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Background: To investigate the prognostic significance of N7-methylguanosine (m7G) regulators and 
immune infiltration in liver hepatocellular carcinoma (LIHC). 
Methods: The research measured predictive m7G genes in LIHC samples from The Cancer Genome Atlas 
(TCGA) and International Cancer Genome Consortium (ICGC) datasets. Data on the stemness index based 
on mRNA expression (mRNAsi), gene mutations, and corresponding clinical characteristics were obtained 
from TCGA and ICGC. Lasso regression was used to construct the prediction model to assess the m7G 
prognostic signals in LIHC. Based on these genes, Gene Ontology (GO) and Kyoto Encyclopedia of Genes 
and Genomes (KEGG) analyses were performed to identify key biological functions and pathways. The 
correlation between m7G RNA methylation regulators and the prognosis and immune infiltration of LIHC 
was evaluated. 
Results: There were 21 m7G-related differentially expressed genes (DEGs) in LIHC and healthy tissues, 
and LIHC patients could be divided into two categories by consensus clustering of these DEGs. A five-
gene predictive approach was employed using least absolute shrinkage and selection operator (LASSO) 
Cox regression analysis. Patients in the low-risk group showed a significantly higher survival rate compared 
with those in the high-risk group (P=0.001). Validations using the ICGC database. Also, univariate and 
multivariate Cox regression analyses suggested that the risk score produced by the predictive model is an 
independent predictor for LIHC [hazard ratio (HR): 1.848, 95% confidence interval (CI): 1.286–2.656; HR: 
2.597, 95% CI: 1.358–4.965]. The ROC curves of the ICGC cohort revealed that the five-gene prediction 
model performed well [area under the curve (AUC) =0.642 at 1 year, AUC =0.686 at 2 years, and AUC 
=0.667 at 3 years]. Immuno-oncology scoring revealed that in the high-risk group, among 16 immune cells, 
the expressions of neutrophils and natural killer (NK) cells were low and that of regulatory T-cells (Tregs) 
was high. 
Conclusions: LIHC occurrence and progression are linked to m7G-related genes. Corresponding 
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Introduction

Globally, liver hepatocellular carcinoma (LIHC) ranks 
sixth among all cancers in terms of incidence and fourth 
in terms of cancer-related deaths. In 2020, there were 
905,677 new LIHC cases worldwide, accounting for 4.69% 
of all cancers, and over 780,000 people die of LIHC each 
year (1). Currently, LIHC is predominantly managed 
by surgical resection, liver transplantation, transarterial 
chemoembolization (TACE), and ablation therapy; however, 
each of these methods has its limitations (2). Over 70% of 
LIHC patients relapse within 5 years after hepatectomy and/
or tumor ablation (3,4). The 5-year survival rate is 60–70% 
following hepatectomy (5) and 38.3% after TACE (6). 

These figures highlight the need to better understand the 
molecular mechanisms that regulate the development of 
effective strategies for treating LIHC.

The mechanisms involved in the pathogenesis of 
LIHC are complicated. Epigenetics refers to the study 
of the regulation of gene expression in terms of the lack 
of variation in the nucleotide sequence of a gene. Recent 
studies have shown that misregulated RNA modifications 
often lead to abnormal gene expression and are strongly 
associated with developmental diseases and cancers (7,8). 
Over 150 forms of RNA alterations have been identified, 
and N7-methylguanosine (m7G), which is among the most 
prevalent RNA modifications, results from the methylation 
of RNA guanine at position N7 by methyltransferase (9) and 
is widely found within transfer RNAs (tRNAs), ribosomal 
RNAs (rRNAs), the 5' cap of messenger RNA (mRNA), and 
mRNAs. 

Methylation modifications in RNAs are typically 
controlled by “writer”, “eraser”, and “reader” proteins. A 
writer is a protein that “writes” a specific chemical group 
into an RNA. An eraser is a protein that removes the 
modifying chemical group added by the writer. A reader is 
a protein that recognizes and binds to the modified RNA 
site and participates in transcription, translation, and other 
processes. Currently, the writers of m7G include METTL1, 
WBSCR22, and RNMT, and no eraser or reader of 
m7G has been found to date (10). m7G modifications 
predominantly exist at position 46 of the variable region 
of tRNAs and are catalyzed by the methyltransferase 
METTL1/WDR4 complex. m7G modification and 
C13-G22 form a tertiary base pair, which contributes to the 
stability of tRNAs (11).

A loss of m7G modification causes ribosomes to arrest at 
m7G tRNA-dependent codons, affecting the gene expression 
related to brain development and the cell cycle (12). In rRNAs, 

prognostic models help forecast the prognosis of LIHC patients. m7G-related genes and associated immune 
cell infiltration in the TME may serve as potential therapeutic targets in LIHC, which requires further trials. 
In addition, the m7G-related gene signature offers a viable alternative to predict LIHC, and these m7G-
related genes show a prospective research area for LIHC targeted treatment in the future. 
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Highlight box

Key findings 
• This study Constructing and Validating of m7G-Related Genes 

Prognostic Signature that discover 21 m7G-related DEGs in 
LIHC. Among them, the expressions of the NUDT10 and EIF4E3 
genes were downregulated, while those of the other 19 genes were 
upregulated in the LIHC.

What is known and what is new? 
• mRNA modification has gradually been proven to be related to 

the onset and progression of cancer, which provides an assessment 
approach to identity early effective biomarkers to achieve early 
detection, early prevention;

• The impact of m7G-related DEGs indicators in LIHC and 
identification of effective biomarkers. In the immune, the 
expressions of neutrophils and natural killer (NK) cells were low 
and that of regulatory T-cells (Tregs) was high in the high-risk 
group.

What is the implication, and what should change now?
• Early identification of effective biomarkers to intervene in the 

course of cancer.
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m7G is catalyzed by the WBSCR22/TRMT112 complex, 
in which the TRMT112 protein, as an activating enzyme of 
methyltransferase WBSCR22, mediates G1639 methylation 
in 18S rRNA and regulates the processing, export, and 
maturation of RNAs and pre-RNAs (13,14). A cap structure 
exists at the 5' end of mRNA, and this guanosine cap 
is methylated at position N-7 by the methyltransferase 
complex RNA guanine-7 methyltransferase (RNMT)-
RNMT-activating miniprotein (RAM). RAM is a subunit 
of RNMT, which increases methyltransferase activity (15). 
The m7G cap protects mRNAs from decomposition at 
the 5' end, thereby playing an important role in regulating 
the export, stability, splicing, transcription, translation, 
and decay of mRNAs (16,17). Moreover, the RNMT-
RAM complex influences the synthesis of rRNAs by 
regulating c-Myc (18). With the improvement of sequencing 
techniques, m7G modification catalyzed by METTL1 
methyltransferase has been confirmed within mRNAs (19).

Taken together, m7G modifications are instrumental in 
regulating the processing, transcription, and metabolism 
of RNAs and intervening in the expression of related 
genes. Abnormal expression of RNA-modifying enzymes 
leads to either an increase or a decrease in RNA 
modifications, resulting in gene expression disorders and 
tumor cell proliferation (20). METTL1 over-expression 
results in an increase in the number of m7G-modified 
tRNAs, represented by Arg-TCT-4-1, and upregulates 
the translation of cell cycle-regulating mRNAs and the 
expression of growth-promoting proteins, which drives 
the development of cancer (21). m7G modifications of 
tRNAs are closely related to lung cancer and intrahepatic 
cholangiocarcinoma (ICC) (22,23). Let-7 is one of the 
most studied miRNAs; the let-7 gene is significantly 
downregulated in human breast, lung, and intestinal 
cancers. METTL1-mediated methylation augments let-7 
miRNA processing by disrupting an inhibitory secondary 
structure within the primary miRNA transcript (pri-
miRNA), regulates the expression of pri-let-7e and let-7, and 
affects the migration of lung cancer cells, highlighting that 
m7G methylation may serve as a new RNA modification to 
regulate the structure of miRNAs and cell migration (24).

The relationship between m7G and LIHC has been 
marginally explored. Currently, four papers have used 
bioinformatics analysis to explore the relationship between 
m7G and LIHC (25-28). They constructed different 
models by bioinformatics to predict valid biomarkers. Their 
limitations including the limited prediction ability, and the 
potential strengths of m7G methylation-related genes, to 

support the clinical needs for new prognostic biomarkers 
or prognosis prediction model. In addition, TCGA is a 
continuously updated database and the sample is always 
changing. This is why it is essential to constantly update the 
algorithms and calculations. Based on the available data, it is 
known that m7G-related genes exert an important function 
in tumor formation, but their specific roles in LIHC have 
not yet been determined. The present research examined 
the differential expression of m7G-related genes in LIHC 
and healthy tissues as well as the prognostic significance of 
these differentially expressed genes (DEGs) and immune 
infiltration in LIHC. We present the following article in 
accordance with the TRIPOD reporting checklist (available 
at https://jgo.amegroups.com/article/view/10.21037/jgo-
22-1134/rc).

Methods

Data acquisition

We retrieved the RNA sequencing (RNA-seq) data and 
relevant clinical features of 374 LIHCs and 50 normal 
data with LIHC from The Cancer Genome Atlas (TCGA) 
database (https://portal.gdc.cancer.gov/repository) on 
January 15, 2022. For the external validation cohort, the 
RNA-seq data and clinical information of 243 LIHC patients 
were obtained from the International Cancer Genome 
Consortium (ICGC) (https://icgc.org/) (Table 1). The study 
was conducted in accordance with the Declaration of 
Helsinki (as revised in 2013). 

Identification of m7G-related DEGs

Twenty-three m7G-related genes were extracted from a 
previous review (11) and the Gene Set Enrichment Analysis 
(GSEA) website (http://www.gsea-msigdb.org/gsea/login.
jsp). Using the “limma” R package (version 4.1.2, New 
Zealand), DEGs with a P value of 0.05 were identified 
according to the following denominations: *P<0.05, 
**P<0.01, and ***P<0.001. 

Development and validation of a predictive model 
according to the m7G-related genes

The prognostic significance of m7G-related genes was 
assessed by univariate Cox regression analysis to determine 
the relationship between every gene of TCGA cohort and the 
survival status, using a P value of 0.05. A total of 12 survival-

https://jgo.amegroups.com/article/view/10.21037/jgo-22-1134/rc
https://jgo.amegroups.com/article/view/10.21037/jgo-22-1134/rc
http://www.gsea-msigdb.org/gsea/login.jsp
http://www.gsea-msigdb.org/gsea/login.jsp
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related genes were detected for additional examination. 
By utilizing the “glmnet” R package (version 4.1.2, New 
Zealand), LASSO Cox regression analysis was carried 
out to narrow the scope of applicant genes and develop a 
predictive model. Finally, five genes and their coefficients 
were preserved, and the “λ” value represents the degree 
of overfitting of the model. TCGA expression data were 
centralized and standardized to calculate risk scores. The 
following equation was utilized to calculate the risk score: risk 
score = P7iXi'Yi (X: coefficient, Y: gene expression pattern). 

LIHC patients in TCGA cohort were divided into low- 
and high-risk groups based on their average risk score. 
Kaplan-Meier estimation was utilized to assess the survival 
time between the two groups. The “survival” and “timeROC” 
R packages (version 4.1.2, New Zealand) were employed to 
analyze the 3-year receiver operating characteristic (ROC) 
curves. Validation was performed using a cohort of patients 
with LIHC from the ICGC database (https://icgc.org/). The 
same equation was utilized to measure the risk scores for 
TCGA cohort. The average risk score was also employed to 
classify the patients into low- or high-risk groups, and the 

genetic model was validated.

Independent prognostic analysis of the risk scores

We extracted the clinical data (age and grading) of patients 
from TCGA and ICGC cohorts and examined these 
variables along with risk scores obtained from our regression 
model. Univariate and multivariate Cox regression analyses 
were also carried out. 

Functional enrichment analysis of DEGs in the two groups

LIHC patients from TCGA cohort were separated into 
two subgroups depending on their median risk scores. The 
DEGs of the two groups were examined according to the 
following specific criteria: false discovery rate (FDR), a 
more liberal criterion, was adopted together with absolute 
log2fold change (FC) to determine the significance 
criteria (FDR <0.05 and |log2FC| ≥1). Gene Ontology 
(GO) and Kyoto Encyclopedia of Genes and Genomes 
(KEGG) analyses of these DEGs were performed using the 
“clusterProfiler” R package (version 4.1.2, New Zealand). 
Also, the “gsva” program was employed to determine the 
infiltrative immune cells score and immune function was 
evaluated through single-sample GSEA (ssGSEA). 

Statistical analysis

One-way analysis of variance (ANOVA) was employed to 
assess the gene expression patterns in healthy and LIHC 
tissues. Pearson’s Chi-square test was employed to contrast 
the categorical variables. The survival status of patients was 
compared between groups using Kaplan-Meier estimation 
and a two-sided log-rank test. Univariate and multivariate 
Cox regression analyses were employed to study the 
independent predictive significance of the risk model. We 
utilized the Mann-Whitney U test to contrast the pattern 
of immune pathway activation and immune cell infiltration 
between the two groups. All data were examined using the 
R program. 

Results

DEGs in normal and tumor tissues

Twenty-one DEGs were identified by examining the 
expression patterns of 23 m7G-related genes in 50 

Table 1 The clinical characteristics of patients

Variables Number of samples

TCGA

Gender (male/female) 255/122

Age at diagnosis (≤65/>65 years) 235/141

Grade (G1/G2/G3/G4/NA) 180/55/124/13/5

Stage (I/II/III/IV/NA) 2/131/141/136/2

T (T1/T2/T3/T4/NA) 175/87/86/5/24

M (M0/M1/NA) 272/4/101

N (N0/N1/NA) 257/4/116

ICGC

Gender (male/female) 97/135

Age at diagnosis (≤65/>65 years) 51/181

Grade (high/low) Unknown

Stage (I–II/III–IV) 142/90

T (T1/T2/T3/T4/NA) Unknown

M (M0/M1) Unknown

N (N0/N1/N2/N3/NA) Unknown

TCGA, The Cancer Genome Atlas; ICGC, International Cancer 
Genome Consortium.
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healthy and 374 LIHC samples (P<0.01). Among them, 
the expressions of the NUDT10 and EIF4E3 genes were 
downregulated, while those of the other 19 genes (EIF4E, 
NUDT16, NCBP1, NUDT4, CYFIP1, WDR4, EIF4E2, 
EIF4A1, NUDT3, SNUPN, LARP1, NUDT11, DCP2, 
NCBP2, EIF3D, METTL1, LARP1, WDR4, and NUDT11) 
were upregulated in the LIHC samples. Figure 1A depicts 
the expression patterns of the 23 m7G-related genes (green: 
low expression; red: high expression). An association 
network diagram was created to study the association 
between these m7G-related genes (Figure 1B; red and 
blue lines indicate positive and negative associations, 
respectively).

DEGs-based tumor classification 

To study the relationship between the expression levels 
of 21 m7G-related DEGs and LIHC subtypes, consensus 
clustering was performed on all 374 LIHC patients in 
TCGA cohort. Elevating the cluster variable “κ” from 2 
to 9 revealed the greatest intra-group correlation and low 
inter-group correlation at κ=2, suggesting that the 374 
LIHC patients may be split into two clusters based on the 
21 DEGs (Figure 1C). The heat map displays the gene 
expression levels and clinical data, including age (≤60 vs. 
>60 years), grade of tumor differentiation (G1–G4), and 
survival status (survival vs. death) (Figure 1D). Significant 
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variations existed in the overall survival (OS) time between 
the two groups (P=0.0003, Figure 1E). Moreover, the 
clinical features also differed markedly between the two 
LIHC subgroups. 

Constructing a predictive gene model based on TCGA data

We contrasted 366 LIHC samples to patients with complete 
corresponding survival data. The survival-related genes 
were initially examined by univariate Cox regression 
analysis. Twelve genes (NCBP2, GEMIN5, NCBP1, WDR4, 
EIF4E, EIF3D, LARP1, DCP2, EIF4E2, EIF4G3, METTL1, 
and LSM1) fulfilled the parameters of P<0.05 and were 
subjected to additional examination (Figure 2A). An 
NCBP1, NCBP2, WDR4, GEMIN5, and EIF4E gene-based 

prognostic model was developed using multivariate LASSO 
Cox regression (Figure 2B,2C).

The risk score was measured as follows: risk score 
= (0.327*EIF4E  exp.)  + (0.036*PGEMIN5  exp.)  + 
(0.088*NCBP1 exp.) + (0.026*NCBP2 exp.) + (0.057*WFR4 
exp.).

The median risk score was determined using the risk 
score calculation equation, and the 366 patients were split 
equally between the low- and high-risk groups (Figure 2D).

Principal component analysis (PCA) revealed that 
patients with various risk levels were accurately categorized 
into two clusters (Figure 3A). The high-risk group exhibited 
greater mortality and lower survival times than the low-risk 
group. The OS differences between the high- and low-risk 
groups were statistically significant (P=0.001, Figure 3B). 
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The sensitivity and specificity of the predictive model were 
evaluated through ROC analysis, with the area under the 
curve (AUC) employed as the scoring metric. According 
to the ROC curves, the AUC was 0.716 at 1 year, 0.64 at 
2 years, and 0.631 at 3 years (Figure 3C). The threshold 
AUC value for a good predictive model is 0.7 and the P 
value<0.05 for Statistical significance. We examined the data 
and compared similar bioinformatics results. The lethality 
rate for liver cancer was found to be very high, with most 
patients dying in the first year. Our model made predictions 
based on the first-year results, resulting in an AUC of no 
more than 0.7 in years 2–3, which may have contributed to 
this result. However, after comparing similar studies, it was 
found that such a result was not influential.

External validation of the predictive model

In total, 243 LIHC patients in the ICGC database were 
included in the validation set and were split into the low-
risk group (n=122) and the high-risk group (n=121) as 
per the median risk score calculated using the above-
mentioned formula. PCA showed that the patients could 
be appropriately split into two groups (Figure 4A). Patients 
in the low-risk group (Figure 4B, left side of the dashed 
line) exhibited longer survival times and a lower mortality 
rate compared with patients in the high-risk group. 
Furthermore, a significant variation in the survival rate 
between the low-risk and high-risk groups was determined 
through Kaplan-Meier estimation (P=0.0027, Figure 4C). 
The ROC curves of the ICGC cohort showed that the 
five-gene predictive model exhibited effective predictive 
performance (AUC =0.642 at 1 year, AUC =0.686 at 2 years, 

and AUC =0.667 at 3 years) (Figure 4D). 

Independent predictive significance of the risk model

Univariate and multivariate Cox regression analyses 
were performed to evaluate whether the risk score of the 
predictive model might act as an independent predictive 
factor [hazard ratio (HR): 1.848, 95% confidence interval 
(CI): 1.286–2.656; HR: 2.597, 95% CI: 1.358–4.965]  
(Figure 5A,5B). Multivariate Cox analysis suggested that 
the risk score may be an independent predictor for patient 
survival status after correcting for other confounders. (HR: 
1.889, 95% CI: 1.309–2.727; HRs: 2.348, 95% CI: 1.219–
4.522) (Figure 5C,5D). The heat maps of gene expression 
and clinical features in TCGA and ICGC cohorts were also 
plotted (Figure 5E,5F). 

Functional analysis based on the risk model

To investigate the gene function and pathway variations 
between the two groups divided by the risk model, we 
obtained DEGs using the “limma” R package as well 
as the following parameters: FDR <0.05 and |log2FC| 
≥1. Enrichment analysis was conducted using the 
“clusterProfiler” program (29). In TCGA cohort, 3,772 
DEGs were determined between the low- and high-risk 
groups. The expression of 3,700 genes was elevated in the 
high-risk group, while that of the remaining 72 genes was 
downregulated. GO and KEGG analyses demonstrated 
that these DEGs were predominantly enriched in pathways 
such as the cell cycle, mitosis, neuroactive ligand-receptor 
regulation, and ECM-receptor interaction (Figures 6A,6B).

Figure 3 Testing of the prognostic model. (A) PCA plot of LIHC based on the risk score. (B) Kaplan-Meier curves of the survival status of 
patients in the high- and low-risk groups. (C) ROC curves illustrating the predictive efficiency of the risk score. PCA, principal component 
analysis; LIHC, liver hepatocellular carcinoma; AUC, area under the curve; ROC, receiver operating characteristic.
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Figure 4 External validation of prognostic models. (A) PCA showing that patients in the ICGC cohort could be appropriately divided into 
high- and low-risk groups. (B) Survival status of each patient (low-risk group: left side of dashed line; high-risk group: right side of dashed 
line). (C) Kaplan-Meier curves of the survival of patients in the high- and low-risk groups. (D) ROC curves showing the predictive efficiency 
of the risk score. PCA, principal component analysis; AUC, area under the curve; ICGC, International Cancer Genome Consortium; ROC, 
receiver operating characteristic.

Comparison of immunoactivity between the high- and low-
risk groups

We compared 16 immune cell enrichment scores and 13 
immune functional activities using ssGSEA between the 
low- and high-risk groups in the TCGA and ICGC cohorts. 
Among the immune pathways, the expression of cytolytic 
activity and types I and II interferon (IFN) responses were 
low, while that of the major histocompatibility complex 
(MHC) was elevated in the high-risk group (P<0.05) 
(Figure 7A). The immuno-oncology scoring showed that 
of the 16 immune cells, the expression of neutrophils and 
natural killer (NK) cells was low, and that of regulatory 
T-cells (Tregs) was high in the high-risk group (Figure 7B).  
Similar conclusions were reached when analyzing the 
immunological state of the ICGC group (Figure 7C,7D). 

Discussion

LIHC clinical treatment is a critical clinical problem due 

to the disease’s fast development and dismal prognosis. 
A lack of potent tumor-killing initiators and selective 
tumor-targeting therapeutic medications limits the level of 
precision medicine for LIHC. A recent study discovered 
that changes in the process of programmed tumor cell 
death may enhance the focused therapeutic effect of 
LIHC (30). As a result, early detection and diagnosis 
of the condition are critical. m7G is the most prevalent 
internal mRNA change in all higher eukaryotes, and it is 
tightly controlled by a slew of “writers”, “erasers”, and 
“readers”. m7G mutations influence cancer processing. 
m7G regulates cellular proliferation and maturation, both 
of which have been associated to cancer development. 
A recent study discovered that changes in the process of 
programmed tumor cell death may enhance the focused 
therapeutic effect of LIHC (31). As a result, early detection 
and diagnosis of the condition are critical. m7G is the most 
prevalent internal mRNA change in all higher eukaryotes, 
and it is tightly controlled by a slew of “writers”, “erasers”, 
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Figure 5 Independent prognostic value of risk score. (A) Univariate Cox analysis of TCGA cohort. (B) Univariate Cox analysis of the ICGC 
cohort. (C) Multivariate Cox analysis of TCGA cohort. (D) Multivariate Cox analysis of the ICGC cohort. (E) Heat map of the TCGA 
cohort (green: low expression; red: high expression) showing the association between clinicopathological features and the risk groups. 
G1, G2, G3, and G4 represent the grade of tumor differentiation; G1: highly differentiated, G2: moderately differentiated; G3: poorly 
differentiated. G4: undifferentiated. (F) Heat map of the ICGC cohort (green: low expression; red: high expression) showing the association 
between clinicopathological features and the risk groups. CI, confidence interval; TCGA, The Cancer Genome Atlas; ICGC, International 
Cancer Genome Consortium.
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Figure 7 Comparison of immune activity between low- and high-risk groups. (A,B) Comparison of the enrichment scores of 16 immune 
cell types and 13 immune-related pathways in the low- and high-risk groups in TCGA cohort. (C,D) Comparison of the enrichment scores 
of 16 immune cell types and 13 immune-related pathways in the low- and high-risk groups in the ICGC cohort. *, P<0.05; **, P<0.01; 
***, P<0.001; ns, P>0.05. APC, antigen-presenting cells; CCR, C-C chemokine receptor; HLA, human leukocyte antigen; MHC, major 
histocompatibility complex; IFN, interferon; aDCs, activated dendritic cells; DCs, dendritic cells; iDCs, immature dendritic cells; NK, 
natural killer; pDCs, plasmacytoid dendritic cells; Tfh, T follicular helper cells; TIL, tumor infiltrating lymphocytes; Treg, regulatory T-cells; 
TCGA, The Cancer Genome Atlas; ICGC, International Cancer Genome Consortium. 

and “readers”. Evidence suggests that abnormal m7G 
methylation may promote cancer growth by upregulating 
oncogenes and inhibiting tumor suppressor genes, and 
that m7G RNA methylation can be influenced by m7G 
regulator expression and m7G enzyme activity, influencing 
tumor progression further (27,32). The interactions of m7G 
regulators in LIHC were used to determine the tendencies 
of m7G readers, writers, and erasers. This pattern suggests 
that LIHC was involved in m7G RNA methylation. These 
factors also have an impact on immune cell infiltration in 

LIHC. Therefore, exploring how m7G influences the onset, 
development of LIHC is of great importance for future 
effective target prediction and drug design (33). In this 
study, we constructed that a predictive model according to 
five m7G-related genes (EIF4E, GEMIN5, NCBP1, NCBP2, 
WDR4) could predict the survival of patients. 

EIF4E, a member of the translation initiation factors 
family in eukaryotic cells, is located at chromosome 
4q21–4q25. It binds specifically to the m7G cap structure 
at the 5' end of mRNAs, and as a component of the EIF4F 
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complex, participates in initiation site regulation and 
translation localization. As the most important regulatory 
factor discovered to date, EIF4E mediates the recruitment 
of mRNA on the 40S ribosomal subunits and participates 
in mRNA transport and processing (34). The EIF4E 
expression pattern is relatively reduced in normal tissues; 
however, it can selectively enhance the translation of 
mRNAs, resulting in increased synthesis of tumor-related 
proteins (such as VEGF, vascular endothelial growth factor) 
and promotion of tumor occurrence and development (35). 
The enrichment of EIF4E in cancer tissues and the high-
risk group observed herein indicates that EIF4E promotes 
the development of LIHC, which is consistent with the 
literature.

GEMIN5, a part of the macromolecular complex in 
the cytoplasm and nucleus, has recently been identified 
as a novel m7G cap-binding protein. A study has shown 
that GEMIN5 can bind specifically to the m7G cap 
structure via its WD repeat domain and affect the small 
nuclear ribonucleic protein (snRNP) assembly process, 
thereby regulating the level of post-transcriptional gene 
expression (36). Functional mutations in GEMIN5 lead to 
developmental disorders of the nervous system, resulting in 
neurodevelopmental retardation and ataxia syndrome (37). 
No association between GEMIN5 and carcinogenesis has 
been reported, but GEMIN5 was identified as a risk factor 
for LIHC in the present study. 

NCBP1 and NCBP2 are components of the nuclear cap-
binding complex and protein complexes in the nucleus. 
The cap-binding complexes, first found in HeLa cells, 
can bind to the m7G caps of newly transcribed mRNAs 
and coordinate downstream RNA biogenesis (38). NCBP1 
and NCBP2 are key target genes of lung cancer (39,40). 
NCBP1 mediates the aggressiveness of lung cancer cells by 
regulating the expression of the epithelial-stromal transition 
protein via CUL48 (41).

WDR4 is a gene that encodes the non-catalytic subunit 
of methyltransferase, and WDR4 and METTL1 co-
modify the m7G of tRNAs. Modifying tRNAs is essential 
for efficient framework maintenance and the fidelity of 
translation in protein synthesis (42). WDR4 abnormalities 
are associated with dwarfism (43). Dai et al. reported that 
expression of the complex comprising METTLE and 
WDR4 was significantly upregulated in ICC, and was 
correlated with a poor prognosis. Experimental study 
showed that the METTLE/WDR4 complex selectively 
upregulates the expression of genes involved in pathways 
such as the cell cycle (23). These reports are consistent with 

our results, in which the WDR4 expression pattern was 
elevated in the LIHC group, and the DEGs in the high- 
and low-risk groups of LIHC were mainly enriched in 
pathways such as the cell cycle. 

The present study demonstrated that the DEGs of the 
two groups were predominantly enriched in pathways 
regulating the cell cycle, mitosis, neuroactive ligand-
receptor regulation, and ECM-receptor interplay. New 
research indicates that abnormal activity of the growth cycle 
mechanism of core cells is the driving force of tumorigenesis, 
and occurs in almost all tumors. Thus, targeting specific 
cyclins is a new direction in cancer treatment (44). The 
interplay between cancer cells and immune cells constitutes 
the microenvironment of tumors, and enhanced cyclin 
activity in cancer cells inhibits anti-tumor immunity and 
affects the tumor microenvironment. A previous study 
showed that cyclin-dependent kinase 4/6 (CDK4/6) 
inhibitors suppressed tumor growth by downregulating the 
expression of DNA methyltransferase-1 (DNMT1) in a 
transgenic mouse model for breast cancer (45). The genome 
and transcriptome profiles of human tumors also support 
the presumption that the cell cycle disorders of cancer cells 
promote immune evasion (46). The immunological scoring 
of the LIHC two groups in this study revealed that of the 
16 immune cells, neutrophils and NK cells were expressed 
at low levels, and Tregs were expressed at high levels in the 
high-risk group tissues. Also, among the immune pathways 
in the high-risk group, the expression of cytolytic activity 
and types I and II IFN responses were low, while that of 
MHC was high. 

MHC, a key component of the adaptive immune 
system, binds peptides derived from cells expressing 
genes, transporting and presenting these antigens on the 
cell surface. This allows CD8 T cells to recognize and 
destroy pathological cells synthesizing abnormal proteins. 
Hence, one mechanism through which cancer evades 
immune surveillance is via the loss of MHC-I (MHC class I 
molecules) antigen presentation. This not only impairs the 
ability of the natural immune response to control cancer but 
also hinders immunotherapy that involves reactivating anti-
tumor CD8 T cells (47).

However, the present study discovered that the MHC-I 
expression pattern increased in the high-risk group, which 
was explained in Barkal et al.’s study (48). The authors found 
that the expression of MHC-I did not decrease in some 
cancers. MHC-I on the surface of cancer cells contains 
β2 microglobulin, which can bind to the LILRB1 protein 
on the surface of macrophages. Experimental studies have 
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illustrated that such binding can inhibit the phagocytosis of 
macrophages and kill cancer cells (48,49). These findings 
may explain the enrichment of MHC-I discovered in the 
high-risk group and provide a novel approach for treating 
LIHC. 

Although the mechanism through which RNA 
modification controls cancer progression remains unclear, 
intervention in RNA modification and RNA-modified 
proteins has become a new anticancer strategy (50,51). 
For example, ribavirin, an artificial guanosine nucleoside 
analog with a broad spectrum of antiviral properties, has 
recently been shown to inhibit the activity of EIF4E, and 
clinical trials have demonstrated that it has good efficacy in 
leukemia and other cancers (52,53).

Conclusions

This research demonstrated that m7G is strongly linked to 
LIHC and that the risk scores based on a five m7G-related 
gene predictive model were independent risk factors for 
estimating patient outcomes in TCGA and ICGC cohorts. 
This study also identified a novel genetic marker for 
estimating the prognoses of LIHC patients. We speculate 
that m7G-related genes can regulate tumor development 
and influence the immunologic microenvironment of 
tumors by regulating the cell cycle and other pathways. 
Findings from this study provide a basis for further 
exploration of the occurrence and treatment of LIHC as 
well as the relationship between LIHC and m7G. 

The following restrictions apply to our analysis: (I) 
The current study did not collect enough alternative data 
sources from other publicly available sites to evaluate the 
model’s dependability. (II) While the functional enrichment 
processes at work in the regulatory networks of diverse risk 
groups were investigated, additional research is needed to 
corroborate the current findings. (III) The prediction model 
developed in this work must be evaluated both externally 
and practically.
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