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ABSTRACT

Background: Mutations in TERT promoter are established gatekeepers in early 

hepatocarcinogenesis, but little is known about other molecular alterations driving this process. Epigenetic 

deregulation is a critical event in early malignancies. Thus, we aimed: 1) to analyze DNA methylation 

changes during the transition from preneoplastic lesions to early HCC (eHCC) and to identify candidate 

epigenetic gatekeepers, and 2) to assess the prognostic potential of methylation changes in cirrhotic tissue.

Methods: Methylome profiling was performed using Illumina HumanMethylation450 (485,000 

CpG, 96% of known CpG islands), with data available for a total of 390 samples: 16 normal liver, 139 

cirrhotic tissue, 8 dysplastic nodules and 227 HCC samples, including 40 eHCC below 2cm. 

Results: A phylo-epigenetic tree derived from the euclidean distances between differentially DNA 

methylated sites (n=421,997) revealed a gradient of methylation changes spanning normal liver, cirrhotic 

tissue, dysplastic nodules and HCC with closest proximity of dysplasia to HCC. Focusing on promoter 

regions, we identified epigenetic gatekeeper candidates with an increasing proportion of hypermethylated 

samples (beta value >0.5) from cirrhotic tissue (<1%), to dysplastic nodules (>=25%), to eHCC (>50%), 

and confirmed inverse correlation between DNA methylation and gene expression for TSPYL5, KCNA3, 

LDBH and SPINT2 (all p<0.001). Unsupervised clustering of genome-wide methylation profiles of cirrhotic 

tissue identified two clusters, M1  and M2 with 42% and 58% of patients, respectively, which correlate 

with survival (p<0.05), independent of etiology.

Conclusions: Genome-wide DNA methylation profiles accurately discriminate the different 

histological stages of human hepatocarcinogenesis. We report novel epigenetic gatekeepers in the transition 

between dysplastic nodules and eHCC. DNA methylation changes in cirrhotic tissue correlate with clinical 

outcomes.
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INTRODUCTION

Hepatocellular carcinoma (HCC), the most common form of primary liver cancer, typically occurs 

in patients with chronic liver disease, mainly cirrhosis. Hepatitis B (HBV) and C (HCV) virus infection, 

alcohol use disorder, and non-alcoholic fatty liver disease are the major etiologies(1). In the United States 

(US), the liver cancer death rate increased 43% between 2000 and 2016(2). There is a limited 

understanding of the molecular events leading to malignant transformation in the context of cirrhosis(3). 

Specifically, little is known about the molecular mechanisms that govern the transition from cirrhosis to 

dysplasia and early HCC. TERT promoter mutations are the only bone fide early molecular events in 

hepatocarcinogenesis(3–6). They occur in 6-17% of dysplastic nodules, with higher prevalence in high-

grade dysplasia compared to low-grade dysplasia, increasing to 35% in early HCC below 2 cm in size and 

up to 60% in larger HCC(4–6). 

Aberrant DNA methylation has been reported as an early event in cancer development in many 

tumor types(7,8). For example, in colon cancer, DNA methylation has been associated with microsatellite 

instability caused by promoter epigenetic silencing(8). Expression of microRNAs, which control protein 

expression pathways post-transcriptionally, can also be modified epigenetically(8). Global DNA 

hypomethylation in colon cancer can cause chromosomal instability and facilitate malignant 

transformation(8). In HCC, in addition to molecular signals from the tumor, we have identified 

transcriptomic signals from the adjacent non-tumoral cirrhotic tissue that correlated with outcomes in HCC 

patients treated with resection(9). We have also identified a DNA methylation signature from HCC tumor 

tissue correlated with survival in patients with early tumors treated with surgical resection with prognostic 

capacities in terms of survival (10). Previous studies have analyzed DNA methylation changes in 

HCC(11,12), but  little is known about genome-wide DNA methylation changes in cirrhosis or 

preneoplastic lesions in HCC patients. Considering the contribution of DNA methylation to gene 

expression and chromosomal stability, we hypothesized that DNA methylation changes contribute to 

malignant transformation in the liver.

Thus, this study aimed at mapping DNA methylation changes across the different histological 

stages of human hepatocarcinogenesis. To do so, we analyzed genome-wide DNA methylation profiles of 

390 tissue specimens including HCC, cirrhosis, dysplasia and normal liver from 248 patients and integrated 

gene expression data to identify novel epigenetic HCC gatekeepers. We also described how DNA 

methylation alterations in  the adjacent non-tumoral tissue are able to discriminate HCC patients based on 

their outcomes. 
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PATIENTS AND METHODS

Human samples

Human samples were obtained from HCC resection specimens from three institutions of the HCC 

Genomic Consortium as part of the Heptromic initiative(10). This included the IRCCS Istituto Nazionale 

Tumori in Milan (Italy), the Hospital Clinic in Barcelona (Spain), and Mount Sinai Hospital in New York 

(USA). The study was approved by the IRB of each institution and patients provided written consent for 

tissue analyses. DNA extraction was performed as previously reported(10). Genome-wide methylome 

profiling was conducted on 144 samples using the Illumina Infinium HumanMethylation450 BeadChip 

array (Illumina, Inc., San Diego, CA) that interrogates more than 485,000 cytosine-phosphateguanine 

(CpG) sites covering 96% of known CpG islands. New samples analyzed included 6 normal liver tissue 

(i.e., adjacent histological normal liver from hepatic resections due to a non-tumoral disease such as 

hemangioma), 130 cirrhosis, and 8 dysplastic nodules (2 high grade and 6 low grade). The 130 cirrhotic 

tissue samples were adjacent to tumor tissue previously analyzed with this technology (n= 227 HCC 

samples)(10). In total, this study analyzed DNA methylation profiles of 390 tissue samples (246 previously 

reported(10) and 144 newly analyzed for this study) from a total of 248 patients (Fig.1). Sample 

distribution was: 16 without liver disease (i.e., normal liver), 8 dysplastic nodules, 139 cirrhosis and 227 

HCC. We also integrated corresponding RNA expression data from 139 cirrhosis, and 205 HCC tissue 

samples (total of 344 samples) matching our DNA methylation set. Processing of transcriptome data (i.e., 

normalization, background correction, and filtering) was conducted as previously reported (13).

Data analysis

DNA methylation and gene expression

In order to study differential DNA methylation between normal liver, dysplastic nodules, cirrhotic 

tissue and HCC tissue, F-scores directly proportional to the variability of beta values between groups were 

calculated. We then calculated euclidean distances to derive phylo-epigenetic trees(14) and performed 

differential gene expression analysis and pathway enrichment analysis. Detailed analysis is available in the 

supplementary methods.

Identification of candidate epigenetic HCC gatekeepers

To reduce the dimensionality of the dataset we restricted this analysis to probes located in the 

promoter regions (i.e. TSS200, TSS1500, 5’UTR (untranslated region) and 1st Exon regions) and excluded 

those in sex chromosomes, leaving n=159,892 probes for further analysis. We defined hypermethylation as 

beta values greater than 0.5 and hypomethylation as beta values less than 0.3 as per our previous 

publication(10). Probes hypermethylated in 0% of normal livers, less than 1% of cirrhotic tissue, greater 

than 25% of dysplastic nodules (always including hypermethylation of the high grade nodules) and greater A
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than 50% of early HCC (size below 2 cm) were further included in the analysis. The same thresholds were 

used to identify hypomethylated probes. Gene expression of those probes was then correlated to 

methylation in cirrhosis, early HCC and progressed HCC (size ≥2 cm). Gene expression of dysplastic 

nodules was not available for analysis. Genes were defined as potential gatekeepers if gene expression and 

DNA methylation were significantly and negatively correlated (Pearson) at a level equal to or less than -

0.3. Given our access to genome-wide DNA methylome data, methylation profiles of previously reported 

aberrantly methylated or mutated genes in HCC and other cancers (10–12,15–18) were also evaluated in 

our dataset to test for their alteration in our samples (Suppl. Table S1).

The following datasets were used for external validation: First, an external dataset including six 

liver cirrhosis, eleven dysplastic nodules, nine early HCC, and six progressed HCC was accessed 

(https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE99036). Secondly, the TCGA hepatocellular 

carcinoma dataset including 50 normal, and 256 HCC samples with available DNA methylation and gene 

expression data (50 normal, 212 HCC) was accessed via TCGA Wanderer(19).

DNA methylation-based molecular classes in cirrhosis and outcome analysis

To discover DNA-methylation based molecular classes in cirrhosis, we performed unsupervised 

clustering of all probes of the cirrhotic samples (130 samples, n=421,997 sites, sex chromosomes excluded) 

via Kmeans algorithm. Only patients with available DNA methylation and gene expression data were 

included. Kmeans is a method of cluster analysis that aims to partition n observations into k clusters in 

which each observation belongs to the cluster with the nearest mean while minimizing the variance within 

clusters(20). The optimal number of clusters was calculated by the gap statistic(21) and average silhouette 

method(22), which measure the quality of clusters based on the cohesion within one cluster when compared 

to others and both yield 2 clusters as optimal for our dataset. The same 2 clusters were also identified and 

visualized via uniform manifold approximation (UMAP)(23). Once the patients were partitioned into two 

groups (M1 and M2) by unsupervised clustering, we used log-rank test and Kaplan-Meier curves to assess 

the relationship between the clusters and overall survival (n=125). Overall survival was defined as the time 

between sampling (i.e. resection) and death of any cause or censored when alive at last follow-up. Cox’s 

regression was used to model the contribution of clinical variables and methylation clusters to overall 

survival.

In order to identify differences in DNA methylation between the M1 and M2 clusters, we 

conducted differentially methylated regions analysis using limma and minfi R packages for pairwise 

comparisons(24). A threshold of at least a log fold change of 0.1 in the beta values was used to include a 

probe as significant with adjusted p-values < 0.05, which yielded 4,100 CpG sites. We performed an 

enrichment analysis for gene ontology terms and KEGG pathways using as input the median methylation 

status per gene. A heatmap showing the differentially methylated beta values was drawn over the cirrhotic A
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samples, highlighting the differences between the two clusters with the heatmap2 package. The groupings 

based on gene expression of the cirrhotic tissue by Hoshida et al. are also presented in the same figure, 

alongside with the etiology of liver disease(9). Differential gene expression analysis between M1 and M2 

clusters and gene enrichment was conducted using default negative binomial modeling and moderate t-tests 

using limma and edgeR packages to perform a pairwise comparison between the clusters previously 

selected with UMAP and Kmeans.
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RESULTS

Aberrant DNA methylation delineates the transition between normal liver to early HCC

We first sought to evaluate differences in genome-wide DNA methylation profiles across the 

histological spectrum of human hepatocarcinogenesis. In detail, genome-wide DNA methylation data was 

available for 390 samples, including 16 samples of normal liver tissue, 139 cirrhosis, 8 dysplastic nodules 

(including 6 low-grade and 2 high-grade dysplastic nodules), and 227 HCC tissue (43 with small tumors 

defined as less than 2 cm, i.e., early HCC, and 184 with tumors larger than 2 cm, i.e., progressed HCC) 

(Fig. 1). The clinical and demographic characteristics have been previously reported (10), and included 

mostly male patients (78%) with a median age of 66 years, chronic hepatitis C as the main etiology (47%), 

and well preserved liver function (Child-Pugh A in 96%). HCC patients had mostly early stage tumors 

(87% BCLC 0/A), and 35% had microvascular invasion.

Using euclidean distance between the 100 top differentially methylated CpG sites across the 

different histological stages, we found that normal tissue is homogeneously linearly clustered (Fig. 2a). 

Closest to normal, cirrhotic tissue (mean euclidean distance to normal 37.54, standard deviation [SD] 5.74) 

begins to exhibit some heterogeneity. HCC, which is most different from normal (mean euclidean distance 

to normal 45.53, SD 4.04), has the highest heterogeneity when compared to the other histological lesions. 

Dysplastic nodules were interspersed within cirrhotic and HCC tissue (mean euclidean distance to normal 

40.03, SD 4.92). Replicating the phyloepigenetic tree by resampling and downsizing the cirrhotic and HCC 

groups to compensate for the disproportionate sample sizes maintained these changes. Specifically, the 

stepwise increase in euclidean distance for cirrhotic, dysplastic, and HCC tissue from the normal was 

maintained and the euclidean distances between normal and cirrhotic tissue and normal and HCC tissue 

were similar after reducing sample size (Suppl. Fig. S1). Fig. 2b shows the clustering by tissue type for the 

first two principal components. After observing the significant stepwise methylation changes that 

differentiate normal liver from diseased tissue (Fig. 2a, Suppl. Fig S1a), we sought to explore specific 

differences between histological tissue types. The differential methylation analysis between each condition 

(normal, cirrhotic, dysplastic, and HCC) revealed the highest number of differentially methylated regions 

(DMRs) between cirrhotic and HCC with ~75% of probes significantly altered (~45% hypermethylated and 

~30% hypomethylated), followed by normal versus HCC samples with ~50% of probes altered (Fig. 2c). 

Comparisons across cirrhotic, dysplastic and normal tissue samples showed the lowest number of probes 

significantly altered, under 15% of probes. This is similar to gene expression data, where the highest 

number of altered genes was found when comparing HCC to preneoplastic stages rather than in the 

comparison within preneoplastic stages or HCC stages (early vs advanced), respectively(25).

We next performed gene set enrichment analysis to identify altered pathways involved in these 

transitions (Suppl. Fig. S2). Between cirrhosis and dysplastic nodules we found alterations in several 

metabolic pathways involved in insulin secretion and glycerolipids, and in transcriptional misregulation in A
cc

ep
te

d 
A

rt
ic

le

https://paperpile.com/c/kpVSQp/4vvl0
https://paperpile.com/c/kpVSQp/xG6bU


This article is protected by copyright. All rights reserved

cancer. We also found enrichment in pathways involved in cell cycle, cellular senescence, autophagy, 

MAPK, Wnt and mTOR signaling. Between cirrhosis and HCC, we found upregulation of ferroptosis and 

increased carbohydrate absorption, as well as glycosaminoglycan biosynthesis and arginine and proline 

metabolism. These pathways have been associated with cellular proliferation and wound healing through 

fibroblast and hepatocyte growth factor signaling(26) and initiation of metastasis in breast cancer(27), 

respectively. An increase in the methylation of genes associated with cancer and cell cycle was observed in 

dysplastic nodules compared to normal liver tissue. Differences between HCC and dysplastic nodules were 

dominated by hypermethylation of genes encoding chemokines and Jak-STAT signaling (STAT1-6, IL4-

10). This is in line with previous reports showing downregulation of genes related to the immune response, 

cytokine–cytokine receptor interactions, and the Jak-STAT pathway when comparing preneoplastic lesions 

and early HCC (25).

Identification of novel candidate epigenetic gatekeeper in hepatocarcinogenesis

Next we sought to identify potential novel epigenetic gatekeepers during the early transformation 

of HCC. We looked for genes showing a stepwise increase in hypermethylation from cirrhotic tissue (<1% 

of samples hypermethylated) to dysplastic nodules (≥25% of samples hypermethylated) and small HCC 

(≥50% of samples hypermethylated) (Fig. 3a). This approach resembles the stepwise increase in mutation 

frequency of TERT promoter, a bone fide gatekeeper for HCC development(4). We identified 30 potential 

epigenetic gatekeepers (29 CpG sites in a total of 25 genes with stepwise increase in hypermethylation, 

with 4 genes having two CpG sites each, and 5 CpG sites with stepwise hypomethylation) (Suppl. Fig. S3). 

We further integrated our 30 epigenetic gatekeeper candidates with corresponding RNA expression data 

(available for 344 patients, representing 89% of the cohort). When we correlated DNA promoter 

methylation and gene expression we found a significant (all p<0.001) inverse correlation for TSPYL5 (r=-

0.31), KCNA3 (r=-0.33), LDHB (r=-0.46) and SPINT2 (r=-0.43) (Fig. 3b, relationship to 

clinicopathological variables on Suppl. Table S2; Suppl. Table S3 for remaining non-significant 

candidates). These genes are involved in TP53, cAMP, serine protease and NADH regulation.

For validation purposes, we utilized two external datasets. In the first dataset, which included six 

liver cirrhosis, eleven dysplastic nodules, nine early HCC, and six progressed HCC, we were able to 

confirm the stepwise increase in hypermethylation for the majority of sites of our gatekeepers throughout 

hepatocarcinogenesis from liver cirrhosis to dysplasia to HCC (Suppl Fig. S4). Secondly, we used the 

TCGA hepatocellular carcinoma dataset including 50 normal, and 256 HCC samples, and found that all of 

our 4 gatekeepers were significantly hypermethylated in HCC compared to normal controls. Importantly, 

we were also able to confirm downregulation of gene expression of our 4 gatekeepers in HCC (n=212) 

compared to controls (see new Suppl Fig. S5). A
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To confirm the internal validity of our dataset, we analyzed the DNA methylation status of reported 

epidrivers in HCC(10–12,18). We found that APC, CDKL2, DRD4, EFNB2, FAM196A, FOXE3, NEFH, 

NKX6-2, TBX15, and ZIC1 were significantly hypermethylated in early HCC samples compared to cirrhotic 

controls  (Suppl. Table S4). These genes are related to transcription factors, cell cycle and Wnt/beta-

catenin pathway, all frequently deregulated in fully established  HCC. However, only NKX6-2 met our 

strict criteria to define candidate epigenetic HCC gatekeepers with a stepwise increase of hypermethylation 

across tissue types (Suppl. Fig. S3). We also explored the DNA methylation status of driver genes 

commonly mutated, amplified, or deleted in HCC(15) and other solid cancers(16,17) (Suppl. Table S4). 

Among 159 mutated driver genes previously reported in HCC(15), three presented a stepwise increase in 

hypermethylation from normal and cirrhotic tissue to dysplastic nodules and small HCC (<2cm) (i.e. 

COL16A1, COL7A1, and FAT4). Regarding genes commonly mutated, amplified or deleted among other 

solid cancers(16,17), two of the 252 tested genes showed this pattern (i.e., HIST1H3B, and IKZF1).

DNA methylation identifies clinically-relevant subclasses of cirrhotic tumor-adjacent tissue

Given the role of gene expression from adjacent tumor tissue to predict risk of HCC and survival after 

resection (9,28), we speculated about the role of DNA methylation changes in this context. Specifically, we 

evaluated if there were different molecular subclasses of cirrhotic adjacent non-tumor tissue based on 

genome-wide DNA methylation alterations. We included 130 patients with DNA methylation from 

adjacent non-tumoral tissue (94% of patients with cirrhotic tissue samples). The clinical characteristics of 

this subset are displayed in Table 1. We identified two robust clusters using Kmeans, which we termed M1 

and M2. M1 and M2 contained 55 (42%) and 75 (58%) patients, respectively. This partition was deemed 

optimal by the average silhouette and gap statistic methods. 31,198 CpG sites were found to be 

hypomethylated in M1 compared to M2 while 107,187 CpG sites were found to be hypermethylated. 

293,953 CpG sites did not significantly differ between the groups (Fig. 4a). These two clusters were also 

obtained when using UMAP (Uniform Manifold Approximation and Projection) (Fig. 4c). The prognostic 

capability of DNA methylome from tumor-adjacent cirrhotic tissue was evidenced by the Kaplan-Meier 

plot including 125 patients with available outcome data (Fig. 4b), which shows that M1 and M2 are 

predictive of survival in HCC with shorter overall survival in patients classified as M2 compared to M1 

class (mean survival 51.9 versus 60.1 months, p<0.001). Clinical characteristics of the M1 and M2 class are 

displayed in Table 1. Of note, HCV was more common among the M2 class compared to the M1 class 

(61% versus 22%, p<0.001) and patients in the M2 class had higher levels of serum bilirubin (1.2 versus 

0.8 mg/dl, p<0.001), lower platelet counts (122 versus 178 /mm³, p<0.001), and smaller tumor nodules 3.5 

versus 5 cm, p=0.024) (Table 1). In contrast, age, gender, tumor stage according to BCLC classification, 

histopathological tumor grading, presence of vascular invasion or satellite nodules, serum AFP levels, and 

liver function according to Child-Pugh classification were not different between the groups. In univariate A
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Cox regression modeling, our DNA methylation class M2 (HR 1.92, 95% CI 1.16-3.16, p=0.01), number of 

tumor nodules (multiple versus single, HR 2.24, 95% CI 1.39-3.59, p=0.0008), presence of vascular 

invasion (HR 1.88, 95% CI 1.19-2.98, p=0.006), and levels of serum albumin (HR 0.52, 95% CI 0.34-0.79, 

p=0.002) were significant predictors for overall survival, while age, gender, tumor size, presence of satellite 

nodules, AFP, etiology, and independent markers for advanced liver disease (i.e., platelet count and 

bilirubin) were not (Table 2). Previous analysis by Hoshida et al. revealed that gene expression of adjacent 

non-tumoral tissue can be predictive of survival in HCC(9). In our study, we found 65% overlap between 

our two clusters and the Hoshida classes(9), with M2 containing 87% of the Hoshida poor class. 

Correlation with the previously published Hoshida Score was only moderate (r2 = 0.4, p<0.001). As 

expected, Hoshida’s 186-gene signature was predictive of survival in our univariate Cox regression model 

(HR 1.65, 95% CI 1.03-2.66, p=0.03). However, the Hoshida classification lost significance in multivariate 

Cox regression modeling including clinical predictors (tumor nodules, vascular invasion, albumin levels) 

and our methylation classes, while the latter revealed a HR of 1.64 to predict survival (95% CI 0.95-2.84, 

p=0.07) (Table 2). In fact, in multivariate Cox regression modeling directly comparing the 186-gene 

expression signature and our methylation classes, the latter revealed a significant HR of 1.8 (95% CI 1.02-

3.3, p=0.04), while the Hoshida classification was not significant (p=0.35). We determined the spearman 

correlation between the Beta value of each promoter associated site and RNA expression. We filtered this 

list to select for sites with significant correlation after adjusting p-values (67 genes). We then calculated the 

median correlation per gene and found 46 genes in the Hoshida signature with significant negative 

correlation between DNA methylation and gene expression, suggesting they are regulated epigenetically 

via promoter region methylation (Suppl. Fig. S6 and Suppl. Table S5). These findings indicate that DNA 

methylome changes in non-tumoral tissue might be more sensitive to identify HCC patients with poor 

prognosis compared to gene expression analysis, potentially by capturing indicators of early tumorigenesis 

as well as liver deterioration. 

Integrated differential DNA methylation and gene expression analysis 

We found 31,957 CpG sites (FDR <0.05) differentially methylated between clusters M1 and M2 of 

cirrhotic tissue. Top differentially methylated genes are displayed in Suppl. Table S6. Fig. 5a depicts the 

landscape of differential DNA methylation between the groups M1 and M2. These results indicate an 

increase in autophagy and immune activation of pathways for CD4+ T-cell response and differentiation in 

cluster M2, especially because this cluster showed a lower survival probability compared to M1. 

Additionally, cluster M1 showed a decreased methylation of cholesterol metabolism  and neuroactive 

ligand-receptor interactions. This reflects our poor understanding of the upstream of expression signaling 

since there is no reported overlap in literature between these signatures and liver cancer. A
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A differential gene expression analysis for clusters M1 and M2 showed 1,332 genes significantly 

deregulated with false discovery rate below 0.05 (Fig. 5b, Suppl. Table S7). The logFC and FDR values 

for M2 were higher compared to M1 indicating that the expression of these genes is increased for M2 (Fig. 

5b, right panel). This correlates with the increased methylation in M1, demonstrating that the M2 group has 

a higher expression and a lower methylation profile compared to M1. It is critical to point out that a gene 

set analysis for the gene expression results associate regulation of IL10 (an inhibitory interleukin) with 

higher expression in M1, potentially reducing inflammation and cascading into less cell infiltration and 

differentiation (Fig. 5b, lower panel). Although our objective was to explore the DNA methylation profiles 

of cirrhotic samples, we correlated the gene expression profile of clusters M1 and M2 to the Hoshida class. 

The outcome of this comparison draws a clear picture that patients in group M2 were also in the poor 

outcome group for Hoshida score (Fig. 5b, left panel). Single sample gene set enrichment analysis revealed 

that cluster M2 was associated with enrichment of immune, inflammatory, and cell signaling and 

proliferation signatures, including several cancer hallmark signatures, as well as signatures for poor 

outcome in liver cancer compared to M1 (significant gene sets are displayed Fig. 6, Suppl. Table S8). 

Meanwhile, cluster M1 was associated with enrichment of metabolic signatures compared to cluster M2 

(Fig. 6). These results are concordant with the differential methylation results which indicated decreased 

methylation in the cholesterol pathways and increased methylation of immune and inflammatory pathways 

for M1 compared to M2. These results were also compared to other covariates such as the presence of 

HBV, HCV and alcohol consumption without significant differences between M1 and M2.   
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DISCUSSION

Our study provides a comprehensive genome-wide DNA methylation analysis across 390 tissue 

samples from 248 patients covering the whole spectrum of hepatocarcinogenesis from normal liver tissue 

and cirrhosis, through dysplastic nodules, to small and progressed HCC. We reveal that DNA methylation 

accurately discriminates different histological stages during human hepatocarcinogenesis and report on four 

genes as candidate novel epigenetic gatekeepers in the transition from preneoplastic lesions to early HCC. 

In addition, we reveal that the DNA methylome of non-tumoral adjacent cirrhotic tissue captures prognostic 

features in patients with HCC.  

When considering DNA methylation data, we detected the greatest differences between normal 

liver tissue and HCC. HCC samples accumulated the highest variability in terms of DNA methylation 

changes compared to non-malignant tissue. The gradient of DNA methylation changes observed between 

normal, cirrhosis, dysplasia and HCC prompted us to investigate potential new epigenetic gatekeepers in 

hepatocarcinogenesis, particularly in the transition between dysplasia and incipient HCC. Gene mutations 

do not seem to be key drivers of early transformation except for TERT promoter mutations, which are the 

only bone fide gatekeeper known in HCC(3–6). We identified four genes (TSPYL5, KCNA3, LDHB, and 

SPINT2), involved in TP53, cAMP, serine protease and NADH regulation, with a stepwise increase in 

promoter hypermethylation and a corresponding decrease in gene expression when comparing cirrhotic 

non-tumoral tissue with dysplastic nodules and early HCC. TSPYL5, LDHB, and SPINT2 have been 

previously reported as hypermethylated in different cancers, including HCC(12,29–32), while KCNA3 has 

only been reported as hypermethylated in colorectal cancer(33). In colorectal cancer, lncRNA KCNA3 was 

found to inhibit tumor growth through down-regulation of YAP1 which activates genes associated with cell 

proliferation and suppression of apoptosis(33). Low expression of KCNA3 was associated with increased 

TNM stage, distant metastasis and shorter overall survival(33). In HCC, KCNA3 expression has recently 

been associated with overall survival (34). LDHB silencing has been reported as an early transformation 

event in prostate and pancreatic cancers(31). Silencing of LDHB via DNA methylation has been previously 

reported in HCC(12). In pancreatic cancer, LDHB downregulation results in a glycolytic phenotype, which 

promotes invasion and migration under hypoxic conditions(35). Our results are aligned with a previous 

study that failed to find significant differences between LDHB expression and gender, age, tumor size, 

tumor number, AFP status, HBV infection, Child-Pugh score, and BCLC stage in HCC patients(36). The 

mechanism of action and impact of LDHB suppression in HCC has not been fully elucidated, thus the 

impact of this early metabolic adaptation warrants further study. SPINT2 is involved in the inhibition of 

several serine proteases and the formation of active hepatocyte growth factor (HGF) by inhibiting it’s 

activator (37). HGF/SF‐MET pathway is used by multiple cancer types to sustain invasive growth, protect 

against apoptosis and maintenance of cancer stem cell‐like phenotype(37). It has been reported as 

hypermethylated and downregulated in glioblastoma, HCC, renal cell carcinoma and melanoma(37). A
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Increased expression of this inhibitor suppressed invasive growth, suggesting that SPINT2 has tumor 

suppressor activity. TSPYL5 is a frequently hypermethylated and silenced gene in different cancers(38,39). 

Experiments in glioma and gastric cancer cell lines have shown that overexpression of TSPYL5 suppresses 

growth, suggesting a role as a tumor suppressor gene(39). Similar to our results, TSPYL5 methylation has 

been correlated with serum AFP and tumor stage in HCC patients, but not with gender, cirrhosis and tumor 

size(29). Our data further strengthens the notion that it might play a role in field cancerization and 

tumorigenesis. Altogether, low expression of these genes has been associated with increased tumor grade, 

increased metastatic potential and shorter overall survival in HCC (33,36,37,40). We envision two clinical 

implications of our findings. First, knowledge on key epigenetic alterations in hepatocarcinogenesis would 

help to better stratify dysplastic nodules and preneoplastic changes in terms of risk assessment for 

malignant transformation. Interestingly, a recent study has reported an algorithm including sex, AFP, and 3 

methylated DNA markers from cfDNA (including  TSPYL5) to discriminate early stage HCC from controls 

at risk(41). Secondly, better understanding of the affected pathways might help to develop targeted 

approaches for primary prevention of HCC in patients with underlying cirrhosis.

Other studies have previously investigated epigenetic changes in premalignant HCC lesions, but 

unlike our study, most analyzed a small number of candidate genes. A report covering promoter regions of 

eight genes found a general increase of DNA methylation from cirrhotic tissue to dysplastic nodules and 

early HCC, particularly a gradual increase in SOCS1(18). However, most of these genes were already 

hypermethylated in cirrhosis (29-56%), which questions their potential function as epigenetic gatekeepers 

during incipient stages of human hepatocarcinogenesis. Similarly, a small study conducted on eight HBV-

HCC patients confirmed a progressive increase in hypermethylation through the transition from cirrhotic 

tissue to dysplastic nodules and HCC with a peak of hypermethylation in early HCC samples(42). In 

contrast to these studies and others(10,18,42), our study incorporated the largest dataset of genome-wide 

DNA methylation and gene expression across different tissue types in the transition towards early HCC, 

thus allowing a more comprehensive approach in the identification of novel gatekeepers. However, one of 

the limitations of our study is the relatively small sample size of normal tissue and dysplastic nodules. 

Patients with normal liver tissue and dysplastic nodules typically do not undergo liver resection and 

specimens are thus difficult to obtain.

The concept of field effect or cancerization field dates back to 1953, when it was used to explain 

the preconditioning of benign tissue to the development of multiple primary tumors, local recurrence and 

multifocal areas of precancerous change due to long exposure to an insult(43). In HCC specifically, the 

prognostic impact of gene expression in the surrounding non-tumoral tissue of HCC patients has been 

reported before(9). Broadly, cirrhotic tissue can be classified into two classes with good and poor prognosis 

based on gene expression(9). In contrast, little is known about the impact of epigenetic changes of non-

tumoral adjacent tissue on the prognosis of patients with HCC. In this study, we have conducted genome-A
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wide methylome profiling and identified two methylation clusters within the cirrhotic tissue of 139 patients, 

M1 and M2, by unsupervised clustering. Importantly, these clusters correlated with overall survival. When 

comparing these classes in terms of clinical parameters, we did not find differences related to tumor 

characteristics (e.g., size, stage, vascular invasion) and most were related to liver function. Similar to 

previous studies(44), we confirm progressive alterations in DNA methylation correlated with the degree of 

hepatic damage. Further, we evidenced increased enrichment of immune, inflammatory, signaling and 

proliferation in M2 compared to M1. This pattern of dysregulated immune activity in the group with worse 

survival may be associated with the effects of the immune-mediated cancer field that have been previously 

described(45). However, we did not find a significant association of our methylation classes with late 

recurrence of HCC >2 years after resection (i.e. de novo HCC). Given that late recurrences are rare events, 

the lack of significance might be due to the limited sample size of our cohort. 

Aberrant DNA methylation is frequently described as a key alteration involved in cancer 

development and progression (46,47). Global hypomethylation has been linked to genome instability and 

loss of imprinting leading to increased propensity to cancer (48). DNA hypermethylation of promoter 

regions of tumor suppressors drive the transformation from normal tissue to cancer (49). Further, aberrant 

DNA methylation in normal tissue exposed to environmental insults (e.g., UV light, smoking) has been 

suggested as an indicator of propensity to many cancer types by creating an epigenetic cancerization field 

(50,51). However, the evidence connecting aberrant DNA methylation of the adjacent non-tumoral tissue 

and clinical outcomes is scant. In prostate cancer, the DNA methylome of the tumour microenvironment 

was found to correlate with the presence and severity of cancer (52). In colorectal cancer, aberrant DNA 

methylation of normal mucosa correlates with cancer development(51) and hypermethylation of specific 

genes in the normal colonic mucosa is predictive of survival (53). Similarly, our results suggest the DNA 

methylation profile of the cirrhotic tumor-adjacent tissue is a predictor of survival in HCC. Unfortunately, 

we could not identify adequate datasets with genome-wide DNA methylation data from cirrhotic tissue and 

survival data to validate our findings to validate our findings in an external dataset. However, our analysis 

was unsupervised, thus the risk of overfitting is lower compared to other studies that trained their data on a 

specific outcome. To understand the biological significance of the DNA methylation-based classes of 

cirrhotic tissue will require functional studies. 

In summary, we describe a stepwise range of DNA methylation changes across all histological 

stages of human hepatocarcinogenesis spanning normal tissue, cirrhosis, dysplasia and HCC. We report on 

4 novel gatekeepers in HCC, which show aberrant methylation and gene expression in dysplasia and early 

HCC when compared to cirrhotic tissue. Our study also provides evidence of the highly heterogeneous 

epigenetic landscape of molecular alterations present in non-tumoral adjacent cirrhotic tissue. 
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MAIN TABLE

Table 1. Demographic and clinical characteristics of HCC patients with matched cirrhotic tissue

Characteristic Overall, N = 130 Statistic M1, N = 55 M2, N = 75 p-value1

Sex 0.074

Female 27 (21%) n (%) 7 (13%) 20 (28%)

Male 99 (79%) n (%) 47 (87%) 52 (72%)

Etiology <0.001

Alcohol 18 (15%) n (%) 13 (25%) 5 (6.9%)

HBV 30 (24%) n (%) 17 (33%) 13 (18%)

HCV 55 (45%) n (%) 11 (22%) 44 (61%)

Others 20 (16%) n (%) 10 (20%) 10 (14%)

Age 66 (61, 72) median 

(IQR)

65 (59, 71) 66 (62, 

72)

0.2

Size 4.0 (2.8, 7.0) median 

(IQR)

5.0 (3.0, 

8.0)

3.5 (2.7, 

5.0)

0.024

BCLC 0.10

BCLC 0 6 (4.8%) n (%) 3 (5.7%) 3 (4.2%)

BCLC A 94 (75%) n (%) 42 (79%) 52 (72%)

BCLC B 17 (14%) n (%) 3 (5.7%) 14 (19%)

BCLC C 8 (6.4%) n (%) 5 (9.4%) 3 (4.2%)

Degree of tumor differentiation 0.6

Well 15 (15%) n (%) 5 (12%) 10 (16%)A
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Moderate 61 (59%) n (%) 24 (57%) 37 (61%)

Poor 27 (26%) n (%) 13 (31%) 14 (23%)

Child-Pugh score >0.9

A 124 (99%) n (%) 53 (100%) 71 (99%)

B 1 (0.8%) n (%) 0 (0%) 1 (1.4%)

Microvascular invasion 0.2

Absent 76 (61%) n (%) 27 (52%) 49 (68%)

Macro 8 (6.5%) n (%) 5 (9.6%) 3 (4.2%)

Micro 40 (32%) n (%) 20 (38%) 20 (28%)

Satellite 

nodules

36 (28%) n (%) 16 (30%) 20 (27%) >0.9

Bilirubin 

(mg/dL)

1.00 (0.70, 

1.30)

median 

(IQR)

0.80 (0.60, 

1.10)

1.20 (0.80, 

1.50)

<0.001

Albumin (g/L) 4.10 (3.70, 

4.40)

median 

(IQR)

4.20 (3.80, 

4.50)

4.00 (3.60, 

4.40)

0.065

Platelets 

(100,000/mm3)

147 (102, 

189)

median 

(IQR)

178 (145, 

226)

122 (91, 

167)

<0.001

AFP (mg/dL) 12 (4, 158) median 

(IQR)

12 (3, 268) 13 (5, 65) 0.4

1 Statistical tests performed: chi-square test of independence; Wilcoxon rank-sum test; Fisher's exact test

A
cc

ep
te

d 
A

rt
ic

le



This article is protected by copyright. All rights reserved

Table 2. Univariate and multivariate outcomes analysis (overall survival)

Univariate analysis Multivariate analysis

Variable HR (95% CI) P-value HR (95% CI) P-value

Sex (male) 0.65 (0.39 - 1.1) 0.11   

Age 1.01 (0.97 - 1.02) 0.82   

Number of nodules 

(multiple) 2.24 (1.39 - 3.59) <0.001 1.73 (1.05 - 2.88) 0.03

Tumor size (cm) 1.03 (0.97 - 1.08) 0.26   

Vascular invasion 1.88 (1.19 - 2.98) 0.006 1.82 (1.12 - 2.94) 0.01

Satellite nodules 1.34 (0.80 - 2.23) 0.25   

Bilirubin (mg/dL) 1.52 (0.98 - 2.36) 0.06   

Albumin (g/dL) 0.52 (0.34 - 0.79) 0.002 0.56 (0.36 - 0.89) 0.01

Platelet count 0.99 (0.99 - 1.01) 0.24   

AFP (mg/dL) 1.03 (0.97 - 1.10) 0.22   

DNA methylation 

class (M2) 1.92 (1.16 - 3.16) 0.01 1.64 (0.95 - 2.84) 0.07

Hoshida 186 gene 

signature 1.65 (1.03 - 2.66) 0.03 1.07 (0.64 - 1.81) 0.77

CI, confidence interval; HR, hazard ratio
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SUPPL. TABLE LEGENDS

Suppl. Table S1. List of oncogenes

Suppl. Table S2. Analysis of clinical variables and methylation status of our candidate 

methylation gatekeepers

Suppl. Table S3. Correlation between DNA methylation and RNA expression for candidate 

epigenetic gatekeepers

Suppl. Table S4. Epidriver analysis

Suppl. Table S5. Correlation between DNA methylation and RNA expression for the 168-gene 

Hoshida signature

Suppl. Table S6. Differentially methylated regions between groups M1 vs M2

Suppl. Table S7. Differentially expressed regions between groups M1 vs M2

Suppl. Table S8. Single sample gene set enrichment analysis (ssGSEA) camera results
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FIGURE LEGENDS

Figure 1. Flow chart of samples and analysis. 

Figure 2. Differential methylation across tissue types. (A) Phyloepigenetic tree showing 

gradients of methylation changes that span normal tissue to hepatocellular carcinoma (HCC). (B) Principal 

component plot of normal, cirrhosis, dysplasia and HCC methylation. (C) Differentially methylated regions 

(DMRs) for the comparisons between each tissue type.

Figure 3. Epigenetic gatekeepers. (A) Selection criteria for gatekeeper discovery. (B) Displayed 

are details for all four gatekeepers of hepatocellular carcinoma as indicated: KCNA3, LDHB, SPINT2, and 

TSPYL5. Top left panel: Genomic location. Bottom left panel: Beta values for the CpG promoter regions in 

cirrhotic, dysplastic, early HCC (eHCC) and progressed HCC (pHCC). Top right panel: RNA expression in 

cirrhotic, eHCC and pHCC tissue. Bottom right panel: Scatter plot for correlation of RNA expression and 

methylation (beta value).

Figure 4. Clustering of cirrhotic tissue based on methylome. (A) Heatmap of cirrhotic tissue 

showing Kmeans clustering, Hoshida groups, and etiology. (B) Kaplan-Meier plot showing significantly 

different overall survival for Kmeans M1 vs M2. (C) UMAP plots with superimposed Hoshida score, 

Kmeans clusters and etiology.

Figure 5. Differential DNA methylation and gene expression analysis by clusters M1 and M2. 

(A) Left: Differentially methylated regions for M1 vsM2. Middle: Top 10 KEGG pathways for DMRs. 

Right: Top 10 Gene ontology enrichment for DMRs (Upregulated pathways in M1 compared to M2 are 

displayed in blue, downregulated pathways in red). (B) Top left: Heatmap of 1,300 differentially expressed 

genes in M1 vs M2, showing grouping by Kmeans clusters, Hoshida score and etiology. Bottom left: Gene 

ontology enrichment for M1 vs M2 differential gene expression. Right: Volcano plot showing the 

significantly altered differentially expressed genes.

Figure 6. Single sample gene set enrichment analysis, differential enrichment of M1 and M2. 

Differentially enriched signatures in the Hallmark database and signatures associated with the immune-

mediated cancer field. M2 showed significant enrichment for immune, inflammatory, liver cancer, 

signaling and proliferation signatures. In comparison, M1 showed significant enrichment for signatures 

linked to metabolic pathways. 
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*Includes a total of 144 new samples. Per category: 6 normal liver, 130 cirrhotic, 8 dysplastic.
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Immune specific class of HCC

Activation of T and B cells

Immune enrichment score

Activation of monocytes macrophages

Hallmark allograft rejection

Immune mediated cancer field

Lymphocyte infiltration representative signature

Ectopic lymphoid structures (ELS)

Hallmark inflammatory response

Cytotoxic activity

18-gene IFN-γ-related signature

Hallmark IFN-γ response

Hallmark IFN-γ response

Hallmark IL6 JAK STAT3 signaling

Hallmark coagulation

Hoshida 168-gene Poor survival signature up

Hoshida 168-gene Poor survival signature down

Hallmark adipogenesis

Hallmark xenobiotic metabolism

Hallmark bile acid metabolism

Hallmark oxidative phosphorylation

Hallmark fatty acid metabolism

Hallmark glycolysis

Activated hepatic Stellate cell (HSC) signature

Wnt/TGF-β signature up

Stromal enrichment score

Hallmark epithelia to mesenchymal transition

Stromal wound repair and angiogenesis

Hallmark peroxisome

Hallmark EF2 pathway

Hallmark mitotic spindle

Hallmark apical junction

Hallmark TNFα via NFĸB

Hallmark IL-2-STAT5 signaling

Hallmark G2M checkpoint

Liver specific β-catenin and Wnt-target upregulation

TGF-β response signature

Hallmark apoptosis

Wnt/TGF-β Up

Hallmark angiogenesis

Hallmark TFG-β signaling

Hallmark MYC target V2

Hallmark apical surface

Hallmark KRAS activation
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