cancer and associated with 
poor prognosis. Western blot 
analysis showing significant 
upregulation of UBA52 
and BARD1 in liver cancer 
cells (HepG2 and Hep3b) 
compared to normal liver 
cells (CON group, p < 0.05). 
PI3 K inhibitor treatment 
reduced the expression of 
UBA52, BARD1, and PI3 K/AKT 
pathway-related proteins (PI3 
K, PIP3, AKT, p-AKT), indicat-
ing their involvement in liver 
cancer progression
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In summary, BARD1/UBA52 promotes hepatocellular carcinoma (HCC) progression by activating the PI3 K-AKT path-
way while suppressing apoptosis-related molecules (FAS/Caspase-3/P27). Knockout of BARD1 or UBA52 reverses these 
effects and downregulates the oncogene c-MYC.

3.11 � RT‑qPCR experimental results: expression levels of UBA52 and BARD1 are related to prognosis

RT-qPCR results further verified the high expression of UBA52 and BARD1 in HCC cells. In the normal liver cell group (CON 
group), the expression levels of UBA52 and BARD1 were low, but significantly increased in the HCC cell groups (HepG2 

Fig. 11   Apoptosis-related 
proteins are downregulated 
in liver cancer cells. Western 
blot analysis showing reduced 
expression of apoptosis-
related proteins (Fas, BAX, 
P53, Caspase-3, Caspase-9) in 
liver cancer cells (HepG2 and 
Hep3b) compared to normal 
liver cells (CON group, p < 
0.05). PI3 K inhibitor treatment 
restored the expression of 
these proteins, highlighting 
the suppression of apoptosis 
in liver cancer
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group and Hep3b group), with statistical significance compared to the CON group (p < 0.05). After the addition of the PI3 
K inhibitor, the expression levels of UBA52 and BARD1 in the HepG2-PI3 K inhibitor group and the Hep3b-PI3 K inhibitor 
group were significantly downregulated (p < 0.05). These results indicate that the high expression of UBA52 and BARD1 
may be closely related to the occurrence, development, and poor prognosis of HCC (Fig. 15).

Fig. 12   Cell cycle-related 
proteins are upregulated 
in liver cancer cells. West-
ern blot analysis showing 
increased expression of 
Cyclin-D1, c-Myc, and CDK, 
and decreased expression of 
P27 and RBL2 in liver cancer 
cells (HepG2 and Hep3b) 
compared to normal liver cells 
(CON group, p < 0.05). PI3 K 
inhibitor treatment reversed 
these changes, suggesting 
a role for these proteins in 
promoting liver cancer cell 
proliferation
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4 � Discussion

HCC is one of the leading causes of cancer-related deaths globally, accounting for the vast majority of liver cancer cases 
[13]. Despite certain progress in treatment methods including liver resection [14], liver transplantation [15], targeted 
therapy (such as sorafenib) [16], and immune checkpoint inhibitors [17], the overall therapeutic effect remains limited. 
Molecular studies have shown that the occurrence of HCC involves abnormal activation of signaling pathways such as 
Wnt/β-catenin, PI3 K/AKT/mTOR, TGF-β, and VEGF [17–19]. In addition, high-frequency gene mutations (such as CTNNB1, 
TP53, and AXIN1) play important roles in the occurrence and development of liver cancer by affecting processes such as 
cell proliferation, differentiation, and apoptosis [20–22]. However, the pathogenesis of liver cancer is complex, and the 
specific roles of most genes remain to be elucidated.

UBA52 encodes a ubiquitin-ribosome fusion protein and is one of the important genes for maintaining protein homeo-
stasis [23]. As part of the ubiquitin–proteasome system, UBA52 regulates the ubiquitination and degradation of target 
proteins (such as YAP) by interacting with selenoprotein S, thereby affecting inflammatory responses, cell homeostasis, 
and signaling pathway activity [24]. Studies have shown that UBA52 plays an important role in cell proliferation and dif-
ferentiation by regulating protein homeostasis, especially in response to external stimuli and damage [23]. In addition, 
UBA52 is abnormally expressed in various cancers. For example, in breast cancer, UBA52 is involved in vesicle transport 
and apoptosis network regulation, affecting cancer cell proliferation and metabolism [25]. In colorectal cancer, UBA52 
affects the cell cycle and apoptosis by regulating the RPL40-MDM2-p53 pathway [26]. In multiple myeloma and diffuse 
large B-cell lymphoma, UBA52 may be involved in disease progression through the PI3 K/AKT and MAPK/ERK signaling 
pathways [27].

In this study, Western blot and RT-qPCR results showed that UBA52 was significantly overexpressed in HCC cells, and 
its expression could be downregulated by PI3 K inhibitors, which also restored the levels of apoptosis-related factors 
such as Fas, BAX, and Caspase-3. These findings are supported by the literature [28]. UBA52 may promote tumor cell 
proliferation and drug resistance by inhibiting apoptosis.

This study indicates that UBA52 is highly expressed in HCC cells, and PI3 K inhibitors can downregulate the expression 
of UBA52 as well as molecules related to the PI3 K/AKT signaling pathway. Meanwhile, compared with normal liver cells 
(CON group), apoptosis-related factors (such as Fas, BAX, and Caspase-3) are significantly downregulated in HCC cells (Hep 
G2 and Hep3b groups). However, the expression levels of these factors are restored after the addition of PI3 K inhibitors.

BARD1 is a binding protein of BRCA1 that provides E3 ubiquitin ligase activity through its RING domain, participating 
in DNA repair, cell cycle regulation, and maintenance of genomic stability [29, 30]. BARD1 also regulates the cell cycle 
and ensures the accuracy of DNA replication by participating in homologous recombination repair and DNA end resec-
tion, thereby preventing genomic instability [31]. Abnormal expression of BARD1 has been widely reported in various 
cancers. In breast and ovarian cancers, its overexpression may promote tumor cell proliferation and invasion through 

Fig. 13   Western blotting 
results and bar graph analysis. 
It presents Western blot 
detection data on the expres-
sion levels of UBA52, BARD1, 
and key molecules of the PI3 
K/AKT signaling pathway (AKT, 
p-AKT, and PI3 K), along with 
experimental data following 
the knockout of UBA52 and 
BARD1 genes (**** indicates 
statistically significant differ-
ences at P < 0.0001)
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key roles in transcription and DNA repair [32]. In addition, genetic mutations in BARD1 may lead to DNA repair defects 
and play a role in cancers such as neuroblastoma [33]. In pancreatic cancer, BARD1, as a target of HuR, is crucial for DNA 
double-strand break repair and cell cycle regulation. Downregulation of BARD1 leads to G2/M cell cycle arrest, further 
exacerbating DNA damage [34]. This study shows that BARD1 is highly expressed in the HCC cell lines Hep G2 and Hep3b, 
and PI3 K inhibitors can effectively downregulate its expression and restore the levels of apoptosis-related factors. This 
suggests that BARD1 may be involved in the progression of HCC and chemoresistance by regulating apoptosis pathways 
and the cell cycle, providing a new direction for targeted therapy of HCC.

The relatively higher mast cell activation in HCC samples is significant in the context of UBA52 and BARD1 expression. 
The protein encoded by UBA52 is involved in the process of ubiquitination, which is closely related to protein degradation 
and cell cycle regulation. Mast cells can release a variety of cytokines and inflammatory mediators after activation, which 
may affect the tumor microenvironment. Mast cell activation was relatively high in HCC samples, possibly interacting with 
UBA52 expression. On the one hand, the normal expression of UBA52 is essential for maintaining intracellular protein 

Fig. 14   Western blotting 
results and bar graph analysis. 
It presents Western blot data 
on the expression levels of 
FAS, Caspase-3, P27, and 
c-MYC, along with experimen-
tal data following UBA52 and 
BARD1 gene knockout (**** 
indicates statistically signifi-
cant differences at P < 0.0001)
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homeostasis, and its abnormal expression may lead to cell cycle disorder and uncontrolled proliferation of tumor cells. 
Substances released after mast cell activation may promote the proliferation of tumor cells, and this promoting effect 
may promote the development of HCC together with abnormal expression of UBA52. On the other hand, UBA52 may 
indirectly regulate the activation of mast cells by affecting some signaling pathways, forming a complex feedback loop, 
and further affecting the occurrence and development of tumors. BARD1 is a tumor suppressor gene, which interacts 
with BRCA1 to participate in DNA damage repair and other processes. The relatively higher mast cell activation in HCC 
samples may have an impact on BARD1 function. The inflammatory mediators released by mast cells may cause DNA 
damage. If BARD1 is normally expressed, it can initiate DNA damage repair mechanism to maintain genomic stability 
and inhibit tumor development. However, the loss or dysfunction of BARD1 expression cannot effectively repair the 
damaged DNA, which may lead to genomic instability of tumor cells and promote the development of HCC. At the same 
time, mast cell activation may affect the expression and function of BARD1 by regulating immune cell infiltration and 
cytokine secretion in the tumor microenvironment, forming a complex network relationship and jointly affecting the 

Fig. 15   RT-qPCR analy-
sis of BARD1 and UBA52 
expression in liver cell lines. 
Relative mRNA expression 
of BARD1 (left) and UBA52 
(right) in normal liver cells 
(CON), HepG2 human liver 
cancer cells, Hep3b human 
liver cancer cells, and PI3 K 
inhibitor-treated HepG2 and 
Hep3b cells. Data are shown 
as mean ± SD from at least 
three independent experi-
ments. Significant differ-
ences were determined by 
t-test (*p < 0.05). BARD1 and 
UBA52 expression was higher 
in HepG2 and Hep3b cells 
compared to the CON group 
(p < 0.05), and PI3 K inhibition 
reduced their expression in 
treated cells (p < 0.05)
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progression of HCC. There are complex interactions between them, which jointly affect the occurrence and development 
of HCC and the formation of tumor microenvironment.

There is a lack of novel biomarkers for poor prognosis of HCC, and studies have shown that portal vein and hepatic 
artery coefficients predict overall survival and recurrence-free survival in patients with HCC after hepatectomy [35]. 
Hypoxia stress at high altitude plays a role in hepatocellular carcinoma [36]. Tumor-associated lymphatic vessel density 
is a postoperative prognostic biomarker of hepatobiliary cancers [37]. In this study, we used bioinformatics analysis 
and cell experiments to verify the high expression of UBA52 and BARD1 in HCC. We found that both may promote the 
proliferation, survival, and metastasis of HCC cells by regulating the PI3 K/AKT signaling pathway, apoptosis factors, and 
the cell cycle. Although this study provides new clues to the molecular mechanisms of HCC, there are still some limita-
tions. Gene overexpression and knockout experiments have not been performed, and direct functional verification is 
lacking. In addition, the analysis results of this study are based on public datasets and need to be further confirmed in 
combination with animal models and clinical samples to determine the biological significance of UBA52 and BARD1. 
Future studies should further reveal their molecular mechanisms through in vivo and in vitro experiments to provide a 
more comprehensive basis for the diagnosis and treatment of HCC.

5 � Conclusion

In summary, UBA52 and BARD1 are highly expressed in HCC, and their high expression is closely related to poor 
prognosis in patients with liver cancer. UBA52 and BARD1 may be involved in the occurrence and development of 
liver cancer by regulating the proliferation, migration, and drug resistance of HCC cells. Future research can further 
explore the potential of these two genes as therapeutic targets for liver cancer, providing new ideas for the early 
diagnosis and targeted treatment of HCC.
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