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Background: Gastric cancer (GC) is characterized by high morbidity and mortality rates, and the
prognosis is not optimistic. Therefore, the search for new biomarkers is crucial. Methylation modifications in
RINA modifications play a crucial role in tumors. However, the role of methylation modification of integrated
m6A/m5C/mlA/m7G, in GC and its related analysis have not been reported. It still needs to be studied in
depth. Our study aims to deepen our understanding of m6A/m5C/m1A/m7G methylation and potentially
provide new strategies for GC treatment.

Methods: We used TCGA-STAD (The Cancer Genome Atlas-Stomach Adenocarcinoma) as a training
set and GSE84433 as a validation set to analyze and determine potential associations between m6A/m5C/
mlA/m7G-related genes and clinical risk of GC. In addition, we explored the prognostic value and potential
biological mechanisms of m6A/m5C/m1A/m7G-related genes in GC through consistent clustering,
differential expression gene identification, enrichment analysis, and immune infiltration analysis. Finally,
we constructed m6A/m5C/m1A/m7G-related risk signature (MRRS) to evaluate the correlation between
risk grade and survival prognosis, drug sensitivity, and immune infiltration, and validated the validity by
immunohistochemical staining.

Results: We identified subgroups of C1, C2, and C3 patients by consensus clustering using data from 45
m6A/m5C/m1A/m7G-related genes. The three groups showed significant differences in survival, immune
scores, and immune cell infiltration. We then constructed MRRS using least absolute shrinkage and selection
operator (LASSO) regression analysis, including SLC5A46, FKBP10, GPC3, and GGH, which could accurately
differentiate between high-/low-risk populations. Its accuracy was further validated in the validation set and
immunohistochemical staining. These results suggest that m6A/m5C/m1A/m7G are closely related to the
GC tumor immune microenvironment, and MRRS has good performance in predicting the survival of GC
patients.

Conclusions: In this study, we highlighted the association of m6A/m5C/m1A/m7G subtypes with changes
in the GC immunotumor microenvironment. We constructed and validated MRRS, which is valuable
in predicting survival, immune infiltration and drug sensitivity in GC patients. This helps to deepen our

understanding of m6A/m5C/m1A/m7G methylation and potentially provides new strategies for GC treatment.
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Introduction

Gastric cancer (GC) is a health-threatening malignant
tumor, which is one of the top five common cancers in
the world with a high mortality rate (1-3). Early clinical
symptoms in patients with GC have low specificity and
are usually without significant discomfort. This leads to
the unfortunate fact that GC patients are already in the
advanced stages when they are first diagnosed, and the
prognosis is not optimistic. Currently, the treatment of GC
is still mainly based on surgery, and postoperative combined
radiotherapy and chemotherapy and other comprehensive
treatment (4-6). Despite the development of medical
technology and the increase of diagnostic and therapeutic
means for GC in recent years, the mortality rate of GC
patients is still not encouraging (7-9). Therefore, it is
particularly important to develop effective biomarkers and
prognostic models as new therapeutic tools to improve the
prognosis of patients (10-13).

Methylation is the most abundant method of RNA
modification in eukaryotic mRNAs (14-16), and it is
involved in a variety of physiological and pathological
processes in body (17-19). Common methylation sites
include n6-methyladenosine (m6A), 5-methylcytosine
(m5C), nl-methyladenosine (m1A) and 7-methylguanosine
(m7G) methylation sites (20-24). They modify target RNAs
by binding to writers, erasers and readers (25,26). More
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the prognosis is not optimistic. Methylation modifications in RNA
modifications play a crucial role in tumors.

*  We found the association of m6A/m5C/m1A/m7G methylation
subtypes with changes in the GC immunotumor microenvironment.
We constructed and validated MRRS, which is valuable in predicting
survival, immune infiltration and drug sensitivity in GC patients.
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®  Our study helps to deepen our understanding of m6A/m5C/m1A/
m7G methylation and potentially provides new strategies for GC
treatment.
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importantly, a growing number of studies have shown that
methylation also plays an important role in a wide range of
cancers, with its involvement in cancers including breast,
bladder, thyroid, colorectal, and esophageal cancers (27-32).

Although prognostic features associated with RNA
methylation have now been established in some cancers
(33-36), they often involve only a single RNA modification.
Recent study on GC and methylation have shown the
predictive role of three types of methylation (m6A, m5C
and m1A) in GC (37). No studies have reported the
relationship between GC and genes associated with the four
major RNA methylation modifications, which still needs to
be thoroughly investigated.

In this study, we synthesized various RNA modifications,
developed and validated a novel m6A/m5C/m1A/m7G-
related risk signature (MRRS), analyzed the prognostic
value of MRRS in GC and differentiated patients with
different levels of immunotherapeutic sensitivity. The aim
was to demonstrate the value of MRRS in assessing the
immune microenvironment and survival prognosis of GC
patients, and to lay the foundation for the discovery of new
potential therapeutic targets, paving the way for improved
individualized patient treatment. We present this article in
accordance with the TRIPOD reporting checklist (available
at https://tcr.amegroups.com/article/view/10.21037/tcr-23-
2325/rc).

Methods
Ethical statement

The study was conducted in accordance with the Declaration
of Helsinki (as revised in 2013).

Data sources

For the training set, transcriptome information for a total
of 407 TCGA-STAD (The Cancer Genome Atlas-Stomach
Adenocarcinoma) cases, including 375 STAD samples and
32 normal samples, was downloaded from TCGA database
(https://portal.gdc.cancer.gov/). Mutations and matched
clinicopathologic data for the TCGA-STAD dataset were
also obtained from the TCGA database. For the validation
set, microarray gene chips from the Gene Expression
Omnibus database (GEO, www.ncbi.nlm.nih.gov/geo/,
GEO accession: GSE84433, Platforms: GP1.6947), which
contains 357 patients, were used.
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Consensus clustering analysis of m6A/m5C/m1A/m7G-
related subtypes

We identified 22 m6A-regulated genes, 13 m5C-regulated
genes, 8 mlA-regulated genes, and 2 m7G genes from
previous studies. M6A regulatory genes included METTL3,
METTL14, METTL16, WTAP, RBM15, RBM15B,
ZC3HI13, YTHDCI1, YTHDC2, YTHDF1, YTHDF2,
YTHDF3, IGF2BP1, IGF2BP2, IGF2BP3, HNRNPA2BI,
HNRNPC, RBMX, FMRI1, LRPPRC, ALKBHS, and FTO.
MS5C regulated genes included TRDMTI1, NSUN2,
NSUN3, NSUN4, NSUN5, NSUN6, NSUN7, DNMT1,
DNMT3A, DNMT3B, ALYREF, YBX1, and TET2. M1A
regulated genes included TRMT6, TRMT61A, TRMT61B,
TRMTI10C, BMT2, RRPS, ALKBHI, and ALKBH3. M7G
genes included METTLI and WDR4.

Cluster analysis was performed using ConsensusClusterPlus
using aggregated km clusters with 1-log correlation distance
and resampling 80% of the samples 10 times. The optimal
number of clusters was determined using the area under the
curve of the consistent cumulative distribution function, the
K-value, and the within-group consistency to ensure stability
of the results.

Identification and analysis of differentially expressed genes
(DEGs)

Limma is a differential expression screening method that
relies on generalised linear models. In this study, we utilized
the R package limma (version 3.40.6) to perform differential
analysis and identify the DEGs between the two groups.
The screening criteria for DEGs were determined as the
adjusted P<0.05 and Ifold changel >1.5. Then, Gene
Ontology (GO) and Kyoto Encyclopedia of Genes and
Genomes (KEGQG) analyses were carried out to compare
the differential signal pathway and biological effects among
the different Disulfidptosis-Related cluster cohorts. GO and
KEGG enrichment analyses were premised on the q-value
and P value thresholds of <0.05.

Mutation landscape analysis

We collected somatic mutation data from TCGA for
patients with STAD in order to investigate genetic
structural changes between different groups and to create
waterfall plots to visualize mutated genes.
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Construction and validation of the MRRS

Least absolute shrinkage and selection operator (LASSO)
is a common regression analysis method that combines
variable selection and regularization to enhance the
predictive performance and interpretability of the resulting
statistical model. In this study, we employed the R package
glmnet to conduct regression analysis using the LASSO-
cox method, incorporating survival time, survival status,
and gene expression data. Furthermore, we implemented
a 10-fold cross-validation to determine the optimal model.
In addition, we constructed a nomogram to predict 1-, 3-,
and 5-year survival rates of GC patients based on TNM
classification, age, gender, risk characteristics, and so on.

Analysis of immune cell infiltration

We used the CIBERSORT algorithm to assess the
proportions of 22 immune cells. Additionally, we employed
the ESTIMATE algorithm to calculate the differences
in estimated scores, immune scores, and stromal scores.
Furthermore, the Spearman correlation test was used to
determine the correlations between risk scores and immune
cell levels.

Analysis of drug sensitivity

The half-maximal inhibitory concentration (IC50) values
were evaluated to reflect the response to chemotherapy
and immunotherapy drugs. We used the R package
“pRRophetic” to predict the IC50 of different drugs in GC
samples to evaluate the relationship between m6A/m5C/
mlA/m7G-related genes and drug sensitivity.

Validation of m6A/m5C/m1A/m7G-related prognostic
genes with immunohistochemical staining

Immunohistochemical staining data of GC and normal
tissues were obtained from HPA (http://www.proteinatlas.
org/). We validated m6A/m5C/m1A/m7G-related prognostic
genes at the protein expression level. There were four
degrees of staining: high, intermediate, low, and not detected.

Statistical analysis

Kaplan- Meier curves were used to analyze the overall survival
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Figure 1 Identfication of m6A/m5C/m1A/m7G-related subtypes by consensus clustering. (A) Heatmap of the expression of 45 m6A/m5C/

mlA/m7G-related genes in GC samples, including tumor and normal samples; (B,C) cluster analysis of the

CDF indicating the area under

the curve and the decreasing trend of Delta at k=2-10 and the decreasing trend of area under the curve and Delta; (D) example cluster

consistency plot showing that the consensus value is optimal when k=3; (E) heatmap of the expression of 45 m6A/m5C/m1A/m7G-related

genes in the three isoforms; (F) consensus matrix for optimal k=3; (G) Kaplan-Meier curves of overall survival
GC, gastric cancer; CDF, cumulative distribution function; HR, hazard ratio.

for the three subtypes (P=0.04).

of the GC patients in different groups. Limma were perform that most of the m6A/m5C/m1A/m7G genes were highly

differential analysis and identify the DEGs between the expressed in GC compared to normal tissues (Figure 14).

different groups. LASSO were used to identify m6A/m5C/ Next, we performed a consensus clustering analysis
ml1A/m7G-related prognostic genes of GC patients The based on the m6A/m5C/m1A/m7G gene expression and
relationship between risk score and immune cell infiltration survival data of 375 GC samples. The results showed
was determined using correlation analysis (P<0.05). that the consensus matrix was optimal when K=3

(Figure 1B-1D). In addition, the three subtypes exhibited
Results different disulfidptosis gene expression (Figure 1E).

Figure 1F shows the heatmap of the consensus matrix when

Cluster analysis identified m6A/mSC/m1A/m7G-related

K=3. We further explored whether the different subtypes

subtypes of C1, C2, and C3 affected the survival of GC patients.
We analyzed the expression patterns of m6A/m5C/m1A/ The results of the Kaplan-Meier survival curve analysis are
m7G genes in normal and GC samples. It can be seen shown in Figure 1G, in which CI showed a better clinical
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Figure 2 Identification of DEGs and biological pathways between the three m6A/m5C/m1A/m7G subtypes. (A) Venn diagram showing

overlapping m6A/m5C/m1A/m7G-related DEGs; (B) heatmap showing the expression of 37 overlapping DEGs between the three isoforms;

(C,D) lollipop and circle plots showing the enrichment of KEGG and GO potential signaling pathways. DEGs, differentially expressed

genes; KEGG, Kyoto Encyclopedia of Genes and Genomes; GO, Gene Ontology.

outcome (P=0.04).

Differential gene expression and enrichment analysis of
m6A/mS5C/m1A/m7G-related subtypes

To explore the molecular mechanisms underlying the
prognostic differences among the 3 m6A/m5C/m1A/m7G
subtypes, we analyzed the DEGs of the three groups and
screened a total of 37 DEGs with common intersections
(Figure 24). The expression of these 37 genes was also
significantly different in each subtype (Figure 2B). Further
GO and KEGG enrichment analyses indicated that DEGs
were involved in extracellular messaging, as well as cancer,
immune-related processes such as extracellular exosome,
extracellular vesicle, extracellular organelle, immune system
process macromolecule modification, cytokine-cytokine
receptor interaction, proteoglycans in cancer, human T-cell
leukemia virus 1 infection and microRINAs in cancer, among

© Translational Cancer Research. All rights reserved.

others (Figure 2C,2D).

Comparison of somatic mutations, the tumor
microenvironment and immune checkpoint among m6A/
m5C/m1A/m7G-related subtypes

We analyzed somatic mutations in patients in each group
and plotted a waterfall plot of the top 15 genes with the
highest mutation frequency (Figure 34-3C). In group CI,
TTN, TP53, MUCI16, ARIDIA and LRPI1B were the most
frequently mutated genes. And in group C2, TP53 was the
gene with the highest mutation frequency of 77.6%, which
far exceeded the TP53 mutation frequency in other groups
(47.9%, 36.8%). In addition, SYNEI and CSMD3 were the
genes with the 5th highest mutation frequency in the C2
and C3 groups, respectively.

We went on to explore the tumor microenvironment
in both subtypes. First, the C2 group had lower immune

Transl Cancer Res 2024;13(7):3285-3298 | https://dx.doi.org/10.21037/ter-23-2325
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Figure 3 Somatic mutations and immune infiltration of the three m6A/m5C/m1A/m7G subtypes. (A-C) Mutation map waterfall plot

showing the 15 most common mutated genes in GC differing between groups C1, C2, and C3; (D) ESTIMATE box-and-line plot showing
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expression of some immune checkpoints in the three subtypes. *, P<0.05; **, P<0.01; ***, P<0.001; ****, P<0.0001; “-”, not significant. GC,

gastric cancer.

scores, stromal scores, and estimated scores than the
other groups, while the C3 group had the highest of all.
Surprisingly, the C1 group, which had the best survival, was
in between the two groups (Figure 3D). We next visualized
the differences in immune cell infiltration between the two
groups using the CIBERSORT method with a box-and-
line plot (Figure 3E), showing that CD8+ T cells, activated
CD4+ memory T cells, resting NK cells, M1 macrophages,
and M2 macrophages in group Cl1 infiltration was higher
than in the other groups, while naive B cells and resting
mast cells showed the opposite trend.

Finally, we evaluated the relationship of immune
checkpoints between each subgroup. As shown in Figure 3F)
the vast majority of immune checkpoints were most highly
expressed in the C1 group. Immunotherapy may be more
effective for patients in the C1 group.

© Translational Cancer Research. All rights reserved.

Construction and validation of the m6A/mSC/m1A/
m'7G-related visk signature (MRRS)

In this study, survival time, survival status and gene expression
data were integrated and regression analysis was performed
using the LASSO-cox method (Figure 44,4B). We set the
Lambda value to 0.043759414226974, and finally obtained
four m6A/m5C/m1A/m7G-related prognostic genes:
SLC5A6, FKBP10, GPC3, and GGH. The model equation is
as follows: Risk Score = -0.0714901538218786xSLC5A6+0.
0673930236411382xFKBP10+0.0651047201271496xGPC3-
0.0162831756810742xGGH.

Next, we examined the relationship between survival
status and risk score. It could be observed that with the
increase of risk score, the survival of patients decreased
significantly. We found that FKBP10 and GPC3 were risk

Transl Cancer Res 2024;13(7):3285-3298 | https://dx.doi.org/10.21037/ter-23-2325
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Figure 4 Construction and validation of the MRRS. (A,B) LASSO-Cox analysis of four m6A/m5C/m1A/m7G-related prognostic genes
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STAD, The Cancer Genome Atlas-Stomach Adenocarcinoma; HR, hazard ratio.

factors with a trend of up-regulation of expression with
increasing risk score. On the contrary, SLC5A6 and GGH
were protective factors and showed a down-regulation
trend in expression with increasing risk score (Figure 4C). In
addition, we further determined the prognostic significance
of MRRS for GC patients using Kaplan-Meier analysis. In
TCGA-STAD, the low-risk cohort predicted better survival
prognosis (P=1.2x107) (Figure 4D), and the survival results
in the GSE84433 validation set showed the same trend
(P=5.9x107") (Figure 4E). It indicates that our developed
MRRS has good recognition performance.

© Translational Cancer Research. All rights reserved.

The association of MRRS with prognosis

We performed a multifactorial Cox analysis, and the
results showed that the m6A/m5C/m1A/m7G-associated
risk score was an independent prognostic predictor of OS
in GC patients (Figure 54). In addition, we established
a nomogram based on TNM classification, age, gender,
and risk characteristics (Figure 5B). And calibration curves
(Figure 5C) and ROC analysis (Figure 5D) were performed.
The calibration curves showed good agreement between
the predicted and actual GC survival cohorts. In the ROC
analysis, the AUC values for 1, 3, and 5 years were 0.69,
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0.75, and 0.75, respectively. Thus, these results suggest that
MRRS has good performance in predicting the survival rate
of GC patients.

The correlation of MRRS with tumor microenvironment
and drug sensitivity

Given the role of m6A/m5C/m1A/m7G-related genes in
the immune microenvironment, we further analyzed the
correlation between MRRS and immune cell infiltration.
The results showed that the risk score was positively
correlated with the number of activated CD4+ memory T
cells, T follicular helper cells, and resting NK cells, and
negatively correlated with resting mast cells (Figure 6A-6D).
This was further confirmed in the GSE84433 validation
set (Figure 6E-6H). Interestingly, this is very similar to the
immune cell infiltration in group C1 above.

Next, we screened 16 compounds based on the difference
in predictive values of IC50 in the high- and low-risk

© Translational Cancer Research. All rights reserved.

groups. Drug sensitivity analysis showed (Figure 7) that
patients in the low-risk group were susceptible to Src family
selective Lck inhibitor (A-770041), AKT inhibitor VIII,
Raf kinase inhibitor (AZ628), saracatinib (AZD-0530),
PPMI1D inhibitor (CCT007093), dasatinib, elesclomol,
Wnt/B-catenin inhibitor (FH-535), and Ber-Abl inhibitor
(GNF-2) were more sensitive than the high-risk group.
Conversely, patients in the high-risk group were more
sensitive to Bcl-2 protein family inhibitor (ABT-263),
Afatinib (BIBW 2992), HSP90ATPase activity inhibitor
(CCTO018159), doxorubicin, etoposide, lenalidomide,
methotrexate (MTX) was higher than that of the low-risk
group. This may help to guide individualized medication
for both groups.

Validation of m6A/mSC/m1A/m7G-related prognostic

genes at the protein levels

To validate the possible relevant biological functions
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of prognostic genes in our MRRS, we evaluated the
protein expression levels of m6A/m5C/m1A/m7G-
related prognostic genes in normal tissues and GC using
HPA immunohistochemical staining data (Figure §). The
results showed that FKBP10 was significantly elevated
in GC tissues and GGH expression was decreased in GC
tissues, which was consistent with our analysis above.
In addition, SLC5A6 did not differ in tumor tissues and
normal tissues. Unfortunately, we did not obtain GPC3
immunohistochemical staining data. We reasonably infer
that FKBP10 and GGH may play an important role in
GC. The above results demonstrate that the MRRS we
developed has a more accurate predictive function for
potential prognostic and therapeutic markers of GC.

Discussion

GC, one of the most important cancers of the digestive
system, is still a major global health problem. Researchers
have been working tirelessly to find biological targets
that can predict or improve the prognosis of GC patients.
Encouragingly, various correlation models on cancer
prognosis have been developed (33-36), which are of great
help in developing potential therapeutic targets for GC.
Post-transcriptional modifications of RNA are an

© Translational Cancer Research. All rights reserved.

important part of the field of epigenetics. Among them,
methylation modifications are the most common, and m6A
is the most prevalent form of methylation modification
and the most intensively studied type of methylation
modification. While m6A/m5C/m1A/m7G combines
four different methylation modifications, which has been
less studied at present, the emergence of this combined
methylation mechanism provides new ideas for cancer
treatment. Moreover, its specific involvement in GC, the
mechanism of occurrence and the pathways involved are
still unknown.

Methylation plays a crucial regulatory role in various
cellular processes and in the progression of human diseases,
and it plays a potentially pivotal role in disease by regulating
the expression of proto-oncogenes and tumour-suppressor
genes through methyltransferases and demethyltransferases.
The aim of tumour immunotherapy is to control and
eliminate tumours by restarting and maintaining the tumour
immune cycle and restoring normal anti-tumour immune
responses. Methylated RNA modifications have implications
for immunotherapy (18,27). Therefore, we focused on the
potential role of methylation modification genes associated
with prognosis and immune infiltration in GC patients.

In this study, we identified three m6A/m5C/m1A/m7G
subgroups by consistent clustering based on the expression
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of 45 m6A/m5C/m1A/m7G-related genes, which were
significantly differentially expressed at different levels
compared with normal tissues (Figure 14). We were then
surprised to find that patients with different subtypes of GC
had different survival, immune cell infiltration outcomes,
and prognosis (Figure 1G, Figure 3). Next, we identified
the DEGs in the three groups using the limma method and
finalized four genes, SLCSA6, FKBP10, GPC3, and GGH,
using the Cox-LASSO method, and constructed MRRS
based on them. Some of these genes have been suggested
to play a role in cancer or inflammation by influencing the
immune response. For example, FKBP10 has a key role in

© Translational Cancer Research. All rights reserved.

translational reprogramming and lung cancer growth (38).
In addition, FKBPI0 interacts with Hsp47 and activates the
AKT-CREB-PCNA signaling pathway, which is involved
in the proliferation of glioma cells (39). Elevated expression
of GPC3 has been associated with a poor prognosis of
hepatocellular carcinoma (HCC) (40). Overexpression
of GGH is a risk factor for extranodal extension of oral
squamous cell carcinoma (41). On the other hand, GGH is
important for the chemosensitivity of acute lymphoblastic
leukemia (ALL) cells, and lack of GGH causes significant
resistance to MTX and rituximab (RTX) in ALL cells (42).
Taken together, the results of these 4 genes showed
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that our MRRS had a better survival prognosis in the low-
risk cohort (Figure 4D), which we further confirmed in the
validation set (Figure 4E). The results of this study suggest
that m6A/m5C/m1A/m7G can be used as biomarkers for
the diagnosis and prognosis of GC and reveal a feasible
therapeutic option that may be related to the modulation of
the tumor microenvironment.

GO, KEGG analysis showed that DEGs in the three
subgroups were significantly enriched in terms of their
involvement in extracellular messaging, as well as cancer and
immune-related processes. such as extracellular exosome,
extracellular vesicle, extracellular organelle, immune system
process macromolecule modification, cytokine-cytokine
receptor interaction, proteoglycans in cancer, human T-cell
leukemia virus 1 infection, and microRINAs in cancer, to
name a few (Figure 2C,2D). This may explain to some extent

© Translational Cancer Research. All rights reserved.

the better survival of GC patients in group Cl1.

Our CIBERSORT box plot (Figure 3E) showed that
CD8+ T cells, activated CD4+ memory T cells, resting
NK cells, M1 macrophages, and M2 macrophages were
infiltrated to a higher extent in the C1 group than in the
other groups, whereas naive B cells and resting mast cells
showed the opposite trend. CD8+ T cells can produce toxic
molecules, such as perforin, that cause apoptosis in target
cells (43,44). Natural killer cells are highly efficient cell
populations used in cancer immunotherapy; memory CD4+
T cells produce a memory response to the immune response
and contribute to protective immunity by responding faster
and to a greater extent than the initial response (45,46).
The main function of M1 macrophages is to kill bacteria
and pathogens and produce oxygen free radicals and a range
of inflammatory cytokines, whereas M2 macrophages are
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mainly involved in anti-inflammatory and repair processes,
promoting tissue repair and regeneration (47-49). This
may also explain the better survival of GC patients in
the C1 group as well. This is because more immune cells
were infiltrated in the C1 group. More importantly, the
relationship between the various subgroups and the immune
checkpoints (Figure 3F) showed that the vast majority of the
immune checkpoints were most highly expressed in the C1
group. Immunotherapy may work better for patients in the
Cl1 group, consistent with the conclusions above.

Given the role of m6A/m5C/m1A/m7G-related isoforms
in the immune microenvironment, we further analyzed the
correlation between MRRS and immune cell infiltration.
The results showed that the risk score was positively
correlated with the number of activated CD4+ memory T
cells, T follicular helper cells, and resting NK cells, and
negatively correlated with resting mast cells (Figure 6A-6D).
This was further confirmed in the GSE84433 validation
set (Figure 6E-6H). The immune cell infiltration in the C1
group is similar to what was observed here. We screened
16 compounds based on the difference in predicted IC50
values between the high and low risk groups. The high
risk group was more sensitive to 7 compounds, while
the low risk group was more sensitive to 9 compounds.
Figure 7 illustrates how this information can guide
personalized medication for both groups. Finally, we
evaluated the protein expression levels of prognostic genes
related to m6A, m5C, m1A, and m7G in normal tissues and
GC using HPA immunohistochemical staining data. The
results suggest that FKBP10 and GGH may play important
roles in GC. These results demonstrate that the MRRS
we developed has a more accurate predictive function for
potential prognostic and therapeutic markers of GC.

However, it is important to acknowledge the limitations
of this study. Bioinformatics analysis is a widely used
tool for high-precision data analysis and prediction, and
can even aid in the exploration of potential biomarkers.
Nevertheless, it is recommended that future studies employ
real-time polymerase chain reaction (PCR), western blot,
and other experimental methods to verify the findings in
cell and animal experiments. Secondly, our methylation-
related model lacks external validation. In addition, we need
to study the related molecular mechanisms to determine
how the markers we identified are involved in GC. In future
studies, we will further explore their mechanisms of action

in GC.

© Translational Cancer Research. All rights reserved.
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Conclusions

In conclusion, our study has highlighted the association
between m6A/m5C/m1A/m7G-related subtypes and
changes in the GC immunotumor microenvironment.
We have also constructed the MRRS and validated its
effectiveness in different cohorts. This tool is valuable in
predicting survival, immune infiltration, drug sensitivity,
and other factors in GC patients. These results may help
to deepen our understanding of m6A/m5C/m1A/m7G
methylation and provide new strategies for personalized
therapy.
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