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Abstract
Background: Increasing evidence has indicated that abnormal epigenetic modi�cation such as RNAm6a
modi�cation, histone modi�cation, DNA methylation modi�cation, RNA binding proteins and transcription
factors, is correlated with Hepatocarcinogenesis. However, it is unknown how epigenetic modi�cation
associated genes contribute to the occurrence and clinical outcome of hepatocellular carcinoma (HCC).
Thus, we constructed epigenetic modi�cation associated model that may enhance the diagnosis and
prognosis of HCC.

METHODS: In this study, we focused on the clinical values of epigenetic modi�cation associated genes
for HCC. Our gene expression data were collected from TCGA and a HCC datasets from GEO dataset in
order to ensure the reliability of data. Their function was analyzed by bioinformatics methods. We used
lasso regression, SUV, logistic regression and cox regression to construct the diagnosis and prognosis
models. We also constructed a nomogram for the practicability of the above-mentioned prognosis model.
The above results have been veri�ed in an independent liver cancer dataset from ICGC database.
Furthermore, we carried out pan cancer analysis to verify the speci�city of the above model.

RESULT: A large number of epigenetic modi�cation associated genes were signi�cantly different in HCC
and normal liver tissues. The gene signatures showed good performance for predicting the occurrence
and survival of HCC patients veri�ed by DCA and ROC curve.

CONCLUSION: Gene signatures based on epigenetic modi�cation associated genes can be used to
identify the occurrence and prognosis of liver cancer.

1. Introducation
Hepatocellular carcinoma (HCC) is one of the most common and fatal malignancies in the world and the
number of HCC cases increases gradually by about 4% every year [14]. Though early HCC can be treated
by tumor resection and liver transplantation, median survival time of this disease is only a few months
[15]. The poor prognosis and short lifetime of HCC, to some extent, is dependent on late diagnosis and
lack of effective treatment plan due to early liver cancer has no speci�c symptoms.

The diagnosis of HCC mainly depends on biopsy and imaging evidence [16, 17]. However, due to the
technical di�culty, the above diagnostic indicators may be affected by subjective factors, resulting in
false positive or false negative rates [18]. The development of new diagnostic technology can better
assist the traditional diagnostic methods and help to improve the detection rate of early liver cancer
patients. Accurate judgment of patient's prognosis is helpful for guiding clinical decision-making and
implementation of precision medicine. Currently, the prognosis is mainly judged by BCLC and TNM
stages, which is far from enough to predict the outcome of patients. Therefore, it is necessary to explore
effective diagnostic and prognostic biomarkers to help optimize the treatment system of HCC. In the past
few decades, researchers have come to realize more and more tumorigenesis mechanism. One of the
breakthroughs is the participation of epigenetics process in the development of cancer [19].
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Epigenetics is a dynamic and heritable modi�cation of independent DNA sequences [20]. Abnormal
epigenetic changes can destroy the expression balance of oncogenes and tumor suppressor genes, and
promote tumorigenesis. Common epigenetic modi�cations include DNA methylation, RNAm6a
methylation, histone acetylation and etc. which are considered as main mechanisms of regulation during
cancer progression. Previous studies have focused on the functional exploration of single epigenetic
related genes, but lack of extensive exploration. At the same time, the value of these genes in the
diagnosis and prognosis of liver cancer is not fully clear. In this study, we novel collected 5 kinds of
epigenetic related-genes (ERGs), a total of 2397 genes, including RNAm6a modi�cation related genes,
histone modi�cation related genes, DNA methylation modi�cation related genes, RNA binding proteins
and transcription factors [5–10][5–10]. In order to explore them in HCC, we analyzed the differentially
expressed epigenetic-related genes in HCC by WGCNA analysis and constructed an apparent regulatory
network. To optimize the treatment system of HCC, we integrated epigenetic-related genes to build a
diagnosis and prognosis model, and compared the signal differences between high-risk group and low-
risk group by GSEA and GSVA analysis.

2. Materials And Methods

2.1 Data acquisition and processing
The mRNA expression and patient clinical data were downloaded from GEO database (GSE14520), TCGA
database (TCGA-LIHC dataset), GTEx database (GTEX-liver dataset) and ICGC database (ICGC-JP
dataset) [1–4]. ERGs consist of m6A-related gene, histone modi�cation-related gene, RNA binding protein,
transcription factor and DNA methylase were collected based on the previous literatures and databases
[5–10]. Cytoscape software was used to construct the regulatory network of ERGs and target genes with
a criteria of the correlation coe�cient is greater than 0.7.

2.2 Functional analysis based on the WGCNA
‘WGCNA’ R package used to Weighted correlation network analysis (WGCNA), and a proper soft-threshold
was chosen to cluster genes with co-expression similarity to the same module [11]. Clinical data were
combined with the above modules to seek to clinical meaningfully genes clusters. We conducted Go and
KEGG analysis with a criteria of P value < 0.05 and q value < 0.05 using R package ‘enrichplot’.

2.3 Construction of the diagnosis and prognostic model
Support Vector Machine (SVM) depended on ‘Random Forest’ R package and LASSO regression was
conducted in order to screen diagnostic markers. Diagnostic models were built by logistic regression.
Univariate Cox regression analysis was conducted to identify Survival-related genes which the criterion
was P < 0.001. Lasso-Multivariate Cox regression analysis was used to established prognosis model.
Kaplan-Meier survival curves were conducted to compare survival-time differences between high-risk and
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low-risk groups. We draw the receiver operating characteristic curve (ROC) and decision curve analysis
(DCA) for showing model accuracy [12, 13]. The model stability was shown using calibration curve.

2.4 Functional prediction analysis between high-PERs and
low-PERs
Based on the median prognostic epigenetic risk score (PERs) in the above TCGA-LIHC dataset, the
samples were divided into high-PERs group and low-PERs group. GSEA_4.0.1 software was used for
exploring biological function of PERs for 2 groups rely on Hallmarkes gene set. Gene Set Variation
Analysis (GSVA) used ‘GSVA’ R package and Hallmarkes gene set in order to intersect with the results.

2.5 Independent risk factor analysis
Univariate and multivariate Cox regression analyses was performed to identify independent risk factors
from the above PERs and other clinicopathological factors such as TNM stages, age, gender.

2.6 Statistical analysis
SPSS and R software was used for statistical analysis. If there is no special note, p value < 0.05 was
considered statistically signi�cant. Two tailed student’s test was used for testing the differences of
different groups.

3. Results

3.1 Identi�cation hub ERGs in HCC
The analysis �ow chart is Fig. 1. We integrated the 2397 ERGs mentioned above. First, based on the
combination of TCGA-LIHC and GTEX-liver sequence dataset due to TCGA-LIHC dataset has few samples
of normal liver tissue, we used differential gene analysis. The cutoff criterion was FC > 1.5 and FDR < 
0.01. Considering the advantages and disadvantages of sequencing and microarray in evaluating gene
expression, we further verify the above results in the largest and comprehensive online HCC microarray
dataset GSE14520, with a cut-off value of FDR < 0.01 which identi�ed 493 differentially expressed ERGs
(Fig. 2A). In order to further obtain clinically signi�cant ERGs in HCC, we applied WGCNA to analyze
above genes which get �ve modules in HCC which among them, the blue, turquoise and yellow modules
are closely related to patients' DFI, PFI and OS based on the widely validated TCGA clinical data which
collected 353 hub- ERGs (Fig. 2B).

3.2 KEGG and GO analysis, and built epigenetic factors
regulatory network
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Kyoto Encyclopedia of Gene and Genome (KEGG) and gene ontology (Go) analysis which can identify
gene function with high throughput based on previous gene annotation, was performed to explore the
function of 353 hub-ERGs. The KEGG pathways were mainly involved in ribosome, spliceosome and RNA
transport (Fig. 2C). In addition, the GO analyses showed that biological process (BP) terms were mainly
enriched in the regulation of RNA splicing, ribonucleoprotein complex biogenesis, and RNA splicing, cell
component (CC) terms were mainly involved in ribosomal subunit, ribosome and spliceosomal complex,
as well as molecular function terms were signi�cantly included structural constituent of ribosome,
catalytic activity, acting on RNA and ribonuclease activity (Fig. 2D). Furthermore, in order to understand
the regulatory targets of ERGs, we identi�ed the differentially expressed genes in HCC according to the
previous differential analysis conditions, and constructed a differential apparent regulatory network
according to the correlation coe�cient greater than 0.7 (Fig. 2E).

3.3 ERGs for diagnostic of HCC
To evaluate the diagnostic value of hub-ERGs, we strictly �lter the range of difference analysis, and the
cutoff value FC is greater than 2 based on the TCGA-GTEX dataset which acquired 12 ERGs (Fig. 3A). For
the accuracy and re�nement of the model, we performed support vector machines (SVM) and least
absolute shrinkage and selection operator (LSAAO) analysis, and six genes were selected from the
intersection to construct a diagnostic epigenetics risk score (dERS) model using multivariate logistic
regression analysis. The model formula is =(TOP2A*2.631)+(EEF1A2*0.519)+(SNRPB*3.975)+
(RNASE4*-0.482)+(NR4A1*-0.631)+(RPS29*-1.112) (Fig. 3B-D). In TCGA-GTEX dataset, the receiver
operating characteristic curve (ROC) showed excellent AUC value (0.996), speci�city (0.971) and
sensitivity (0.973) (Fig. 3E). We also veri�ed the above diagnostic model in an independent dataset ICGC-
JP (Fig. 3F).

3.4 ERGs for prognostic of HCC
In order to explore the value of the above hub ERGs in HCC, we conducted a univariate Cox regression
analysis to identify 23 survival-related genes (P < 0.001). Next we established a prognostic epigenetic risk
score (PERs) which consist of ten genes by LASSO-COX regression analysis (Fig. 4A). PERs was
calculated for patients in TCGA-LIHC dataset and divided patients into high-PERs and low-PIRs groups
according the 50% cutoff point. The high-PIRs group has shorter survival than the low-PERs group
(Fig. 4B). The AUC value for 1-, 3- and 5- year OS were 0.861, 0.765, 0.698 (Fig. 4C). In addition, we
performed also Decision Curve Analysis (DCA) which showed that PERs can bring good bene�ts to
patients (Fig. 4D-F). Calibration curve showed also excellent stability (Fig. 4G). The above survival-related
model was also veri�ed in an independent dataset, ICGC-JP dataset which the result was consistent with
TCGA-LIHC dataset (Fig. 4H.I).

3.5 Clinical characteristics analysis for PERs
For the convenience of clinical practicability, the nomogram was drawn to predict the 1-year, 3-year, 5-year
survival (Fig. 5A). Through univariate and multivariate regression analysis, we identi�ed PERs as an
independent prognostic factor for HCC (Fig. 5B.C). The difference of clinical characteristics between high-
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PERs and low-PERs group were analyzed in the above all datasets which the accuracy of the model is
further veri�ed from the inside of the dataset. Based on the TCGA-LIHC dataset, the differential signaling
pathways between high-PERs and low-PERs groups by using the GSEA and GSVA algorithms to get the
intersection (Fig. 5D.E.S1) [21, 22], which offer a understand for the difference mechanism between high-
PERs and low-PERs groups.

3.6 Pan cancer analysis
One of the advantages of bioinformatics analysis is that it can obtain a variety of tumor data for
analysis. In order to explore the applicability of these prognostic mod-els in other tumors, we collected 14
tumor (BLCA, BRCA, COAD, HNSC, KIRC, KIRP, LGG, LUAD, LUSC, OV, PRAD, SKCM, STAD, UCEC) data with
sample size greater than 300 in TCGA database. Through univariate Cox regression analysis and KM
survival curve, we found that only a few tumors such as KIRP were suitable for the above survival model.
The results showed the speci�city of the model in liver cancer.

4. Discussion
Although the level of medical diagnosis and treatment has been improved in recent years, the accuracy of
diagnosis and survival rate of prognosis of HCC is still poor [23]. It is one of the hot research directions
for future research to identify clinically signi�cant genes, predict their functions and explore their
prognostic value based on bioinformatics. At present, there is lack of biomarker with effective and high
accuracy for diagnostic and prognostic for HCC based on biomolecule [24]. However, in the past,
bioinformatics research often focused on single database or only focused on prognostic value, which
had some limitations. In recent decades, scienti�c workers have realized many aspects about epigenetic
modi�cation regulating gene expression to interfere with tumor progression. DNA level methylation,
RNAm6a methylation, and histone-related modi�cation and so on are the hot spots of tumor research.
Previous studies mainly focused on the impact of single epigenetic related genes on tumor prognosis and
function. Based on bioinformatics analysis, the above genes can be widely recognized for the diagnosis
and prognosis of liver cancer, and functional prediction can be carried out, which can provide help for the
later experimental research. In addition, the regulation of gene expression by epigenetic regulators is
closely related to transcription factors and RNA binding proteins, thus we collected 5 kinds of ERGs
including RNAm6a modi�cation related genes, histone modi�cation related genes, DNA methylation
modi�cation related genes, RNA binding proteins and transcription factors. And based on these genes, we
have successfully constructed a stable and reliable diagnosis and prognosis model for HCC which was
veri�ed by an independent data-set.

In this charter, in order to ensure the accuracy of the analysis, we identi�ed 493 differentially expressed
ERGs according to the combination analysis of three on-line datasets. WGCNA analysis can cluster
disease genes according to their intrinsic expression correlation, and identify key gene modules by
combining with clinical phenotypes [11]. TCGA database is the most authoritative tumor database,
including a variety of histological data and clinical information. OS, DFI and PFI are recommended for
survival related analysis of TCGA-LIHC dataset. Thus, using WGCNA analysis, a total of 5 co-expression
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modules were separated and we choose the blue, turquoise and yellow modules for next study because
they are closely related to survival which acquired 353 hub-IRGs. KEGG and Go analysis can fully
understand gene set function, compared with individual study on gene function [25, 26][25, 26]. We
performed KEGG and GO analysis, and the results showed that the above genes were mainly enrichment
in RNA splicing, ribonucleoprotein complex biogenesis and etc [27, 28]. Previous studies have shown that
these physiological activities are closely related to tumorigenesis. Furthermore, we also constructed the
regulatory network of ERGs and target genes, which can preliminarily and comprehensively speculate the
regulatory relationship of these genes.

Next, we investigated the diagnostic and prognostic value of the above hub-ERGs. Support vector
machine can not only be used to build classi�cation model, but also be used to screen important
variables in order to build a simpler and more accurate model [29]. Based on the TCGA-GTEX dataset, we
found important variables through SVM and LASSO analysis, and established a diagnostic model consist
of six ERGs for HCC by logistic regression and which speci�city 0.971, sensitivity 0.973. We also
validated the above diagnostic model in an independent dataset, ICGC-LIHC dataset which speci�city
0.882, sensitivity 0.871. There are a few differences which may be attributing to the difference of the
source of the included groups. The results showed the reliability and stability of the diagnosis model.
Furthermore, we established a prognostic risk model including ten ERGs by lasso-Cox analysis. The AUC
value for 1-, 3- and 5- year OS were 0.861, 0.765, 0.698 in TCGA-LIHC dataset and 0.846, 0.860, 0.829 in
ICGC-JP dataset. These results support the reliability of the prognostic model. For the reliability of
function prediction, we also carried out two methods (GSEA and GSVA analysis) to identify different
signal pathways between high-risk group and low-risk group. The results showed that mTOR, PI3K, Wnt
and other signaling pathways were enriched in high-risk group which it may be a potential therapeutic
target [30, 31].

There are signi�cant metabolic abnormalities of fatty acids in tumors. The signi�cant increase of lipid
droplets in tumor cells can promote the transformation of tumor mesenchymal. Reducing the
accumulation of fatty acids in cells can reduce the migration and invasion of tumor cells [32].
Extracellular fatty acid metabolites also participate in the formation of pro-tumor microenvironment [33].
Wnt signaling pathway is one of the most important pathways in tumor EMT [34]. Previous studies have
shown that tumor cell EMT is associated with poor prognosis and immunosuppression [35]. MTOR
signaling pathway is the switch of cell energy metabolism [36]. The progression of solid tumors is often
accompanied by metabolic reprogramming and stress [37]. MTOR mediates tumor proliferation,
migration, invasion and autophagy by regulating tumor energy metabolism [36]. These studies suggest
that the differential expression of multiple signaling pathways in high-PERs and low-PERs groups may be
involved in poor prognosis of HCC and may be used as potential therapeutic targets which also
con�rmed the reliability of our prognosis model from within the gene set.

5. Conclusion
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we �rst comprehensively analyzed the ERGs in liver cancer. Compared with the previous bioinformatics
studies which only construct the prognosis model, we discuss the in�uence of gene set on diagnosis and
prognosis. These results can offer a widely understand for HCC development which can provide help for
future experimental research. More importantly, we novel constructed two biomarkers to guide the
management of liver cancer. Although the major limitation of this study is lack of veri�cation of
experimental data, we tried our best to ensure the reliability of data through multiple data sets or multiple
algorithms. All in all, this study remains helpful and valuable for the treatment and diagnosis of HCC.
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Table 1

Clinical characteristics between high and low risk
group.

  TCGA-LIHC

Characters Low risk High risk P value

Gender
Female
Male

 
52
114

 
51
113

.201

Age(years)
≤ 55
> 55

 
52
114

 
62
101

.964

Grade
G1 + G2
G3 + G4

 
119
43

 
86
76

< .001

TNM
Stage
I-II
III-IV

 
126
28

 
103
51

.002

T Stage
T1 + T2
T3 + T4

 
132
31

 
111
52

.007

N Stage
N0
N1

 
115
1

 
114
2

.561

M Stage
M0
M1

 
119
1

 
118
2

.561

Figures
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Figure 1

Analysis �ow chart of the study.



Page 14/18

Figure 2

Systematic analysis of epigenetic related genes. (A) Volcano maps for 493 differentially expressed ERGs
based on GTEX-TCGA dataset. (B) WGCNA analyzed the 493 ERGs combined with TCGA clinical
information. (C) KEGG analysis of 353 hub- ERGs. (D) GO analysis of 353 hub- ERGs. (E) The apparent
regulatory network based on the correlation coe�cient greater than 0.7.
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Figure 3

Build and validate diagnostic signal for HCC. (A) 12 signi�cantly different expression ERGs based on the
GTEX-TCGA dataset. The cutoff value FC is greater than 2. (B) Lasso regression analysis of the above 12
ERGs. (C) Support vector machine analysis of the above 12 ERGs. (D) The characteristic value is based
on the intersection of SVM and LASSO analysis. (E) The ROC curve of the diagnostic signal to show the
sensitivity and speci�city based on the GTEX-TCGA dataset. (F) The ROC curve of the diagnostic signal to
show the sensitivity and speci�city based on the ICGC-LIHC dataset.
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Figure 4

Build and validate prognostic signal for HCC. (A) Lasso regression analysis to identify the characteristic
value to constructed diagnostic signal. (B) Survival analysis be-tween high-risk and low-risk group. (C)
The area under the ROC curve (AUC) of PIRs for 1-, 3- and 5 –year OS in TCGA dataset. (D) The DCA curve
of PERs for 1-, 3- and 5 –year in TCGA dataset. (E) The calibration curve of PERs for 1-, 3- and 5 –year in
TCGA dataset. (H) Survival analysis between high-risk and low-risk group in ICGC-LIHC dataset. (I) The
AUC of PIRs for 1-, 3- and 5 –year OS in TCGA dataset.
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Figure 5

Functional analysis between high-PERs and low-PERs group. (A) The nomograms for predicting 1-, 3-, and
5-year survival rate in TCGA dataset. (B) Univariate Cox regression analysis for PERs in TCGA dataset. (C)
multivariate Cox regression analysis for PERs in TCGA dataset. (D) GSEA analysis between high-PERs
and low-PERs group in TCGA dataset. (E) GSVA analysis between high-PERs and low-PERs group in
TCGA dataset.
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Figure 6

Analysis of Pan cancer using TCGA database. (A) Univariate Cox regression analysis for 14 kinds of
tumors. (B) Km survival curve analysis between high-PERs and low-PERs group which P value <0.05.
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