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Abstract 

The purpose of this study is to analyze the DNA methylation and gene 

expression profiles of immune-related CpG sites to identify the molecular subtypes 

and CpG sites related to the prognosis of HCC. In this study, the DNA methylation 

and gene expression datasets were downloaded from The Cancer Genome Atlas 

database, together with immune-related genes downloaded from the immunology 

database and analysis portal database to explore the prognostic molecular subtypes of 

HCC. By performing consistent clustering analysis on 830 immune-related CpG sites, 

we identified seven subgroups with significant differences in overall survival. Finally, 

16 classifiers of immune-related CpG sites were constructed and used in the testing 

set to verify the prognosis of DNA methylation subgroups, and the results were 

consistent with the training set. Using the TIMER database, we analyzed 16 

immune-related CpG sites expression with the abundance of six types of immune 

infiltrating cells and found that most are positively correlated with the level of 

infiltration of multiple immune cells in HCC. This study screened potential 

immune-related prognostic methylation sites and established a new prognosis model 

of HCC based on DNA methylation molecular subtype, which may help in the early 
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diagnosis of HCC and developing more effective personalized treatments.  

Keywords: hepatocellular carcinoma, DNA methylation, molecular subtype, 

immune-related genes; prognosis model. 

Introduction 

Cancer is a global health problem. The incidence of primary liver cancer (PLC) 

ranks sixth among all cancer types, and PLC is the fourth most common cause of 

cancer-related deaths [1]. Hepatocellular carcinoma (HCC), the most important 

pathological subtype of PLC, accounts for about 90% of diagnosed cases [2]. 

According to the results of the latest statistics from the International Agency for 

Research on Cancer of the World Health Organization, the incidence of PLC will 

increase from 841,080 in 2018 to 1,361,836 in 2040, while the mortality number will 

increase from 78,136 to 1,284,252 from 2018 to 2040 [3]. Due to the significant 

heterogeneity of HCC, fewer than 30% of patients meet the indications for radical 

treatment [4-6]. Over the past 10 years, the level of clinical management of HCC has 

improved significantly, especially in advanced patients [2, 4, 5]. Although systemic 

treatments show a certain effect, especially in molecular targeted drugs and immune 

checkpoint blockers, the overall prognosis of patients with HCC remains 

unsatisfactory. Thus, we still need to continue to explore on the basis of previous 

studies and seek better treatment options. 

Because of the particularity of its anatomical structure and immunological state, 

the liver is a common target for primary and secondary tumors. PLC is often 

secondary to the development of various chronic inflammations, such as nonalcoholic 

steatohepatitis, alcoholic liver disease, hepatitis B virus (HBV), and hepatitis C virus 

infection, which can promote its development [2]. Moreover, the liver is a crucial 

immune organ that contains a large number of immune cells, including natural killer 

cells, natural killer T cells, and CD56+, CD4+, and CD8+ T cells and macrophages, 

thus maintaining and regulating the homeostasis between the liver and body [7]. On 

the one hand, the immune system can destroy the viruses that promote the growth of 

cancer cells, disrupt tumor cells as well as inhibit the proliferation of cancer cells.  

On the other hand, it can inhibit the formation and development of an inflammatory 

microenvironment, which could ultimately promote cancer growth. In this case, we 
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can see that the immune system plays a dual role in the process of tumor development 

[8]. A growing body of studies indicated that the immune system can be considered a 

significant factor influencing tumorigenesis and development of HCC [9-11]. In 

recent years, immunotherapies (such as anti-PD-1, anti-PD-L1 and anti-CTLA-4 

antibodies) have been widely used in advanced HCC and have shown potential 

therapeutic effects [12]. Furthermore, there is a high degree of heterogeneity among 

different tumor types and patients, even among different patients with the same tumor. 

Hence, the identification of immune-related biomarkers helps to stratify patients who 

benefit from long-term treatment with immune checkpoints. 

With the continuous advancement of high-throughput sequencing technology, 

multi-omics research including genomics, transcriptomics, and epigenomics has 

gained critical insights into the molecular biology of disease [6]. From the perspective 

of cancer genomics, HCC is derived from the accumulation of somatic genome and 

epigenome changes in primitive tissues over time. Unfortunately, at least for now, 

most of the driver genes detected in HCC are not clinically feasible[13]. Nevertheless, 

attempts are being made at investigating more new treatment approaches. 

In the global epigenomic changes, DNA methylation is one of the important 

epigenetic regulators, which can adjust the expression of related genes and the 

phenotype of cells [14] and is closely related to the inactivation of the X chromosome 

[15], tissue differentiation [16], cellular development [17], and genetic imprinting 

[18]. Unlike genetic mutations, changes in DNA methylation can be reversed and 

occur early in the body. Abnormal changes can be detected through body fluids and 

have the potential for early diagnosis and prognosis of cancer [14]. To date, there is 

already conclusive evidence that epigenetic markers can be used for prognosis and 

predictive biomarkers in oncology, which will lead to breakthroughs in the prevention 

and treatment of human cancer and will expand into other diseases in the future [19]. 

A comprehensive analysis of DNA methylation and gene expression also contributes 

to identify epigenetic drivers in cancer [20]. Xu [21] constructed and validated a 

diagnostic prediction model for HCC based on ten specific methylation markers. 

Zheng et al. [22] screened 222 epigenetic driving genes in HCC patients, whose 

expression was strongly negatively regulated by promoter methylation, and the 
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methylation of SFN, SPP1, and TK1 was significantly correlated with overall survival 

(OS). Additionally, Cheng et al. [23] comprehensively analyzed the data of DNA 

methylation and gene expression profiles and identified six specific abnormal 

methylation sites, providing promising biomarkers for the diagnosis of HCC. Shen et 

al. [24] demonstrated the importance of abnormal DNA methylation in HCC 

tumorigenesis through genome-wide methylation analysis. 

Future studies may require combination regimens including both 

immunotherapies and molecularly matched targeted treatments [13, 25, 26]. Genomic 

studies on the immune mechanism of HCC can already predict molecular biomarkers 

related to the prognosis of the disease. In addition, studies have shown that epigenetic 

therapy has the effect of regulating immunity, and the two have the potential to be 

combined[27]. Immune checkpoint inhibitors have now become one of the 

conventional therapies for HCC, and the combination of epigenetic therapy and 

immunotherapy is becoming a tool to enhance the immune response[28, 29]. However, 

more research is needed to determine the best combination of epigenetic therapy and 

immunotherapy. To gain insight into the prognostic value of immune-related genes 

(IRGs) and DNA methylation in HCC, we established an HCC classification based on 

integrated gene expression data and DNA methylation sites related to IRGs. This will 

allow the further development comprehensive DNA methylation biomarker prognosis 

prediction model to improve clinical prognosis and personalized treatment.  

Materials and Methods 

Data acquisition and pre-processing 

On March 6, 2020, the RNA‐sequencing data of HCC were downloaded from 

The Cancer Genome Atlas (TCGA, https://portal.gdc.cancer.gov/) database, including 

374 cases of HCC tissues and 50 cases of normal tissue, together with clinical 

follow-up data. The data of the Illumina Infinium HumanMethylation450 Bead-Chip 

array in TCGA database were retrieved from the UCSC Cancer Genomics Browser 

(https://genome-cancer.ucsc.edu/), which is an application that gathers various -omic 

data with clinical and phenotype data to study the correlation between them. The data 

downloaded from this website contained 380 tumor tissues and 50 adjacent normal 

https://portal.gdc.cancer.gov/
https://genome-cancer.ucsc.edu/
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tissues [30]. In addition, a total of 1811 IRGs were derived from the immunology 

database and analysis portal (ImmPort, https://www.immport.org/) [31]. 

Preliminary screening of DNA methylation loci in hepatocellular carcinoma 

The data of TCGA-LIHC DNA methylation array contain 485,578 methylation 

sites, and the methylation level of each probe is represented by the β value, which 

ranges from 0 to 1, with 0 indicating unmethylation and 1 indicating complete 

methylation. On the one hand, we deleted samples with more than 70% missing 

methylation sites or containing “NA” sites and removed unstable genomic sites, such 

as methylation sites on sex chromosomes. Furthermore, the regulation of gene 

silencing/expression by abnormal DNA methylation in the promoter region, which is 

located 2,500 bp upstream to 500 bp downstream of the gene, is one of the key 

features of cancer [32]. Hence, we selected the methylation sites in the promoter 

region. Most importantly, we combined the annotation files with the IRGs obtained in 

the ImmPort database and further screened the methylation sites for subsequent 

analysis. On the other hand, we discarded the samples whose OS was less than 30 

days or when there were vacancy values in the OS and survival state. 

Univariate and multivariate survival analysis of methylation sites in the training 

set 

According to the methylation level of each CpG methylation site, we used the 

survival package and coxph function in the R software to construct a univariate Cox 

proportional hazards regression model for each methylation site in the training set, 

hence obtaining methylation loci related to prognosis for further multivariate analysis 

[33]. OS was our endpoint, and p < 0.05 was our screening standard. Afterward, we 

performed a multivariate analysis of these prognostic methylation sites and clinical 

data, such as age, gender, stage, and grade. The significant methylation sites 

independent from these clinical shapes and prognostic methylation sites were used for 

further molecular subtype screening. 

https://www.immport.org/
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Screening of molecular subtypes and specific methylation sites in hepatocellular 

carcinoma 

The above-identified methylation sites associated with IRGs are related to the 

prognosis of HCC, so the hub-methylation sites were used for the next analysis. Using 

the ConsensusClusterPlus package in the R software, we performed a consistent 

clustering analysis of the above-mentioned methylation sites [34]. The software 

package uses the consensus clustering algorithm to classify the methylation sites in 

the sample; that is, the repeated subsampling and custom clustering methods provided 

by the algorithm can provide stable evidence. At the same time, the results were 

visualized using a consensus matrix, cumulative distribution function curve plots, and 

the delta area curve of consensus clustering to find the best molecular subtype 

groupings with strong correlations within the group and weak correlations between 

groups [34]. 

Survival and clinical characteristics analyses 

To investigate the differences in survival among various molecular subtypes, we 

applied survival package in the R software to illustrate the survival rate among HCC 

subgroups defined by DNA methylation profiles. The log-rank test was used to 

evaluate the significance of differences among the clusters. Associations between both 

clinical and biological characteristics and DNA methylation clustering were analyzed 

using the chi-squared test. All tests were two-sided; p < 0.05 was considered 

statistically significant for all tests. 

Functional enrichment analysis and genome annotation 

By further annotating the above-mentioned methylated sites with significant 

differences, a series of prognostic-associated IRGs can be obtained. To explore the 

potential functions and the enriched terms of these IRGs, we analyzed the possible 

mechanisms and functions of IRGs via gene ontology (GO) and Kyoto Encyclopedia 

of Genes and Genomes (KEGG) pathway analysis, enabled by the clusterProfiler 

package in R software [35], with a false discovery rate value < 0.05. GO enrichment 
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analyses were mainly composed of the biological process (BP), cellular component 

(CC), and molecular function (MF); the KEGG analysis was an annotation of the 

pathway that the protein may participate in. 

Construction and verification of the prognosis model of hepatocellular 

carcinoma 

The least absolute shrinkage and selection operator (LASSO) algorithm is a 

widely accepted method of shrinkage estimation, which establishes a penalty function 

to obtain a relatively complete model [36]. We deleted genes with high correlation to 

prevent overfitting of the model and performed cross-validation after 1,000 

simulations. Therefore, we obtained the correlation coefficient of each methylation 

site in the model. Hence, the above‐mentioned prognosis-related methylation sites in 

each subtype were incorporated to construct a prognostic prediction model based on 

the LASSO algorithm using the survival and glmnet package in R software, and 16 

CpG sites were contained in the model. The risk score formula is as follows: 

Risk score=-0.96*cg00536939±1.27*cg00630958±5.48*cg01914037±9.72*cg09959112+ 

-0.86*cg10395772±0.51*cg11839863±1.39*cg13615963±3.12*cg14046477+ 

-0.14*cg14076258±0.56*cg15140465±0.58*cg15929078±0.31*cg19476647+ 

-0.05*cg21282997+-1.69*cg23165623+-0.70*cg24065044+-1.91*cg26822501. 

The expression profile data of specific CpG methylation sites were subsequently 

extracted from both the training and testing group, followed by substitution into the 

model for calculation. According to the above-mentioned formula, we can get the risk 

score of each methylation site. The training set is divided into a high-risk group and a 

low-risk group based on the median risk score. We used the Kaplan-Meier survival 

curve to show the difference in survival rate between high- and low-risk groups, and 

also showed the heatmap of the methylation level of the CpG sites, survival status, 

and risk value between the two groups. The ROC curve was used to analyze and 

validate the predictive accuracy of the prognostic classification model and identify the 

stability of the methylation characteristics. 

Verification of immune-related signatures 
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To further verify the application value of methylation sites in the model, we 

annotated the 16 methylation sites and obtained the hub genes driven by each 

methylation site. The cBio Cancer Genomics Portal (cBioPortal, 

http://www.cbioportal.org/) database was used for somatic mutation analysis of these 

prognosis IRGs in HCC, including amplification, deep deletion, and mRNA high, and 

so on. In this database, we also performed the Pearson correlation analysis between 

the DNA methylation status and mRNA expression levels of IRGs [37]. 

Correlations between 16 immune-related signatures expression and immune cells 

in TIMER 

The relationship between 16 IRGs expression and immune infiltration was 

determined using the TIMER (http://cistrome.org/TIMER/) database[38]. TIMER is 

an ideal resource for the systematic analysis of immune infiltration across diverse 

cancer types. TIMER applies a previously published statistical deconvolution method 

to infer the abundance of tumor-infiltrating immune cells from gene expression 

profiles [38]. The TIMER database contains 371 samples across HCC from TCGA to 

allow the evaluation of the abundance of immune infiltration. We analyzed 16 IRGs 

expression with the abundance of all six types of immune infiltrating cells, including 

B cells, CD4+ T cells, CD8+ T cells, neutrophils, macrophages, and dendritic cells. 

The relationship between the expression level of 16 IRGs and tumor purity was also 

determined. 

Results 

Identification of potential prognostic methylation sites associated with overall 

survival in training dataset patients 

First, we preprocessed the DNA methylation and clinical data as detailed in the 

Materials and Methods section. After removing the normal samples, we divided the 

samples into two groups, one is the training group and the other is validation set. 

There were 14,192 methylation sites related to IRGs identified in both groups. Finally, 

the training group contained 231 samples, and the validation group included 118 

http://www.cbioportal.org/
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samples. The corresponding clinical information for the two groups is shown in Table 

1, respectively. Then, we performed univariate and multivariate cox regression 

analysis on the methylation sites related to OS in the training set, and clinical factors 

were included in the analysis as well. In univariate analysis, we obtained 1,494 

methylation sites associated with prognosis. In addition, clinical factors such as stage 

(p = 4.228 × 10−6), T staging (p = 8.314×10−6), and M staging (p = 0.008) were also 

significant. Yet, when we combined all clinical parameters with critical methylation 

sites into a multivariate analysis, only grade (p = 0.0195) and 830 CpG sites were 

independent prognostic factors for OS, which further indicated the superiority of our 

model. Ultimately, the information of 830 methylation sites was used for further 

analysis. The data of the top 20 CpG sites are shown in Table 2. 

Using characteristic DNA methylation sites to achieve consistent clustering of 

hepatocellular carcinoma molecular subgroups 

To discover the molecular subgroups related to the prognosis of HCC, we 

performed a consensus cluster analysis on the methylation levels of the 830 

methylation sites obtained in the univariate and multivariate analysis mentioned above. 

Taking advantage of the ConsensusClusterPlus package in R software, we re-sampled 

the qualified data 1,000 times and judged the optimal molecular subtype according to 

the following criteria: strong correlation within each subgroup, weak correlation 

between subgroups, and stable area under the consensus cumulative distribution 

function (CDF) curve. Based on the quasi-flat growth rate of the CDF value, we chose 

k = 7 group as the final tumor classification (Figure 1). To judge the correlation 

between groups or within groups, a consensus matrix was used to display a heatmap 

of the consensus for k = 7, further clarifying the classification structure of k = 7 

(Figure 2). 

Cluster analysis and clinical characteristics analysis of methylation expression 

profile based on hepatocellular carcinoma molecular subgroup 

Based on the above-mentioned consistent clustering analysis results, we chose a 

stable clustering result of k = 7. As shown in Figure 3, 231 samples from the training 
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set were allocated to seven subgroups. The overall methylation level of each subgroup 

was distinct. At the same time, we included all clinical factors in our study to display 

the distribution of different clinical factors in different subgroups in the form of a 

heatmap. Kaplan–Meier survival analysis showed that the prognosis differed 

significantly among the seven subgroups (p = 7.53×10−5) (Figure 4A). The prognosis 

of clusters 3 and 5 was the best, and that of cluster 6 was the worst. In addition, we 

further analyzed the distribution of age, gender, grade, stage, T staging, N staging, and 

M staging in each molecular subgroup (Figure 4B–H). The results suggested that 

cluster 1 was associated with the size, location, degree of invasion, and distant 

metastasis of the primary tumor; cluster 2 was associated with lymph node metastasis 

and distant metastasis; cluster 3, which was related to the earlier grade and stage, 

included most of the males; cluster 4 was associated with later grade and lymph node 

metastasis; clusters 5 and 6 had earlier grade and stage, there was no lymph node and 

distant metastasis, and the patients in cluster 6 were all over 65 years old; cluster 7 

had the late grade stage, accompanied by lymph node and distant metastasis, further 

suggesting the differences among various molecular subtypes. 

Screening and functional enrichment analysis of specific methylation sites based 

on molecular subtypes of hepatocellular carcinoma 

First, we annotated the 830 specific methylation sites and obtained 513 genes 

located in the promoter region. Combined with the data of the transcriptome, we 

extracted the expression of these genes in each sample and plotted a heatmap of gene 

expression among subgroups (Figure 5A). The expression levels of these genes in 

different subgroups were significantly different, indicating that there is a certain 

regulatory relationship between the methylation modification in the promoter region 

of these genes and their expression. 

We further analyzed the differences in 830 methylation sites in HCC subtypes, 

obtaining 238 subtype-specific CpG sites and 189 genes in the promoter region. The 

heatmap in Figure 5B shows that cluster 4 has the most differential methylation sites, 

and all of them are hypomethylation sites. Clusters 5 and 3, with a good prognosis, 

were enriched to 34 and 48 differential methylation sites, most of which were 
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hypermethylation sites. Compared with other clusters, cluster 5 has the highest 

methylation level (Figure 6). 

To study the biological mechanism of these specific methylation sites in the 

pathogenesis and progression of HCC, we used the clusterProfiler R package to 

perform GO and KEGG enrichment analysis on the 513 genes, with a threshold of p < 

0.05. Figure 7 and Supplementary Tables 1-4 summarize the top 30 items enriched 

by GO and the top 20 items enriched by pathway enrichment. Among them, the BP 

mainly included regulation of leukocyte activation, positive regulation of cytokine 

production, and T cell activation (Figure 7A); CC included the receptor complex, side 

of the membrane, and plasma membrane protein complex (Figure 7B); molecular 

function (MF) was mainly enriched in receptor-ligand activity, receptor regulator 

activity, and growth factor activity (Figure 7C). KEGG enrichment analysis results 

(Figure 7D) showed that these genes are mainly involved in the immune process of 

cells and the regulation of classical tumor signals, such as cytokine-cytokine receptor 

interaction, Th17 cell differentiation, the Mitogen-activated protein kinase (MAPK) 

signaling pathway, and the Janus kinase/signal transducers and activators of 

transcription (JAK-STAT) signaling pathway. The enrichment analysis of differential 

methylation sites showed that these genes mainly play a role in immune-related 

pathways and classical tumor pathways, which is basically consistent with the 

above-mentioned conclusions. 

Establishment and test evaluation of the prognostic model for patients with 

hepatocellular carcinoma 

Cluster 5 had 34 specific methylation sites, most of which were 

hypermethylation sites. It also contained a large number of samples and was related to 

a good prognosis. In this case, we chose cluster 5 as the seed cluster to evaluate the 

prognostic ability of specific methylation sites. 

First, we analyzed the screening process of methylation sites in this model. The 

abscissa in Figure 8 is the penalty coefficient (lambda [λ] value), which controls the 

complexity of the model. The larger the value of λ, the greater the penalty. In Figure 

8A, the ordinate is the correlation coefficient. As the value of λ increases, the 
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correlation coefficient gradually becomes 0. The ordinate in Figure 8B is the error of 

cross-validation. When the cross-validation error is the smallest, we can see that the 

optimal coefficient to be included in the model is 16. 

Subsequently, we used the formula in the Materials and Methods section to 

calculate the risk score of each sample, ranked the samples according to the risk score, 

and selected the median value of the risk score to divide the training set into two 

groups of high and low risk. As shown in Figure 9, the high-risk group has a worse 

prognosis (Figure 9A), and the risk score is between -11 and -1 (Figure 9B). As the 

risk score increases, the patient’s OS rate decreases (Figure 9C). As shown in Figure 

9D, patients in the high-risk group have a worse prognosis, which is associated with 

lower methylation levels. At the same time, the model was verified by the receiver 

operating characteristic (ROC) curve and the area under the curve (AUC). When the 

value of AUC is greater than 0.7, the model has a good prognostic performance. As 

shown in Figure 9E, the AUC of the training set is 0.825, indicating that the model 

has a good prognostic performance. 

Finally, we verified the model in the testing set, used the methylation levels of 

these 16 CpG sites for the test dataset samples, and applied the prognostic model to 

calculate the risk score. The samples were classified according to the risk score, and 

the median risk score in the training set was used to divide the test dataset samples 

into a high-risk group and a low-risk group. The prognosis of the two groups was 

again significantly different (Figure 10A, p = 2.075×10-2). These results are 

consistent with the results obtained from the training set, indicating that the model has 

good accuracy and stability (Figure 10B-D). 

Verification of immune-related genes in model 

Given the crucial potential clinical meaning, we annotated the 16 CpG sites in 

the model and obtained the following 16 IRGs: NR1H3, LEPR, PGRMC2, CIITA, 

FGF14, FGF1, CCR6, NR6A1, PAK1, TAPBP, RGL2, LTBR, IL18RAP, ESR1, BDNF, 

and LTBP1. We analyzed the frequency of gene mutations in 349 patients in TCGA 

database, and Figure 11A shows the overall mutation landscape of a series of samples 

in HCC. Among them, mRNA high (32.66%) and multiple alternations (15.76%) 
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accounted for the largest proportion, and deep deletion (0.86%) was the rarest. The 

mutation rate of 14 genes out of 16 genes could reach more than 5%, of which the 

mutation rate of TAPBP and RGL2 >10% (Figure 11B). Additionally, we performed a 

Pearson correlation analysis on the DNA methylation level and mRNA expression of 

these 16 IRGs. The analysis results showed that, except for the ESR1 gene, the mRNA 

expression of the other genes was negatively correlated with the DNA methylation 

level (Figure 12), which implied that methylation in the promoter region might have a 

regulatory effect on gene expression. 

The levels of 16 immune-related genes expression correlate with the infiltration 

levels of immune cells in hepatocellular carcinoma 

Several studies suggest that the survival times of patients in HCC is determined 

by the quantity and activity status of tumor-infiltrating lymphocytes [39, 40]. 

Therefore, it makes sense for us to explore the association between immune 

infiltration and 16 IRGs expression. We explored the relationship between 16 IRGs 

expression and the infiltrating immune cells in HCC using the TIMER database. The 

results show that BDNF, CCR6, CIITA, ESR1, FGF1, FGF14, 1L18RAP, LTBP1, 

NR1H3, NR6A1 and TAPBP expression significantly correlate with tumor purity in 

HCC. However, LEPR, LTBR, PKA1, PGRMC2, RGL2 have the opposite results 

(Figure 13). The BDNF, CCR6, CIITA, FGF14, 1L18RAP, LTBP1, NR6A1, PKA1, 

RGL2 and TAPBP expression level had significant positive correlations with the 

infiltration levels of B cells, CD8+ T cells, CD4+ T cells, macrophages, neutrophils, 

and dendritic cells (Figure 13A, B, C, F, G, I, L, M, O, P).  

The other 6 IRGs had some different outcomes. ESR1 expression has significant 

negative correlation with infiltrating levels of B cell and macrophage but no relation 

with infiltrating levels of CD8+ T cell, CD4+ T cell, neutrophil and dendritic cell 

(Figure 13D). FGF1 expression has significant positive correlation with infiltrating 

levels of CD8+ T cell, CD4+ T cell, macrophage, neutrophil and dendritic cell but no 

relation with infiltrating levels of B cell (Figure 13E). LEPR expression has no 

relation with infiltrating levels of neutrophil and significant negative correlation with 

infiltrating levels of B cell, CD8+ T cell, CD4+ T cell, macrophage and dendritic cell 
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(Figure 13H). LTBR expression has no relation with infiltrating levels of CD8+ T cell 

and significant positive correlation with infiltrating levels of B cell, CD4+ T cell, 

macrophage, neutrophil and dendritic cell (Figure 13J). NR1H3 expression has 

significant positive correlation with infiltrating levels of B cell, CD8+ T cell, 

neutrophil and no relation with infiltrating levels of CD4+ T cell, macrophage and 

dendritic cell (Figure 13K). PGRMC2 expression has no relation with infiltrating 

levels of B cell, CD4+ T cell, macrophage and significant positive correlation with 

infiltrating levels of CD8+ T cell, neutrophil and dendritic cell (Figure 13N). 

Although the results are slightly different, it strongly suggests that most IRGs are 

positively correlated with the level of infiltration of multiple immune cells in HCC. 

Discussion 

HCC is a highly heterogeneous disease with different clinical, pathological, and 

molecular subtypes, which may lead to different sensitivities to therapies and result in 

distinct prognostic results [41, 42]. Immune cells, one of the main CCs of the tumor 

microenvironment and one of the main causes of tumor heterogeneity, play a 

significant role in the formation and development of cancer [43, 44]. To date, 

immunotherapeutic approaches for HCC have shown encouraging results. 

Programmed cell death protein-1 inhibitors, including nivolumab and pembrolizumab, 

have received accelerated approval for the treatment of advanced HCC based on the 

promising outcomes of phase I/II clinical trials [45, 46]. However, recent phase III 

studies have failed to demonstrate statistically significant improvement compared to 

other treatment options [47, 48]. Although systemic therapy shows a certain effect, the 

improvement of the patient’s prognosis is not significant. More recently, epigenetic 

mechanisms, including DNA methylation and histone modification, have received 

much attention in cancer [49, 50]. Dawson MA et al. demonstrated that epigenetic 

alterations can regulate the gene activity and influence the cellular phenotype, which 

also plays an important role in tumorigenesis [51]. In addition, the regulation of gene 

expression by abnormal methylation of DNA in tumor cells and lymphocytes may 

affect the signaling and expression of important proteins in innate and acquired 

immune system functions [52]. Several studies have reported that DNA methylation 
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can regulate the expression of programmed cell death protein-1 and programmed cell 

death protein - Ligand 1 [53-55]. Yonghong Zhang et al. [56] tested and verified that 

the immune system has a distinct DNA methylation signature in HCC, and as cancer 

progresses, the signature intensifies. Therefore, the identification of these 

immune-related abnormal methylation sites is crucial for further research on the 

clinical potential of combining epigenetic drugs with immunotherapy strategies. The 

establishment of this model can not only stratify the prognosis of different patients 

according to the level of DNA methylation but also provide a reference for the early 

diagnosis and new treatment of HCC. 

DNA methylation is a covalent chemical modification that can be inherited but is 

more reversible than gene mutation, which is thought to be an effective predictive tool 

for tumor patients [14]. Genome-wide hypomethylation and the hypermethylation of 

tumor suppressor genes (TSGs) are general features of tumors. These methylation 

changes can be used as potential molecular markers for tumorigenesis and 

development [57-59]. CpG islands have always been the focus of DNA methylation 

research [60], covering approximately 60%–70% of the promoter regions of human 

protein-coding genes, usually with low methylation levels, and the hypermethylation 

of CpG island in the promoter region is associated with transcriptional silencing [61]. 

Studies have indicated that abnormal DNA methylation of TSGs, such as 

cyclin-dependent kinase 4 [62], Ras association domain family 1 isoform A [63], and 

Runt-related transcription factor 3 [64], is considered to be an early indication of 

cancer and maybe a potential biomarker of HCC [65]. Wang et al. conducted a 

systematic review to find that CpG island methylator phenotype was significantly 

associated with the prognosis of HCC [66]; Cheng et al. identified six HCC-specific 

hypermethylation sites as potential diagnostic biomarkers, and this combination had a 

92% sensitivity in predicting HCC [23]; Neumann et al. determined three TSGs, 

including period homolog 3, insulin-like growth-factor-binding protein, acid-labile 

subunit, and protein Z, indicating that promoter hypermethylation is indeed the cause 

of gene silencing [67]. In this study, we selected methylation sites located in the 

promoter region to construct molecular subtypes related to the prognosis of HCC and 
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tried to integrate multiple DNA methylation sites related to immunity to stratify the 

HCC patients, with a view to providing a promising target for clinical practice. 

Hence, we integrated the gene expression and methylation data associated with 

IRGs to explore the aberrant DNA loci that can drive and regulate the IRGs. 

Subsequently, a consensus clustering analysis was performed on key methylation sites 

to discover molecular subgroups related to the prognosis of HCC. We found that the 

survival difference among each subtype is statistically significant (Figure 4A), and 

every subtype has different clinical characteristics. In addition, we annotated the 830 

specific methylation sites and obtained 513 genes located in the promoter region. 

Combining this with transcriptome data, we extracted the expression of these genes in 

each sample. As is well known, the level of gene expression has a profound influence 

on the regulation of cell’s vital activities. Our results (Figure 5A) indicated that the 

methylation modification in the promoter region of these genes and their expression 

have a certain regulatory relationship. To obtain a deeper understanding of the 

function of these genes, we performed GO and KEGG enrichment analysis on these 

513 genes. GO enrichment analysis provides a simple annotation of gene products 

from BP, CC and MF, and the results of KEGG can help us decipher gene pathways. 

GO enrichment results showed that these genes are mainly involved in the regulation 

of leukocyte activation, positive regulation of cytokine production, and T cell 

activation (Figure 7A), which are closely related to immunity and inflammation in the 

BP. Studies have shown that cytokines are the main cause of HBV infection, and the 

HBV-infected liver can form a complex immune response network under the 

interaction of various cytokines and immune cells, thereby promoting the occurrence 

and development of hepatitis B [68]. In MF, these genes primarily regulate receptor 

ligand activity, receptor modulating activity, and growth factor activity (Figure 7C). In 

CC, they are mainly involved in the composition of various complexes. Meanwhile, 

KEGG enrichment analysis results (Figure 7D) indicated that these genes are mainly 

involved in cellular immune processes and the regulation of classical tumor signals, 

such as cytokine–cytokine receptor interaction, Th17 cell differentiation, the MAPK 

signaling pathway, and the JAK-STAT signaling pathway (Figure 7D). 
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Because HCC is a tumor with high heterogeneity at the molecular and 

histological levels, the molecular subtypes identified by this model may help to 

gradually move the HCC molecular subtypes from the purely academic context to the 

clinical setting. At present, the molecular subtypes of breast cancer [69, 70], ovarian 

cancer [71], cervical cancer [72], and some other common tumors are used to guide 

the selection of clinical treatment, while many other tumors are also gradually 

included in clinical studies. Molecular classification can reflect different biological 

backgrounds and has potential significance in the early diagnosis and treatment of 

patients. Based on transcriptome data, two major molecular subtypes of PLC have 

been proposed: proliferative and non-proliferative [73, 74]. Because HCC is a typical 

inflammatory disease, tumor microenvironment is getting more and more attention in 

HCC. Hence, a classification method of HCC based on immune status has gradually 

been developed. Shimada et al. analyzed the gene expression and mutation 

information in postoperative tissues, combined with the multi-omics data in TCGA 

database, successfully dividing HCC into three subtypes, and this classification 

method was closely related to the immune spectrum [75]. Sia et al. identified two 

molecular subtypes related to HCC immunity through pathology and 

immunohistochemistry [76]. Huang et al. combined transcriptome and methylation 

data to identify four HCC subclasses with significant prognostic differences and high 

sensitivity and specificity [77]. Compared with previous studies, our research not only 

combined transcriptome data and DNA methylation profiles but also extracted a large 

number of IRGs from specialized immunological databases. The LASSO regression 

analysis based on the consistent clustering analysis was performed on methylation 

sites that can drive IRGs to construct a prognosis model of HCC. To our knowledge, 

this is the first model to explore the relationship between immune-related methylation 

sites and gene expression levels and the prognosis of HCC. Our investigation created 

a new prognosis for DNA methylation sites of the IRG model. At the same time, we 

verified the model in the testing group, and the results showed that the model can be 

used as a prognostic tool for HCC. Finally, we obtained the IRGs driven by the 16 

CpG sites in the model, and the verification of these 16 IRGs further demonstrated the 

accuracy of our model. We also demonstrated that most IRG-related DNA 
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methylation sites are significantly correlated with the level of infiltration of multiple 

immune cells in HCC. 

Similar to other research works on prognosis models, our study also has some 

limitations. First of all, there are only 450k methylation data in TCGA database, and 

although the internal validation results demonstrated the accuracy of the model, 

further validation is still needed for better clinical application. Furthermore, we did 

not compare the methylation sites in this model with specific biomarkers of HCC such 

as serum AFP. If the model can be further validated in the clinic, this may be a worthy 

research direction. Notably, the efficacy of immunotherapy is based on the degree of 

infiltration of immune cells in the tumor, and we did not perform immune infiltration 

analysis on immune genes driven by methylation sites in the model. Nevertheless, we 

systematically and comprehensively analyzed the application value of the IRG-related 

DNA methylation prognostic model in HCC and provided a new perspective for the 

individualized treatment of HCC. We believe that individualized precision treatment 

in HCC will progress significantly in the coming years. 

Conclusion 

Based on the DNA methylation data and mRNA expression profiles related to 

IRGs in TCGA database, we constructed a model of 16 IRG-related methylation sites 

and further verified their prognostic value in the validation set. The model can help in 

the identification of new biomarkers as well as precise therapeutic targets in HCC 

patients. Furthermore, it may be helpful for the prognosis prediction, clinical 

diagnosis, and the treatment of patients with different epigenetic subtypes of HCC. 
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Figure Legends 

Figure 1. The consensus cluster analysis of various DNA methylation prognosis 

subgroups in hepatocellular carcinoma. (A) The CDF curve among clusters for every 

category number k. (B) The Delta area curves for consensus clustering (y-axis 

represents the relative change in area under the CDF curve, and the abscissa means 
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the category number k), which indicates the relative change in area under the CDF 

curve for each category number k compared to k - 1. 

Figure 2. The color-coded heatmap of the consensus matrix for seven molecular 

subgroups classification obtained by applying the consensus cluster (1 to 7 in the 

legend represent Cluster 1 to 7); the color gradient indicates the consensus value from 

0 to 1; white indicates 0, and dark blue indicates 1). 

Figure 3. The heatmap of 840 methylation sites of the seven clusters (the heatmap 

combined DNA methylation classification with age, gender, TNM stage, and 

clinicopathological stage as the annotations). 

Figure 4. The prognostic difference and the distribution of different clinical factors 

among seven clusters. (A) Prognosis difference among seven clusters. The horizontal 

axis represents the survival time (year), the vertical axis represents the survival rate, 

and the p-value represents the significance of the difference between the clusters. 

Distribution proportion of age (B), gender (C), grade (D), stage (E), T staging (F), N 

staging (G), and M staging (H) among seven clusters. 

Figure 5. The heatmap of the gene expression of specific CpG sites and the 

methylation level of differential methylation sites among the seven clusters. (A) 

Heatmap of 513 gene expressions in seven DNA methylation clusters. (B) Heatmap of 

differential methylation levels of 238 specific CpG sites for each DNA methylation 

prognosis subtype. The red bars represent hypermethylated CpG sites or 

hypomethylated CpG sites, and the blue bars indicate there was no significance in the 

methylation level of CpG sites among all clusters. 

Figure 6. Box plot of the methylation level (z-score) of CpG sites in the seven 

clusters (compared to other clusters, cluster 5 has the highest methylation level). 

Figure 7. Gene ontology (GO) and Kyoto Encyclopedia of Genes and Genomes 

(KEGG) enrichment analysis of 840 annotated genes associated with prognosis 

methylation sites (the size of the dots is proportional to the number of genes enriched; 

the color of the dot is the degree of significance, the degree of significance gradually 

increases from red to blue, and the line indicates that there is a correlation between the 

two entries). (A) The first 30 items enriched by the biological process in GO analysis. 

(B) The first 30 items enriched by cellular component in GO analysis. (C) The first 30 
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items enriched in molecular function in GO analysis. (D) The first 20 items enriched 

in KEGG analysis. 

Figure 8. The least absolute shrinkage and selection operator regression constructs a 

prognostic model of DNA methylation sites associated with immune genes in 

hepatocellular carcinoma. (A) Change track of each independent variable. The 

horizontal axis represents the logarithmic value of the independent variable λ, and the 

vertical axis represents the coefficient of the independent variable. (B) The confidence 

interval of each λ; the x-axis represents the range of λ values, and the y-axis 

represents the partial likelihood deviance; when the y-axis takes the minimum values, 

the λ value and the number above the x-axis are the optimal numbers of prognostic 

models. 

Figure 9. The verification of the stability and reliability of the prognosis prediction 

model for patients with hepatocellular carcinoma in the training sets. (A) The 

prognostic differences between high- and low-risk groups in the training set. (B) The 

distribution of risk scores in high- and low-risk groups in the training set. (C) The 

relationship between risk score and survival status in the training set (as the risk score 

increases, the number of deaths gradually increases). (D) The distribution of 

methylation sites between high- and low-risk groups in the prognostic model (from 

the low-risk group to the high-risk group, the methylation level of each methylation 

site gradually decreases). (E) The receiver operating characteristic (ROC) curve in the 

training set. AUC: area under the curve. 

Figure 10. The verification of the stability and reliability of the prognosis prediction 

model for patients with hepatocellular carcinoma in the test set. (A) The prognostic 

differences between high- and low-risk groups in the test set. (B) The distribution of 

risk scores in high- and low-risk groups in the test set. (C) The relationship between 

risk score and survival status in the test set (as the risk score increases, the number of 

deaths gradually increases). (D) The distribution of methylation sites between high- 

and low-risk groups in the prognostic model (from the low-risk group to the high-risk 

group, the methylation level of each methylation site gradually decreases). 

Figure 11. Genetic alterations of immune-related genes driven by 16 CpG sites in the 

model. 
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Figure 12. Pearson analysis between the DNA methylation levels of 16 CpG sites in 

the model and the expression of immune-related genes driven by DNA methylation 

sites. 

Figure 13. Correlation of 16 immune-related genes expression with immune 

infiltration level in LIHC (From top to bottom: BDNF, CCR6, CIITA, ESR1, FGF1, 

FGF14, 1L18RAP, LEPR, LTBP1, LTBR, NR1H3, NR6A1, PKA1, PGRMC2, RGL2 

and TAPBP). 

Table 1: Clinical information of patients with hepatocellular carcinoma in the training 

and validation set 

Table 2: The data of the top 20 CpG sites in 830 methylation sites associated with the 

overall survival of hepatocellular carcinoma. 

Supplementary Tables 1: The top 30 items enriched Biological process GO 

annotations 

Supplementary Tables 2: The top 30 items enriched Cellular component GO 

annotations 

Supplementary Tables 3: The top 30 items enriched Molecular function GO 

annotations 

Supplementary Tables 4: The top 20 items enriched KEGG pathways. 
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Figures

Figure 1

The consensus cluster analysis of various DNA methylation prognosis subgroups in hepatocellular
carcinoma. (A) The consensus cumulative distribution function (CDF) curve among clusters for every
category number k. (B) The Delta area curves for consensus clustering (y-axis represents the relative
change in area under the CDF curve, and the abscissa means the category number k), which indicates the
relative change in area under the CDF curve for each category number k compared to k - 1.



Figure 2

The color-coded heatmap of the consensus matrix for seven molecular subgroups classi�cation obtained
by applying the consensus cluster (1 to 7 in the legend represent Cluster 1 to 7); the color gradient
indicates the consensus value from 0 to 1; white indicates 0, and dark blue indicates 1).



Figure 3

The heatmap of 840 methylation sites of the seven clusters (the heatmap combined DNA methylation
classi�cation with age, gender, TNM stage, and clinicopathological stage as the annotations).



Figure 4

The prognostic difference and the distribution of different clinical factors among seven clusters. (A)
Prognosis difference among seven clusters. The horizontal axis represents the survival time (year), the
vertical axis represents the survival rate, and the p-value represents the signi�cance of the difference
between the clusters. Distribution proportion of age (B), gender (C), grade (D), stage (E), T staging (F), N
staging (G), and M staging (H) among seven clusters.



Figure 5

The heatmap of the gene expression of speci�c CpG sites and the methylation level of differential
methylation sites among the seven clusters. (A) Heatmap of 513 gene expressions in seven DNA
methylation clusters. (B) Heatmap of differential methylation levels of 238 speci�c CpG sites for each
DNA methylation prognosis subtype. The red bars represent hypermethylated CpG sites or
hypomethylated CpG sites, and the blue bars indicate there was no signi�cance in the methylation level
of CpG sites among all clusters.



Figure 6

Box plot of the methylation level (z-score) of CpG sites in the seven clusters (compared to other clusters,
cluster 5 has the highest methylation level).



Figure 7

Gene ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis of 840
annotated genes associated with prognosis methylation sites (the size of the dots is proportional to the
number of genes enriched; the color of the dot is the degree of signi�cance, the degree of signi�cance
gradually increases from red to blue, and the line indicates that there is a correlation between the two
entries). (A) The �rst 30 items enriched by the biological process in GO analysis. (B) The �rst 30 items
enriched by cellular component in GO analysis. (C) The �rst 30 items enriched in molecular function in
GO analysis. (D) The �rst 20 items enriched in KEGG analysis.



Figure 8

The least absolute shrinkage and selection operator regression constructs a prognostic model of DNA
methylation sites associated with immune genes in hepatocellular carcinoma. (A) Change track of each
independent variable. The horizontal axis represents the logarithmic value of the independent variable λ,
and the vertical axis represents the coe�cient of the independent variable. (B) The con�dence interval of
each λ; the x-axis represents the range of λ values, and the y-axis represents the partial likelihood



deviance; when the y-axis takes the minimum values, the λ value and the number above the x-axis are the
optimal numbers of prognostic models.

Figure 9

The veri�cation of the stability and reliability of the prognosis prediction model for patients with
hepatocellular carcinoma in the training sets. (A) The prognostic differences between high- and low-risk
groups in the training set. (B) The distribution of risk scores in high- and low-risk groups in the training



set. (C) The relationship between risk score and survival status in the training set (as the risk score
increases, the number of deaths gradually increases). (D) The distribution of methylation sites between
high- and low-risk groups in the prognostic model (from the low-risk group to the high-risk group, the
methylation level of each methylation site gradually decreases). (E) The receiver operating characteristic
(ROC) curve in the training set. AUC: area under the curve.

Figure 10

The veri�cation of the stability and reliability of the prognosis prediction model for patients with
hepatocellular carcinoma in the test set. (A) The prognostic differences between high- and low-risk
groups in the test set. (B) The distribution of risk scores in high- and low-risk groups in the test set. (C)
The relationship between risk score and survival status in the test set (as the risk score increases, the
number of deaths gradually increases). (D) The distribution of methylation sites between high- and low-
risk groups in the prognostic model (from the low-risk group to the high-risk group, the methylation level
of each methylation site gradually decreases).



Figure 11

Genetic alterations of immune-related genes driven by 16 CpG sites in the model.



Figure 12

Pearson analysis between the DNA methylation levels of 16 CpG sites in the model and the expression of
immune-related genes driven by DNA methylation sites.



Figure 13

Correlation of 16 immune-related genes expression with immune in�ltration level in LIHC (From top to
bottom: BDNF, CCR6, CIITA, ESR1, FGF1, FGF14, 1L18RAP, LEPR, LTBP1, LTBR, NR1H3, NR6A1, PKA1,
PGRMC2, RGL2 and TAPBP).
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