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Abstract

Background: Hepatocellular carcinoma (HCC) is the main type of primary liver cancer, and its related death
ranks third worldwide. The curative methods and progress prediction markers of HCC are not sufficient
enough. Nevertheless, little progress has been made in the signature of m'A-, m5C-, méA-, m’G-, and DNA
methylation of HCC.

Results: We calibrated a risk gene signature model that can be used to categorize HCC patients based on
univariate, multivariate, and LASSO Cox regression analysis. This gene signature classified the patients into
high- and low-risk subgroups. Patients in the high-risk group showed significantly reduced overall survival (OS)
compared with patients in the low-risk group. The gene set variation analysis (GSVA), immune infiltration, and
immunotherapy response were analyzed. The results demonstrated that an immunosuppressive environment
was exited and the high-risk group had higher sensitivity to 5-fluorouracil, cisplatin, sorafenib, tamoxifen, and
epirubicin. These results indicated personalized therapy should be taken into consideration.

Conclusions: Our findings enriched our understanding of the molecular heterogeneity, tumor
microenvironment (TME), and drug susceptibility of HCC. m!A-, m3C-, méA-, m’G-, and DNA

methylation-related regulators may be promising biomarkers for future research.

Keywords: Hepatocellular carcinoma, m'A, m>C, méA, m’G, DNA methylation, immunotherapy.

1. Background

Cancer is one of the main causes of death
worldwide, following behind Iung cancer and
colorectal cancer, primary liver cancer ranks third
with an 8.3% death rate worldwide [1] and a 44.35%
death rate in China [2]. Hepatocellular carcinoma
(HCC) is the main type of primary liver cancer,
accounting for 75-85% of primary liver cancer
worldwide [1] and 93.0% in China [3]. The main
therapy for liver cancer includes liver transplantation,
surgical resection, percutaneous ablation, and
radiation, as well as trans arterial and systemic
therapies [4]. However, the postoperative five-year
survival rate is low, especially in the late stages. The
survival rate of HCC at BCLC stages 0, A, B, and C

were 73.5%, 64.1%, 34.9%, and 19.7%, respectively [3].
HBV seropositivity, incomplete tumor capsule,
vascular tumor thrombus, tumor diameter (= 3 cm),
advanced BCLC stage (B + C), a-fetoprotein (AFP) (=
20 ng/ml), and direct bilirubin (> 8umol/L)
contributed independently to shorter overall survival
(OS) [3]. However, the recurrence rates in patients
with BCLC stage 0 and A1 HCC were high at 46.4%
and 58.0%, respectively [5]. The high recurrence rate
of HCC is another bottleneck to resolve. Thus, it is
vital to develop more appropriate and effective
prognostic biomarkers for HCC.

Recently, gene expression has emerged as a
promising prognostic factor for various cancers, and
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RNA modifications [6] and DNA methylation [7] have
been found to play critical roles in regulating gene
expression. The result of DNA methylation is the
formation of 5-methylcytosine on the C5 position of
the cytosine by the transfer of a methyl group [7].
Deregulation of DNA methylation is associated with
various diseases, including aging [8], cancer [9], and
coronary heart disease [10]. Since the first discovery of
RNA modification in 1957[11], more than 300 distinct
RNA modifications have been identified [12]. Some
RNA modifications are essential for the proper
function of RNA, such as for splicing [13],
transcription [14], translation [15], stability [16],
folding [17], and immune responses [18]. High
attention has been focused on cancers [19, 20]. The
study of RNA modifications is a rapidly advancing
field, and our understanding of RNA modifications is
growing, but only a fraction of RNA modifications are
well-established, such as N6-methyladenosine (m°A),
1-methyladenosine (m'A), 5-methylcytosine (m°C),
and N7-methylguanosine (m’G) [21]. m®A is the most
studied modification with a wide presentation in
mRNA, tRNA, rRNA, circRNA, miRNA, snRNA, and
IncRNA [22]. There are three kinds of proteins that
regulate m°fA modification: writers (methyltrans-
ferases), erasers (demethylases), and readers [23].
Writer proteins include METTL3, METTL14, WTAP,
KIAA1429, RBMI15/RBM15B, ZC3H13, and
METTL16; Eraser proteins include FTO and ALKBHS;
Reader proteins include YTHDC1, YTHDEFI,
YTHDF2, YTHDEF3, and YTHDC2 [23]. mfA
modification plays a critical role in various human
diseases, such as cardiovascular diseases [24], virus
infection [25], aging and neurological diseases [26],
and cancer [27]. m'A was first discovered in 1641[28].
m'A presents in mRNA [29], tRNA [30], rRNA [31]
and mitochondrial transcripts [29]. The m'A reader
(YTHDF, YTHDEF2, YTHDF3 YTHDC1), eraser
(ALKBH1, ALKBH3, FTO), and writer (TRMTS,
TRMT61A, TRMT61B, TRMT61C, TRMT10C, BMT2,
RRP8) [32] have vital roles, such as stabilizing tRNA
[33], promoting translation [29], and regulating tumor
behavior [34]. m°C is widely present in mRNAs and
ncRNAs [35]. More than 10,000 potential m5C sites
were mapped in the whole human transcriptome by
Bisulfite-mapping [35]. The m>C reader refer to
ALYREF, YBX1, YTHDF2; the m5C eraser refer to
TET1, TET2, TET3, ALKBH1; the m5C writer refer to
NSUNT1, NSUN2, NSUN3, NSUN4, NSUN5, NSUNS6,
NSUN?7, DNMT1, DNMT2, DNMT3A, DNMT3B and
TRDMT1[36, 37]. m°C is linked to biological and
pathological processes, such as stress response [38],
RNA processing [36], development [39], immune
microenvironment of tumor [40], and viral infections
[41]. m”’G modification is located at mRNA [42], tRNA

[43] and rRNA [44]. METTL1/WDR4, RNMT/RAM,
and WBSCR22/TMRT112 were the most studied m’G
modification factors [45]. e[FAE competes for RAM
binding to RNMT and conversely, RNMT competes
for binding of 4E-BPs (well-established elF4E-binding
partners), finally influencing target RNA export and
translation efficiency [46].

Over the past decade, the treatment landscape
for cancer has wundergone a revolutionary
transformation with the advent of immuno-oncology.
The tumor microenvironment (TME) plays a critical
role in malignancy evolvement and immune
regulation [47]. The liver possesses a unique
microenvironment due to its crucial role in immune
surveillance [48]. In conditions characterized by
chronic inflammation and fibrosis/cirrhosis, the
immune environment of the liver can contribute to the
development of hepatocarcinogenesis. However, this
distinct immune environment also offers potential
therapeutic opportunities for pharmacological
interventions once HCC has been established [49].
Hence, conducting a comprehensive analysis of the
TME landscape can significantly enhance the ability to
guide and predict the response to immunotherapy.

In this study, we aimed to identify potential
regulators related to m'A, m°C, mfA, and m’G
modifications and DNA methylation and their impact
on prognostic evaluation in HCC patients. Utilizing
the public database, we constructed univariate,
multivariate, and LASSO Cox regression analyses,
and we developed a predictive model based on
regulator-related risks, enabling the classification of
patients with HCC into different risk levels. We also
attempt to reveal the intrinsic relationship between
the regulator-related risk signature and the immune
characteristics of the tumor microenvironment,
hoping to raise an evaluation tool for predicting the
responsiveness of HCC patients to immunotherapy.

2 Methods

2.1 Selection of m!'A-, m5C-, méA-, m’G-, and
DNA methylation-related regulators

A total of 78 m!'A-, m5C-, m°A-, m’G-, and DNA
methylation-related regulators were collected from

previously published studies. Details are described in
Table S1.

2.2 Data acquisition and processing

RNA-seq data, mutation data, and clinical
information of HCC patients were downloaded from
The Cancer Genome Atlas (TCGA) database
(http:/ /gdc.cancer.gov/). Our inclusion criteria for
patients were as follows: histologically diagnosed
with HCC; available expression profiles; patients with
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survival information. 361 patients in the TCGA-LIHC
were enrolled to form the internal training set.
Furthermore, RNA-seq data and clinical information
of HCC were also downloaded from the International
Cancer Genome Consortium (ICGC)(https:/ /dcc.icgc.
org/) as an external validation set to better validate
the prognostic predictive value of the prognostic gene
signature. Under the same criteria, 231 patients in the
ICGC-LIRI-JP were enrolled to form the external
validation set. The clinical characteristics of the two
sets were summarized in Table S2.

2.3 Establishment and validation for the
prognostic signature of m'A-; m5C-, méA-,
m’G-, and DNA methylation-related
regulators

Student’s t-test was utilized to compare the 78
regulators’ expression between the tumor and normal
tissues in TCGA-LIHC. The identification of m!A-,
m®C-, mfA-, m’G-, and DNA methylation-
related prognostic genes was carried out using
univariate Cox regression analysis, and genes were
considered significant with a cut-off of p < 0.05. The
selected factors in the LASSO regression were
analyzed by multivariate analysis. The risk score was
generated as follows:

risk score
esum(each gene's expression levels X corresponding coef ficient)

- esum(each gene's mean expression levels X corresponding coef ficient)

Patients were stratified into high-risk and
low-risk groups based on the median risk score. For
the evaluation of the OS of high- and low-risk groups,
the Kaplan-Meier (K-M) survival analysis was
performed by the R package “survival”. The same
analysis was also conducted in the external validation
set. The assessment of risk score prognostic efficiency
was conducted based on the areas under the curves
(AUCs) of the time-dependent receiver operating
characteristic curve (ROC) in the R package
“TimeROC”. This risk score evaluation nomogram
was performed to assess the prognosis of patients
including 1-, 3-, and 5-year survival rates by the
survival and the R package “rms”, and then verified
with the calibration curves.

2.4 Gene set variation analysis (GSVA) and
functional annotation

The R package “GSVA” was used to test the
enrichment of the selected factors in the normalized
gene expression table. Non-parametric tests and
unsupervised methods were bound to compare the
number of the pathway and biological process activity
in the samples of an expression data set. Adjusted p
with a value less than 0.05 was considered statistically

significant.

2.5 The correlations between risk score,
immune cells, and tumor mutation burden
(TMB)

The proportions of different immune cells were
determined by using the R package “CIBERSORT”.
TMB scores were generated with the R package
“Maftools”. The R package “Corrplot” was used to
analyze the correlation between risk score, TMB, and
immune cells with the Spearman method (p < 0.05).

2.6 The expression levels of immune
checkpoint molecules

We analyzed the expression levels of 33 immune
checkpoint molecules in samples from different risk
groups, including BTLA, CD27, CD274, CD276, CD40,
CD40LG, CD70, CD80, CD86, CTLA4, ENTPDI,
FGL1, HAVCR2, HHLA2, ICOS, ICOSLG, IDO1,
LAG3, NCR3, NT5E, PDCD1, PDCD1LG2, SIGLEC15,
TIGIT, TMIGD2, TNFRSF18, TNFRSF4, TNFRSF9,
TNFSF14, TNFSF4, TNFSF9, C100rf54, and VTCNI.

2.7 Drug sensitivity analysis

The R package “oncopredict” was used to
analyze the drug sensitivity analysis of samples from
different risk groups. The CellMiner (https://
discover.nci.nih.gov/cellminer/) was used to
evaluate the association between the selected factors’
expressions and drug sensibility.

2.8 The genetic landscape of the five regulators

“maftools” was used to identify the genetic
landscape of the five regulators. Copy number variant
(CNV) data were based on the website of cBioPortal
(http:/ /www.cbioportal.org/). ~ The  correlation
between the selected factors expression in the LASSO
model and CNV was calculated with one-way
ANOVA (p < 0.05), and boxplots were plotted with
the R package “ggplot”.

2.9 Statistical analysis

Statistical analysis was performed using R. t-tests
were used to assess differences between any two
groups of data. p with a value less than 0.05 was
considered a significant difference.

3. Results

3.1 The expression levels of m'A-, m5C-, méA-,
m’G-, and DNA methylation related
regulators

A total of 78 m!A-, m5C-, mfA-, m’G-, and DNA
methylation-related regulators (Table S1) were
ultimately selected to perform the following analysis,
as depicted in the workflow diagram (Figure 1). The
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expression level of these genes was analyzed between
tumors and normal tissues (Figure 2A). Among them,
65 genes were significantly differentially expressed
between HCC tumors and normal tissues (Table S3).

3.2 The construction of a regulator-related
prognostic risk model

Univariate Cox regression analysis was used to
investigate the relationship between the 78 regulators
and patient prognosis in TCGA-LIHC (Figure 2B). A
total of 22 regulators are significantly related to the OS
(Table S4). Among them, 17 genes were both
differentially expressed between tumors and normal

78 m'A-, m*C-, m°A-, m’G- and DNA methylation
related regulators from published articles

TCGA-LIHC Dataset
N = 377 samples

Inclusion criteria:
RNA-seq data

Clinical bRt with survival information

17 m'A-, m*C-, mfA-, m’G- and DNA
methylation elated regulators

LASSO regression Analysis

5 m'A-, m*C-, m®A-, m’G- and DNA
methylation related regulators

BMT2, NEIL3,TRMT6, WDR4, ZC3H13

Figure 1. Workflow diagram of this study.

tissues and prognosis related. However, two of them
are low expressed in tumor but have a high Hazard
Ratio (HR). So, we chose the other 15 for further
analysis. The regression coefficient of the 15
regulators was computed using the LASSO Cox
regression analysis (Figures 2C and 2D). We identified
five regulators by multivariate Cox regression
analysis: BMT2 (C7orf60), NEIL3, TRMT6, WDR4, and
ZC3H13 (Figure 2E). To calculate the patient’s risk
score, a multivariate Cox regression analysis with the
five genes was conducted. The distribution of the risk
score, vital status, and expression levels of the
corresponding five regulators in the TCGA-LIHC data

histologically diagnosed with HCC
available expression profiles

ROC curve
Nomogram
Independent prognostic factors

Multivariant Cox proportional hazards regression

Validation through external set
(ICGC-LIRI-JP)
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set are shown respectively in Figure 3A, Figure 3B,
and Figure 3C. Using the median risk score, patients
were divided into high-risk and low-risk groups, and
the K-M curve displayed that the high-risk group
could effectively predict poor OS in HCC patients
(Figure 3D). The distribution of clinicopathological
characteristics between the low-risk and high-risk
groups were shown in Figure S1. Our results indicate
that in the high-risk group, there are more patients
with higher expression levels of AFP, more patients
with T2+T3+T4, more patients with G3+G4, more
patients with stage II+III+IV, more patients with
vascular invasion, and more patients with recurrence
(Table 1).

Table 1. The correlation of clinicopathological characteristics and
the risk signatures.

Clinical characteristics High-risk  Low-risk P value

Age <65 69 67 0.593
265 111 113
Unknown 1 0

Gender Female 57 60 0.853
Male 124 120

AFP <400 94 113 0.033
2400 40 24
Unknown 47 43

Child pugh classification A 106 106 0.751
B 10 11
C 0 1
Unknown 65 62

T T1 73 103 <0.001
T2 54 36
T3 45 34
T4 9 4
Unknown 0 3

N NO 124 121 0418
N1 2 1
NX 54 58
Unknown 1 0

M MO 137 122 0.130
M1 1 3
MX 43 55

Grade Gl 14 39 <0.001
G2 78 93
G3 78 43
G4 9 2
Unknown 2 3

Stage Stage [ 70 97 0.005
Stage II 48 34
Stage III 51 33
Stage IV 1 3
Unknown 11 13

Vascular invasion Micro 50 39 0.016
Macro 11 5
None 88 112
Unknown 32 24

Pharmaceutical treatment ~ Yes 7 6 0.220
No 103 115
Unknown 71 59

Radiation treatment Yes 3 1 0.056
No 108 124
Unknown 70 55

Recurrence Yes 99 71 <0.001
No 51 920
Unknown 31 19

3.3 External validation of the five regulator-
related risk model

To further validate the efficacy of the five
regulator-related gene signatures, we also performed
the above analysis in the ICGC-LIRI-JP data set
(external validation set). The distribution of the risk
score, vital status, and expression levels of the
corresponding five regulators in the ICGC-LIRI-JP
data set is respectively shown in Figure 3E, Figure 3F,
and Figure 3G. Using the median risk score from the
TCGA-LIHC data set, patients were also divided into
high-risk and low-risk groups, the K-M curve
displayed that the high-risk group could effectively
predict poor OS in liver cancer patients (Figure 3H).

3.4 Validation of the five regulator-related risk
model

In order to examine the performance of the risk
model based on five regulators, we calculated the
AUC of OS at 1-, 3- and 5-year (Figure 4A). The AUC
of OS was greater than 0.652. To develop a clinically
applicable way for the prediction of survival status in
HCC patients, a nomogram based on basic clinical
features and risk score was established to predict the
1-, 3- and 5-year OS probability in HCC patients
(Figure 4B). The decision-making tree plot verified
that the nomogram could suggest its high predictive
accuracy and sensitivity in HCC patients (Figure 4C).
These results were well-validated in the external
validation cohort at 1-year and 3-year (Figures 4D-4F).
Due to the lack of sufficient 5-year patient data, we
did not validate the performance of the risk model at 5
years.

3.5 Functional enrichment analyses for the five
regulator-related risk subgroups and
correlation between the five regulators

The GSVA enrichment analysis was employed to
investigate the underlying biological activities among
the high- and low-risk groups. As shown in Figure
5A, the high-risk group was markedly enriched in
‘BASE EXCISION REPAIR’, ‘BASE EXCISION
REPAIR AP SITE FORMATION’, ‘CELLULAR
RESPONSE TO DNA DAMAGE STIMULUS’, and
‘DNA REPAIR" terms. ‘BASE EXCISION REPAIR’
term was also involved in the high-risk group in the
GSVA-KEGG pathways (Table S5). The association
between the five regulators was evaluated using
Corrplot with the Spearman method (p < 0.05). Some
of them showed a high correlation coefficient, most of
them are positively correlated, while ZC3H13 is
negatively correlated with WDR4, NEIL3, and TRMT6
(Figure 5B).
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3.6 The five regulator-related risk scores were
significantly correlated with immune and TMB

The five regulator-related risk scores were
positively correlated with T follicular helper cells
(Tth) and Regulatory T Cells (Tregs), and negatively
correlated with CD4* memory resting T cells and
resting mast cells (Figure 6A, Table S6). The TMB was
positively correlated with Tth and Tregs, and showed
a negative correlation with CD4* memory resting T
cells and resting mast cells (Figure 6B, Table S7).
Additionally, immune checkpoints also showed
significant differences between these high- and
low-risk score subtypes (Figure 6C), such as TNFRSF9
(p < 0.0001), CTLA4 (p < 0.0001), PDCD1 (p < 0.001),
and LAG3 (p < 0.001). We further analyzed the
progression of HCC patients, for the high-risk and
high expression level of the CTLA4 group
(High_Hrisk) had better overall survival than those
with the high-risk and low expression level of the
CTLA4 group (Low_Hrisk), and for the low-risk and
high expression level of the CTLA4 group
(High_Lrisk) had better overall survival than those

with the low-risk and low expression level of the
CTLA4 group (Low_Lrisk). These results indicated
that patients with High_Hrisk maybe benefit from the
using of inhibitors of immune checkpoint CTLA4, so
as for patients with High-Lrisk (Figure 7A). The same
is observed in LAG3, CD274, PDCD1 (Figures 7B-7D).

3.7 Gene and protein expression level of the
five regulators

The Human Protein Atlas (HPA) online website
(https:/ /www.proteinatlas.org/) was used to analyze
the five regulators in “Tissue Atlas”. Most of the
regulators is upregulated in liver cancer tissues,
expected ZC3H13 (Figure 8A). Unfortunately, there
was no data about NEIL3 expression level in HPA.
We further used Cancer Cell Line Encyclopedia
(CCLE, https://sites.broadinstitute.org/ccle)  to
analysis the expression of these regulators. BMT2 is
low expressed in liver cancer cell lines (Figure 8B).
NEIL3 and TRMT6 are wide distributed among liver
cancer cell lines (Figure 8B). We could choose cell
lines for further verification according to the different
expression features.
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Figure 6. Immune and TMB between high- and low-risk score groups. (A) The correlation between risk score and immune cells. (B) The correlation between TMB and immune

cells. (C) The correlation between risk score and immune check points.
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3.8 The genetic landscape of the five regulators

The landscape of alteration of the five regulators
is shown in Figure 9A and Figure 9B. Among the 361
samples, 12 have mutations. Missense mutation was
the most frequent mutation event. It was found that
ZC3H13 exhibited the highest mutation frequency.
BMT2 and TRMT6 do not have any mutations. The
mutations of the other genes are shown in Figure 9C.
CNV was the repeated sections of the genome that
varied between individuals. Whether the CNV
affected the expression of identified genes in the five
regulators, the expression perturbations of identified
genes were therefore explored. The CNV alteration
frequencies of those genes were all correlated with the
expressions of those genes (Figure 10, Table S8).

3.9 The drug sensibility of the five regulators

Drug sensitivity analysis showed that samples
from the high-risk group had higher sensitivity to
5-fluorouracil, cisplatin, sorafenib, tamoxifen, and
epirubicin than those from the low-risk group (Figure
11A) (p < 0.001). These results indicated that the
high-risk group could benefit from these treatments.
Some regulators showed significant associations with
drug sensibility, with |correlation coefficient| > 0.5
and p < 0.05 (Table S9), such as NEIL3 with
nelarabine, navitoclax, ABT-737, and zalcitabine,
ZC3H13 with dabrafenib, selumetinib, and TAK-733.

Some of them were plotted (Figure 11B).

4. Discussion

The occurrence of HCC is often insidious, losing
the opportunity for surgery, and the postoperative
five-year survival rate of HCC is low [4]. The
biomarkers used now sometimes fail in risk
stratification and clinical outcome estimations,
therefore it’s important to develop effective signatures
that can indicate the prognostic of HCC. More than
300 distinct RNA modifications have been identified
[12]. Dysregulation of the RNA epigenetic pathways
played a crucial role in many pathogeneses, including
cancers [19, 20]. Abnormal expressions of RNA
modification regulators were functionally associated
with cancers in cell proliferation, cell self-renewal,
invasion, treatment resistance, and survival [19].
Using the public database, we constructed a novel
prognostic model for HCC based on m!'A-, m°C-,
m°A-, m’G-, and DNA methylation-related regulators.

The novel prognostic signature of m!A-, m°C-,
mCA-, m’G-, and DNA methylation-related regulators
identified in this study (BMT2, NEIL3, TRMT6, WDR4
and ZC3H13) could predict the OS of HCC patients.
GSVA analysis indicated that the BASE_EXCISION_
REPAIR pathway is the most relevant. CNV affects
the expression of identified genes. Interestingly, a
recent study stated that a risk model on

https://lwww.jcancer.org
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mfA/m>C/m'A regulated gene signature suggested
that overexpression of YBX1, ZC3H13, YTHDF1,
TRMT10C, YTHDF2, RRPS, TRMT6, LRPPRC, and
IGF2BP3 contributed to the poor prognosis of HCC

patients [50]. Therefore, comprehensive analysis of
m!A-, m®C-, m°A-, m’G-, and DNA methylation-
related gene signatures is helpful for understanding

the complex disease process of HCC.
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Figure 10. The CNV alteration frequencies of the five genes were all correlated with the expressions of those genes.

A

=) P e nnk . .
8200 — 560) ’0‘25 — Seol — =) —
= [re3 0 . w o
5150 H 3] Sk : 250 * 206
=40
E £ ; 215 40 Boa
8100 s 2 830 3
> »20 510 £ £02
& 50 & ® 220 iny
[t} 5
Low-risk  High-risk Low-risk  High-risk Low-risk  High-risk Low-risk  High-risk Low-risk  High-risk
NEIL3,Nelarabine ZC3H13,Dabrafenib NEIL3,Navitoclax NEIL3,ABT-737
Cor=0.597, p<0.001 Cor=0.541, p<0.001 Cor=0.529, p<0.001 Cor=0.528, p<0.001
0 24 e e ge e R 44 0
5.04
14 .2
0 254 . 8 . ¢
o Q o4 % %
007 o ve " N L, t oY
o 1 2 3 4 5 i 2 3 4 0 2 3 4 5 0 2 3 4 5
Expression Expression Expression Expression
ZC3H13,Selumetinib NEIL3,Zalcitabine ZC3H13,TAK-733 ZC3H13,ARRY-162
Cor=0.521, p<0.001 Cor=0.520, p<0.001 Cor=0.506, p<0.001 Cor=0.499, p<0.001
S o een 44 * . . o g o swssme oo
1.0+ e .
14 . 3 054 0% ¢
=] o (=R (=3 i . e,
(PR 04 . > 05 Teten
BIC SR i s — - 101 ettty
i 2 3 4 o 1 2 3 4 5 i 2 3 4
Expression Expression Expression Expression
ZC3H13,Pimasertib WDR4,Hydroxyurea NEIL3,Chelerythrine ZC3H13,RO-4987655
Cor=0.498, p<0.001 Cor=0.498, p<0.001 Cor=0.496, p<0.001 Cor=0.496, p<0.001
O . T e smeege o
" 1.04 poy
N o 057 )
oo % 8 0.04 .
. Q
: . -0.51 TR .
p -1.04 K L XTI
0 1 2 3 4 5 1 2 3 4
Expression Expression Expression Expression

Figure 11. The drug sensibility of the five regulators. (A) The drug sensibility between different risk groups. (B) The correlation between drug sensibility and the regulators.

https://lwww.jcancer.org




Journal of Cancer 2024, Vol. 15

4298

The relationship between immunotherapy and
the immune microenvironment in HCC has been
established [49]. In this study, the regulator-related
high-risk group with survival disadvantage was rich
in Tth and Tregs, and barren in CD4* memory resting
T cells and resting mast cells, which indicated an
immunosuppressive environment. The regulator-
related low-risk group was sensitive to anti-PD-1,
anti-SIGLEC15, anti-LAG3, anti-TNFRSF9, and
anti-CTLA4 immunotherapy. In a previous study
about cuproptosis-related gene signatures in HCC, it
was suggested that CD274, CTLA4, LAG3, PDCD1,
PDCD1LG2, and SIGLEC15 might be the potential
therapeutic targets [51]. Our results indicated that
patients with high-risk may benefit from therapy
targets on CTLA4, LAG3, and PDCD1. We also
summarized the mutation frequency and CNV
alteration in TCGA-LIHC of the five regulators.
Except for BMT2 and TRMT6, the others all have
missense mutations. Furthermore, the CNV of
regulators could affect the expression level of the
molecules in HCC patients.

Drug sensitivity analysis showed that the
high-risk group had higher sensitivity to
5-fluorouracil, cisplatin, sorafenib, tamoxifen, and
epirubicin BMS-754807, SB505124, selumetinib,
doramapimod, and OSI-027 than those from the
low-risk group. The high-risk group patients maybe
benefit from the use of these drugs. BMS-754807,
SB505124, selumetinib, doramapimod, and OSI-027
are inhibitors of insulin-like growth factor-1R/IR [52],
TGE-B [53], mitogen-activated protein kinase 1 and 2
(MEK1/2) [54], p38a mitogen-activated protein
kinase (MAPK) [55], mTORC1 and mTORC2 [56],
respectively. In the progression of hepatocarcino-
genesis, the MEK cascade [54] and mTOR pathway
[56] are aberrantly activated. The suppression of
ERK2 (MAPK1) sensitizes several liver cancer cell
lines to sorafenib [57]. For the low-risk group, who are
not sensitive to sorafenib, selumetinib and
doramapimod may be a better choice. The role of
BRAF in HCC was reviewed in [58], dabrafenib, the
inhibitor of BRAF may be a candidate for the therapy
of HCC. Navitoclax was reported to enhance
sorafenib activity [59]. ABT-737 is a small molecule of
Bcl-xL, especially combined with sorafenib, which
could control HCC progression [60]. These evidences
indicate the prospects for the treatment of HCC.

For the five regulators, there is no article about
BMT2 in HCC. There are some researches about other
regulators. NEIL3 is a monofunctional glycosylase
that belongs to the Fpg/Nei family and functions in
the base excision repair pathway pathway [61]. A
Phase I studies of peptide vaccine cocktails derived
from GPC3, WDRPUH and NEIL3 for advanced

hepatocellular  carcinoma suggested a good
tolerability and potential usefulness against HCC [62].
TRMTG6 is the binding subunit of methylase complex
TRMT6/TRMT61A, which is responsible for the
m!A58 modification of tRNA [63]. TRMT6 was found
been highly expressed in HCC and elevates the m'A
methylation in a subset of tRNA to increase PPARS
translation, which in turn triggers cholesterol
synthesis to activate Hedgehog signaling, eventually
driving  self-renewal of liver CSCs and
tumourigenesis [64]. TRMT6/TRMT61A complex
inhibitor thiram could suppresses self-renewal of liver
CSCs and tumor growth [64]. WDR4 modulates m’G
modification at the internal sites of tumor-promoting
mRNAs by forming the WDR4-METTL1 complex [65].
Upregulation of WDR4-METTL1 promotes lenvatinib
resistance in HCC [66]. WDR4 promoted HCC cell
proliferation by inducing the G2/M cell cycle
transition and inhibiting apoptosis in addition to
enhancing metastasis and sorafenib resistance
through epithelial-mesenchymal transition [67].
WDR4-METTL1 maybe a potential therapeutic target
to enhance the lenvatinib and sorafenib sensitivity of
HCC. ZC3H13 was expressed at a significantly low
level in HCC, and functionally, overexpressed
ZC3H13 suppressed proliferation, migration, and
invasion and elevated apoptotic levels of HCC cells.
ZC3H13 overexpression sensitized to cisplatin and
weakened metabolism reprogramming of HCC cells.
Mechanically, ZC3H13 can induced mfA modified
patterns substantially abolished PKM2 mRNA
stability [68]. However, there are no studies about
how the five regulators work together in HCC.

5. Conclusions

Collectively, our study summarized the
signature of m'A-, m°C-, mfA-, m’G-, and DNA
methylation-related regulators in HCC and evaluated
the associations with OS. The signature can be used as
a prediction model for immunotherapy, especially for
the high-risk group. The limitation of this study is
obvious for we only used public dataset to conduct
our analysis. Large-scale clinical validation of this
model is a necessary prerequisite for its use in
assisting clinical decision-making.

Supplementary Material

Supplementary figure and tables.
https:/ /www jcancer.org/v15p4287sl.zip
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