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Abstract
Epigenetic alteration leads to the aberrant transcriptional programmes that faciliate cancer onset and progression. 
In-depth understanding of the epigenetic alteration of cancers is critical for crucial in developing meaningful cancer 
treatment that may provide a meaningful improvement in overall survival. Based on the data in The Cancer Genome 
Atlas (TCGA), we performed a comprehensive and systematic genomic study of epigenetic genes. We defined the epi-
genetic score to reveal the functional roles of epigenetic genes. We found that epigenetic score was higher in tumors 
than in normal tissues in most cancers and was associated with poorer prognosis, especially in hepatocellular carcinoma 
(HCC).Our study also found that epigenetic score is significantly related to immune evasion in HCC. To guide efficient 
pharmalogical intervention of unfolded protein response to help patients, we performed virtual screening and found 
some compounds targeting UHRF1 could become a good pharmaceutical therapeutic candidate in unique or adjuvant 
therapeutic approaches toward HCC.
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1  Introduction

Genetic and epigenetic alterations in DNA, such as DNA methylation and histone modifications, play important roles in 
the regulation of tumor gene expression. These alterations are closely associated with the acquisition of malignant pro-
gression and biochemical aberrations [1, 2]. To reverse the progress has became an promising treatment in oncotherapy 
[3]. Up to now, various FDA approval drugs targeting epigenetic alterations such as DNA methyltransferase inhibitors 
and histone deacetylase inhibitors has generated forefront clinical practice [4].

As the understanding of epigenetic alteration has increased, its oncogenic effects has been disclosed. Emerging 
evidences indicate that cancer drug resistance, which contributed to tumour aggressiveness, are closely related to the 
aberrant chromatin landscape and the epigenetic alteration orchestrate the specific inhibited phenotype [5–7]. In com-
bination with epigenetic regimens could be more effective than any single traditional antineoplaston [8]. In addition, 
cancer cells are ordinarily hijack varieties of epigenetic factors to escape immunological surveillance by facilitating the 
production of immunomodulatory cytokines or regulating the activation of immune checkpoint [9].

Moreover, the reversion of epigenetic alteration is able to restrain the uncontrolled cancer cell growth and the acquisi-
tion of tumor malignant phenotype [10]. Therefore, pharmaceutical modulation of epigenetic regulators could result in 
novel and efficient anticancer therapies.

Liver cancer is one of the leading causes of cancer-related deaths worldwide, with hepatocellular carcinoma (HCC) 
accounting for approximately 75–85% of all primary liver cancer cases. HCC is a highly aggressive malignancy often associ-
ated with chronic liver diseases, such as hepatitis B virus (HBV) and hepatitis C virus (HCV) infections, as well as non-viral 
factors like alcohol consumption and non-alcoholic fatty liver disease (NAFLD) [11]. Despite advances in diagnostic and 
therapeutic strategies, the prognosis of HCC remains poor due to its late diagnosis, high recurrence rate, and resistance 
to conventional therapies. Understanding the molecular mechanisms underlying HCC progression, including genetic 
and epigenetic alterations, is crucial for developing novel therapeutic approaches [12].

Herein, we first performed cox analysis of epigenetic regulated related genes (ERRG) and found that ERRG may play an 
important role in Liver hepatocellular carcinoma (LIHC). To further understand the role of ERRG across different cancers. 
Epigenetic score, we use the 23 genes of ERRGs with highest cox rank to define an epigenetic score and performed a 
comprehensive analysis in LIHC. These results highlight the critical roles of epigenetic regulated related genes in LIHC 
and should be helpful for further researches of epigenetic-related molecular mechanisms and pharmacological therapy 
development.

2 � Methods

2.1 � Data acquisition

All data of this article comes from public databases that is freely available.
148 epigenetic regulation related genes were obtained from reactome pathways (R-HSA-212165) which downloaded 

from website of Gene Set Enrichment Analysis (GSEA) (http://​www.​gseam​sigdb.​org/​gsea/​index.​jsp). And 142 epigenetic 
regulation relative gene list (Table S1) were selected in our study (6 of the 148 genes are not in our pancancer expres-
sion matrix).

The pancancer mRNA expression data and clinical data with follow-up were downloaded from National Cancer Insti-
tute Cancer Research Genomic Data Commons (GDC) (https://​gdc.​cancer.​gov/​about-​data/​publi​catio​ns/​panca​natlas). 

http://www.gseamsigdb.org/gsea/index.jsp
https://gdc.cancer.gov/about-data/publications/pancanatlas
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CIBERSORT immune fractions and Scores for 160 Genes Signatures in Tumor Samples were downloaded from GDC 
(https://​gdc.​cancer.​gov/​about-​data/​publi​catio​ns). The Cancer Genome Atlas (TCGA) LIHC Phenotypes data was obtained 
from xena website (https:// xenabrowser.net/datapages/). The pan-cancer ssGSEA scores for 1387 constituent PARADIGM 
algorithm integrates pathway was obtained from xena website. The Gene Expression Omnibus (GEO) database (http://​
www.​ncbi.​nlm.​nih.​gov/​geo/) was explored, and GSE14520 gene expression dataset was downloaded for this study. 
Mutation data of LIHC was downloaded from cBioPortal database (http://​www.​cbiop​ortal.​org/​datas​ets). Gene expres-
sion profile of exosome was downloaded from BBcancer database (http://​bbcan​cer.​renlab.​org/​downl​oad).

2.2 � Differential expression analysis of mRNA

Differentially Expression analysis was calculated by the ‘limma’ R package to identify the differentially expressed mRNA 
with p-value less than 0.05. epigenetic score difference between cancer and normal tissue was also calculated by the 
‘limma’ R package.

2.3 � Somatic copy‑number alteration (SCNA) and single nucleotide variation (SNV) analysis

Copy-number alteration of each gene were calculated via the heterozygosity and homozygosity of amplification and 
deletion, in which over five percent was regarded as high-frequency SCNA. The mutation and CNA events were integrated, 
while only homozygous amplification and deletion were included, and only protein-coding mutations were retained. 
For each cancer type, the genes were considered to be mutually exclusive if they had a q value of 0.05. SNV datawere 
collected across 16 cancer types from the TCGA database. SNV mutation frequency (percentage) of each gene’s coding 
region was calculated using the formula: Number of Mutated Samples/Number of Cancer Samples. An SNV oncoplot 
plot was generated using the R package “maftools”.

2.4 � Pathway enrichment

GSVA pathway analyses were primarily performed on the hallmark pathways described in online website ‘gsea-msigdb’ 
(http://​www.​gsea-msigdb.org/gsea/index.jsp) and exported using the GSEABase package. To reduce pathway overlaps, 
we applied gene set trimmed method and GSVA analyses method described in the article. R package ‘GSVA’ was applied. 
GO enrichment was using ‘GOplot’ R and ‘clusterProfiler’ R package.

2.5 � Calculated the epigenetic score

The index to represent the risky epigenetic regulation related genes level was establish based on the expression data 
from TCGA LIHC dataset of these genes, which were selected via multivariate logistic regression. The 23 genes were the 
independent risk factors in LIHC, which were listed in Table S4.The enrichment score (ES) of gene set was calculated using 
single sample gene set enrichment analysis (ssGSEA) in the R package ‘GSVA’, and the normalized ES was defined as the 
Epigenetic Score to computationally dissect the risky epigenetic regulation trends of the tissue samples.

2.6 � Bioinformatics analysis of ScRNA‑seq data and ST‑RNA‑seq data

ScRNA-seq data of HCC patients was obtained from the National Center for Biotechnology Information Gene Expression 
Omnibus (NCBI GEO; accession number GSE156337). The spatial transcriptomics data were acquired from the follow-
ing hyperlinks: http://​lifeo​me.​net/​supp/​liver​cancer-​st/​data.​htm. For scRNA-seq and ST-RNA-seq analysis, the primary 
tool used was the ‘Seurat’ R package (version 4.0.2). Post preprocessing, cell clusters were referred to the original article 
and visualised them using ‘DimPlot’ functions. Target genes analyses were visualised using UMAP plots (‘FeaturePlot’), 
heatmaps (‘DoHeatmap’) and violin plots (‘VlnPlot’). Malignant cell quantification of spatial transcriptomics was using R 
package SpaCET and a demo workflow to reproduce our main results are available at GitHub (https://​www.​github.​com/​
data2​intel​ligen​ce/​SpaCET).

https://gdc.cancer.gov/about-data/publications
http://www.ncbi.nlm.nih.gov/geo/
http://www.ncbi.nlm.nih.gov/geo/
http://www.cbioportal.org/datasets
http://bbcancer.renlab.org/download
http://www.gsea
http://lifeome.net/supp/livercancer-st/data.htm
https://www.github.com/data2intelligence/SpaCET
https://www.github.com/data2intelligence/SpaCET
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2.7 � Virtual screening to find potential pharmacological intervention towards UHRF1

Protein structure of UHRF1 was found from the the Protein Data Bank (PDB; http://​www.​rcsb.​org/​pdb/). Schrödinger 
software was applied to prepared for virtual screening with hydrogen atoms and charges added. Compounds 
obtained from the FDA small molecules database and filtered by Lipinski’s rule-of-five and Veber rule. And then the 
rest compounds were put into Schrödinger software and LigPrep module and Epik program was used for preparation 
(using OPLS_2005 force field); Active pocket was found using SiteMap module of Schrödinger software. Pan assay 
interference compounds (PAINS) was identified and filtered by Canvas 1.1. QikProp 3.2 program of Schrödinger soft-
ware was used for filtration through ‘Lipinski rule of five’. All compounds were docked into the active site by applying 
Glide SP (Standard precision) and XP (Extra precision) docking methods.

2.8 � Statistical analysis

Main statistical tests were performed in R statistical software (Version 4.0.2, R Core Team, R Foundation for Statistical 
Computing, Vienna, Austria) and RStudio (Version 1.3.1073). Figures 4C and 6A were visualized by GraphPad Prism 8 
and test by Chi-squre. Comparison of a variable in two or more than two groups was performed using nonparametric 
test (Wilcoxon rank-sum test or Kruskal–Wallis test). Correlation between two continuous variables was measured 
by Spearman’s rank-order correlation. Kaplan–Meier survival analysis was using ‘survival’ and ‘survminer’ R package. 
For all statistical analysis, a two-tailed p < 0.05 was considered significant.

3 � Results

3.1 � General pancancer status of epigenetic regulation related genes across cancer types

We first performed univariate Cox regression to screen epigenetic regulation related genes across the 30 cancer types. 
All of the epigenetic regulation related genes correlate with patient overall survival in at least one type of cancer 
(Fig. 1A). Risky score was defined as follow: The genes expression significantly associated with worse and better sur-
vival were assigned a score of positive one score and negative one score respectively. The risky score of each cancer 
was the total cox score of all the epigenetic regulation related genes (Table S2) and shown as Fig. 1B in descending 
order. The risky score of each gene was the total cox score of each gene across different cancer types (Table S3) and 
shown as Fig. 1C in descending order. We found that LIHC has the highest risky score across different cancer types 
and UHRF1 has the highest risky score across different cancer types. The 24 genes with highest score (Fig. 1C) includ-
ing UHRF1, ACTB, DNMT3B, TAF1A, CBX3, EZH2, TDG, EED, PHF19, SUV39H1, DDX21, MYBBP1A, SAP30, TAF1D, CDK7, 
DNMT1, DNMT3A, GSK3B, GTF2H5, HDAC2, MBD2, POLR2H, POLR2K and TET1, were selected for further analysis.

Futhermore, gene expression differences between cancer and normal tissue of the twenty-four epigenetic regula-
tion related genes with highest risky score were analyzed in sixteen different cancer types and the other 14 cancers 
out of the total 30 cancer types which have no normal tissue data were removed in the analysis. We found that all 
the 24 genes were differentially expressed in most cancers (Fig. 2A).

As somatic copy number alterations (SCNA) is common in cancers which was one of the important factor affecting 
the genetic aberration, we futher investigate the SCNA across cancers and the results indicated the general SCNA 
occurred at high frequencies in most cancer types (Fig. 2B). Besides, we also analyzed epigenetic regulation related 
SNP data to detect the frequency and variant types across different cancer types.

As shown in Figure S1A, the SNV frequency of the 24 genes was 41.91% (782 of 1866 samples). Variant type analysis 
showed that missense mutations were the main SNP type. SNV percentage analysis indicated that the top 5 mutated 
genes were TET1, DNMT3A, DNMT1, DNMT3B, MYBBP1A,of which the mutation percentages were 9, 6, 6, 5, and 5%, 
respectively (Figure S2B).

http://www.rcsb.org/pdb/
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3.2 � Epigenetic score was a good indicator of patient prognosis in LIHC

As LIHC has the highest risky score across different cancer types, the next analysis was focus on LIHC (Fig. 1B). In 
order to better carry out futher research of epigenetic regulation related genes in LIHC, the independent risk factors 
among all the epigenetic regulation related genes of LIHC were screened using univariate and multivariate logistic 
regression analyses (Table 1). Multivariate logistic regression analysis indicated that the 23 genes were the independ-
ent risk factors in LIHC, which were listed in Table S4.

To further investigate the role of epigenetic regulation related genes in malignant progression of LIHC. Epigenetic 
score was defined based on the enrichment score (ES) of the 23 independent risk factors in LIHC, calculated by ssGSEA. 
Epigenetic score was significantly higher in tumor rather than normal tissue across different cancers (Fig. 3A). On 
the other hand, overall survival (Figs. 3B and S2A) and disease free survival (Figs. 3C and S2B) between high- Epige-
netic score and low- Epigenetic score groups according to the median Epigenetic score cutoff value were analyzed 
via Kaplan–Meier survival analysis. We found that the patients with high Epigenetic score had significantly poorer 
prognosis than those with low Epigenetic score in LIHC, LUAD, KIRC, COAD, KICH, and PRAD. Besides, the disease 
free survival (DSS) between high and low Epigenetic score group were significantly in LIHC, KIRP, LUAD, THCA, KIRC, 
COAD, KICH, and PRAD.

Fig. 1   Pancancer univariate 
Cox regression analysis. A. 
Summary of the correlations 
between epigenetic regula-
tion relative genes expression 
and patient prognosis calcu-
lated by univariate Cox regres-
sion analysis. Red and blue 
represent epigenetic regula-
tion relative genes expression 
significantly associated with 
worse survival and better 
survival, respectively. Only P 
values < 0.05 are shown. B. 
The risky score of each cancer. 
The risky score of each cancer 
was the total cox score of all 
the epigenetic regulation rela-
tive genes. C. The risky score 
of e ach gene. The risky score 
of each gene was the total 
cox score of each gene across 
different cancer types
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Besides, we also investigate the clinical factors that might impact Epigenetic score. The Fisher’s test showed that 
high Epigenetic score was positively associated with poor overall survival, higher tumor stage, younger age and higher 
propensity for high tumor Grade (Fig. 3D).

These founding indicate that Epigenetic score was particularly important in LIHC tumorigenesis and progressing.

3.3 � Association between epigenetic score and tumor pathways in LIHC

To determine the underlying mechanism of epigenetic regulation related genes in malignant progressing, we performed 
tumor pathway analysis.

GSVA was performed to assess the pathway activities between high and low epigenetic score group divided by the 
epigenetic score median. As shown in Fig. 4, epigenetic score was positively correlated to MYC_TARGETS_V2, MYC_ 
TARGETS_V1, MITOTIC_SPINGLE, G2M_CHECKPOINT, E2F_TARGETS and DNA_REPAIR pathway.

Fig. 2   The relations between 
Epigenetic score and patient 
histological sample and 
prognosis among Cancers. A. 
Differential Epigenetic score 
between cancer and normal 
tissue among cancers. B, C. 
Kaplan–Meier survival analysis 
between high- Epigenetic 
score and low- Epigenetic 
score groups according to the 
median Epigenetic score cut-
off value. (GEO database). D. 
The relevance between Epige-
netic score and phenotype of 
LIHC from TCGA dataset was 
verified by fisher exact test
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We downloaded the ssGSEA results for 1387 PARADIGM pathways and divided the samples into two groups according 
to their median epigenetic scores. Using the limma R package, differential pathway enrichment between high and low 
epigenetic score groups was analyzed, and the results are shown in Table S5 and Fig. 4A. Using the R package ggplot, 
immune-related pathways were visualized. According to the results shown in Fig. 4B, immunosuppressive pathways, 
such as IL2, IL4 and FGFR2 related pathway, are prominently enriched in the high epigenetic score group, suggesting 
that epigenetic pathway activation could be associated with LIHC development and immune tolerance. And from GO 
enrichment, it also indicated that high epigenetic score was closely related to receptor ligand activity,signaling receptor 

Table 1   Univariate and multivariate logistic regression
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activator activity, antigen binding, cytokine activity and immunoglobulin receptor binding, which may affect the immune 
microenvironment (Fig. 4C). Therefore, we further investigated the correlation between epigenetic score and immunity 
cycle. We found that epigenetic score was significantly associated with release of cancer antigens, Th22 cell recruiting, B 
cell recruiting, infiltration of T cells into tumors, recognition of cancer cells by T cells and Killing of cancer cells (Fig. 4D).

Together, the above results demonstrate a highly probability of the positive correlation between immune evasion 
and epigenetic score.

3.4 � Systematic analysis of immunomodulatory crosstalk between UHRF1 and immune evasion

From the above analysis, we found that UHRF1 was differentially expressed in LIHC (Fig. 2A) and has the highest risky 
score (Fig. 1C), which indicated that UHRF1 may play an important role in LIHC malignant progressing. Besides, we 
comprehensively analyze the spatial heterogeneity of UHRF1 expression from different region of HCC patients. As 
shown in Fig. 5, UHRF1 expression level gradually increases in normal tissues, eading-edge area of tumor, and tumor 
tissues. Moreover, in tumor tissues, those area with high proportion of malignant cells had higher UHRF1 expres-
sion level (Fig. 6), which emphasized again that UHRF1 may plays an important role in HCC.Therefore, we further 

Fig. 3   Functional implications 
of elevated epigenetic score in 
LIHC. Enrichment analysis for 
elevated epigenetic score and 
tumor hallmark pathway. NES 
is the normalized enrichment 
score in the GSEA algorithm
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Fig. 4   Pathway enrichment of elevated epigenetic score in LIHC. A. Comparison of ssGSEA score for constituent PARADIGM algorithm inte-
grates pathway between high and low Epigenetic score groups according to the median Epigenetic score cutoff value. B. Comparison of 
ssGSEA score for constituent PARADIGM algorithm integrates immune-related pathway between high and low Epigenetic score groups 
according to the median epigenetic score cutoff value. C. GO enrichment of high epigenetic score group (versus low Epigenetic score 
group). D. Correlation between epigenetic score and immunity cycle related pathway. The blue label text represent the pathways signifi-
cantly associated with epigenetic score (P values < 0.05)
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investigated the relation between the immunity and UHRF1 expression in LIHC. From GSVA analysis results, we found 
that UHRF1 expression was positively correlated to MYC_TARGETS_V2, MYC_ TARGETS_V1, MTORC1_SIGNALING, 
MITOTIC_SPINGLE, G2M_.

CHECKPOINT, E2F_TARGETS and DNA_REPAIR pathway (Fig. 7).
To further investigate the immune landscape differences according to the UHRF1 expression, single cell RNA 

sequencing (scRNA-seq) atlas from GSE156625 was used. We identified 8 major cell types of the HCC samples as 
shown in the Louvain clustering map (Fig. 8A), and we found that UHRF1 was mainly expressed in hepatocytes, 
macrophage, NK_Cells (Fig. 8B). In order to better study the effect of different UHRF1 expression levels on cell com-
munication in tumor microenvironment, HCC patients were divided into two groups according to UHRF1 expression. 
From Fig. 8C, it’s easily discovered that these patients were belong to high UHRF1 expression group, including P1, P2, 
P5, P7, P9, P11, P15, while the rest patients were belong to low UHRF1 expression group, including P3, P4, P6, P8, P10, 
P13, P14. To decipher the cell–cell interaction interactions in different UHRF1 level, we performed Cellchat analysis 
which indicated that patients with higher UHRF1 expreesion level exhibited more stronger interaction between 
HCC hepatocytes and the cells including the macrophage, NK cells, Tregs and endothelial cells (Fig. 8D). Futhermore, 
from the overall signaling pattern analysis of HCC patients (Fig. 8E), we found that macrophage and endothelial cells 
were the dominant mediator and influencer, suggesting their role were significant impacted by the expression level 
of UHRF1. Compared to other signaling, MHC-II, COLLAGEN, CXCL, FN1, SPP1, NOTCH, VEGF and etc. were notice-
ably stronger in higher UHRF1 expression patients. Besides, differential expression analysis was performed and we 
found that SPP1 was remarkably higher in macrophage of patients with high UHRF1 expression (log2FC = 3.18, P 
value = 8.32E−96), which was shown in Fig. 8G and Table S6. Finally, TIDE algorithm was performed and as shown in 
Fig. 8H and Table S7, the response rate of immunotherapy in low UHRF1 expression group (58.1%,) was significantly 
higher than that in high UHRF1 expression group (41.9.3%).

Fig. 5   UHRF1 expression in LIHC. Comparison of UHRF1 expression in different region of HCC patients. The first, second, and third rows rep-
resent the normal tissue, leading-edge area of tumor, and tumor tissue of the HCC patient, respectively. Slices in the same column come 
from the same patient
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3.5 � Virtual screening to find potential pharmacological intervention towards UHRF1

From the above evidence, UHRF1 appears to be an appealing target for unique or adjuvant antitumor pharmaceutical 
therapies. Therefore, we screened natural compound libraries for potential pharmacological interventions against 
UHRF1. The top 20 compounds with the highest docking scores are listed in Supplemental File 3. As shown in Fig. 9, 
salvianolic acid B, safflower yellow, pentagalloylglucose, sennoside B, cefpiramide sodium, and chicoric acid had the 
highest docking scores, suggesting that these compounds might be good candidates for LIHC remedies.

4 � Discussion

Aberrant epigenetic status bring abnormal transcriptional variation which accelerating the occurrence and devel-
opment of tumors [13], and subsequently leading to the acquiring of immune evasion properties that was involved 
in the resistance to immunotherapy [14]. Besides, previous study also identified that epigenetic reprogramming 
was emerging as a the initiator of evil of multiple malignant progression of tumors including haywire proliferation, 
vascularization, epithelial-mesenchymal transition (EMT) and metastasis [14]. To futher investigated the role of epig-
enome in tumor malignant progress, we first performed a pancancer analysis of all the epigenetic regulation related 

Fig. 6   UHRF1 expression in LIHC. Comparison of UHRF1 expression in different region of HCC tumor tissue. High_ malignant cell was 
defined as the proportion of malignant cells were over than 50%. Low_ malignant cell was defined as the proportion of malignant cells were 
less than 50%
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genes abtained from GSEA online website and found that most of them were up regulated and participated in the 
malignant progress of most cancers,especially in HCC.

To futher revealed the global alterations of the epigenome at genetic landscape, we used ssGSEA to process pan-
cancer expression data to establish epigenetic score to characterize epigenome status across different tumor types and 
addressed which genetic and clinincal factors were related to the dysregulation of the epigenome. Herein, we found that 
epigenetic score was elevated across different cancers and further supported the previous research which proposing 
epigenome as a hallmark of tumors [15]. Interestingly, we observed that epigenetic score remarkably reinforced in HCC 
and closely related to poor prognosis of these patients.

Previous study had been reported that epigenetic aberrations were strong malignant triggers and were commonly 
observed in HCC [16–19]. It could facilitated tumorigenesis through various way including metabolic regulation, EMT 
induction and driving immune escape and drug resistance [20, 21]. From our analysis, we confirmed that epigenetic 
aberrations were closely related to abnormal cell cycle, immune resistance and immune cycle aberration, which indicated 
that further research is needed to provide updated recommendations on the treatment of HCC based on comprehensive 
evidence from multiple sources.

More and more evidence validates that matching a drug to a specific targets could be an effective way on the poten-
tial for durable clinical benefit [22]. Herein, we found that UHRF1 was upregulated in most cancers and could served 

Fig. 7   Functional implications 
of elevated UHRF1 expression 
in LIHC. Enrichment analysis 
for elevated epigenetic score 
and tumor hallmark path-
way. NES is the normalized 
enrichment score in the GSEA 
algorithm
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as a prognostic factor across different cancer types. Consistent with our conclusion, it had been confirmed that UHRF1 
served as an oncogene and epigenetic hallmark inducing global DNA hypomethylation of HCC and subsequently driving 
tumorigenesis [23]. As a well-known epigenetic regulator, UHRF1 has been implicated in the progression and prognosis of 
various solid tumors, including osteosarcoma, lung cancer, and breast cancer, highlighting its pathological significance. 
However, studies investigating the role of UHRF1 in HCC remain relatively limited [24]. Therefore, in order to better reveal 
the role of UHRF1 in tumorigenesis. We firsted employed pancancer pathway analysis of UHRF1 and found that UHRF1 
expression was positively correlated to the pathways related to cell life cycle and damage repair. Similar to our analysis 
results, it had reported that particular inhibiting the UHRF1/BRCA1 protein complex significantly decreased tumor cell 
viability and led to cell apoptosis and DNA damage without detectable toxicity [25]. Besides, antecedent work showed 
that UHRF1 knockdown inhibited cell proliferation via the cell cycle modification [26]. At the same time, from previ-
ous study we found that UHRF1 had important implication for the modification of tumor immune microenvironment. 
circUHRF1 from HCC cells could upregulated the TIM-3 expression and thus inhibited NK cell-derived IFN-γ and TNF-α 

Fig. 8   Immune landscape and distinct genomic profiles associated with UHRF1 expression in single cell landscape. A. 8 mega-clusters iden-
tified from scRNA-seq obtained from GSE156625 datasets. B. UHRF1 expression of different cell type in HCC. C. UHRF1 expression of 14 
HCC patients from scRNA-seq library. D. Interaction plot and intercellular communication networks for different cell types from low UHRF1 
expression and high UHRF1 expression. The thicker line and the more numbers represented the stronger interaction among the two cell 
types. E. Comparison of tumor signaling patterns between low UHRF1 expression and high UHRF1 expression. The results were shown as a 
heatmap of tumor signaling pathways and the relative importance of each cell group based on the computed network centrality measures 
of signaling networks. F. Comparison of relative tumor signaling flow between low UHRF1 expression and high UHRF1 expression. G. SPP1 
expression in macrophage according to the UHRF1 expression. H. Association of UHRF1 expression and the response to the immunosup-
pressive checkpoints therapy according to TIDE prediction.
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secretion leading to the NK cell dysfunction [27]. Also, it had been detected that crosstalk between TAMs and HCC cells 
foster a self-enhancing oncogenic loop with an continuously robust TAM recruitment and activation forming an immu-
nosuppressive microenvironmen [28].

As the important role of UHRF1 in tumor progression, we therefore employed an scRNA analysed to make an deep 
insight on the impact of UHRF1 on tumor immunity. In our study, we found that UHRF1 was strongly related to underly-
ing molecular pattern of macrophage. Noticeably, we found that higher UHRF1 expression accompanied with a higher 
SPP1 expression in HCC patients. Previous study demonstrated that SPP1 was an strong oncogene implicated in multiple 
malignant process of HCC, including the promotion of PD-L1 expression, drug resistance, alternative activation of M2 
macrophages and the facilitated effect on tumor migration and metastasis [29–31]. Besides, a spatial crosstalk between 
SPP1+ macrophages and cancer-associated fibroblasts could leading to an immune restrictive effect and construted a 
tumour immune barrier to facilating tumor progress and affecting the anti-PD-1 treatment effitiency [32]. Finally, TIDE 
algorithm was employed to predict the immune checkpoint blockade response. We found that higher UHRF1expression 
generated poorer respond to immune checkpoint blockade which was consistent with the previous article mentioned 
before.

Taken together, targeted inhibition of UHRF1 would be a promising strategy to reverse the immune suppression 
state of LIHC, which indicated the important implications for the development and application of UHRF1 inhibitor. So, 
we performed virtual screening to find potential compounds targeting UHRF1. From the results, we found that several 

Fig. 9   Virtual screening to find potential pharmacological intervention towards UHRF1
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natural compounds including salvianolic acid B, safflower yellow, pentagalloylglucose, sennoside B, cefpiramide sodium 
and chicoric acid could be potential for small-molecule inhibitors targeting UHRF1 which needed futher experimentation 
in the future. This study systematically integrates multi-omics data to define an innovative "Epigenetic Score," providing 
novel insights into the role of ERRGs in cancer progression, particularly in LIHC. Future research should focus on experi-
mental validation of the Epigenetic Score and UHRF1’s role in LIHC, as well as the development of targeted therapies, 
including the identified small-molecule inhibitors, to improve clinical outcomes.

In conclusion, we provided a conceptual framework to figure out the relationship between cancer epigenetics and 
the malignant toumr progression. In this perspective, our study will progressively support the development of new 
strategies to treat LIHC.

5 � Limitation

As experimental validation has not yet been conducted at this stage and the work remains solely at the level of data 
analysis, this constitutes a limitation of the present study.
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