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Abstract
Objective: Although N°-methyladenosine (m®A) RNA methylation is the most common mRNA
modification process, few studies have examined the role of m°A in stomach adenocarcinomas
(STADs).

Methods: In this retrospective study, we analyzed 293 STAD samples from The Cancer Genome
Atlas with complete clinicopathological feature profiles. The m®A methylation risk signature was
derived from LASSO-Cox regression analyses with 15 m®A regulators. Statistical analysis was
performed and figures were prepared using R software (https://www.R-project.org/).

Results: The m°A signature was established as follows: risk score =FTO x 0.127 + YTHDFI x

0.004 + KIAA1429 x 0.044 + YTHDC2 x 0.112 — RBMI5 x 0.135 — ALKBH5 x 0.019 — YTHDF2 x

0.028, which was confirmed as an independent prognostic indicator to predict overall survival of
patients with STAD. Risk scores and tumor grades were closely associated. Cell cycle, p53
signaling pathways, DNA mismatch repair, and RNA degradation were enriched in the low-risk
subgroup. This subgroup showed significantly higher expression of immune checkpoint molecules
including PD-| (programmed death 1), PD-L| (programmed death-ligand 1), and CTLA-4 (cyto-
toxic T-lymphocyte—associated antigen 4), suggesting that the signature may be a useful immu-
notherapy predictor.
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Conclusions: We established an m®A methylation signature as an independent prognostic tool
to predict overall survival, which may also be useful as an immunotherapy predictor.
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Introduction

Stomach carcinoma is a lethal cancer of the
digestive system, with approximately
1,033,701 new cases diagnosed in 185 coun-
tries worldwide, resulting in 782,685 deaths
in 2018." Although immune and target ther-
apies have developed rapidly in recent
years,>® the mechanisms underlying the
pathogenesis and progression of stomach
adenocarcinoma (STAD) require further
investigation to discover new prognostic
tools and improve the efficacy of current
therapies.

Epigenetic changes were initially thought
to be limited to DNA and histone layers;
however, accumulating evidence shows
that epigenetic modification of RNA plays
a critical role in regulating RNA function
and metabolism.*> Various types of RNAs
have shown these modifications, including
mRNAs, rRNAs, tRNAs, long noncoding
RNAs, and microRNAs.>® Among these,
N®-methyladenosine (m°A) modification is
the most extensive form of mRNA modifi-
cation in eukaryotes;”® it is located in the
3’-untranslated region (UTR) and regulates
the expression of more than 7000 genes.’
m®A modification acts as an inhibitory reg-
ulator to mediate the translation of target
mRNA, such that a reduction in m®A mod-
ification increases protein expression.'’
m®A modification regulates cellular pro-
cesses, including cell proliferation, impair-
ment, and death, thereby influencing tissue

development (e.g., nervous system tissue)'’
and the progression and clinical outcome of
several types of tumor.®'? The detailed
molecular mechanisms of these processes
remain unknown.

m°A RNA modification is dynamically
mediated by three categories of regulating
genes (writers, readers, and erasers), encod-
ing methyltransferases, binding proteins,
and demethylases, respectively.'?
Prominent regulators classified as writers
include KIAA1429, RNA binding motif
protein 15 (RBM15), the
methyltransferase-like family (e.g.,
METTL3 and METTLI14), zinc finger
CCCH domain-containing protein 13
(ZC3H13), and WTl-associated protein
(WTAP). Readers include the YTH
domain-containing family (e.g., YTHDCI
and YTHDC2), the YTH N®-methyladeno-
sine  RNA-binding protein family (e.g.,
YTHDFI1, YTHDF2, and YTHDF3), and
the heterogeneous nuclear ribonucleopro-
tein  family (e.g., HNRNPC and
HNRNPAZ2BI1). Erasers include fat mass
and obesity associated protein (FTO) and
a-ketoglutarate-dependent dioxygenase
alkB homolog 5 (ALKBHS5)."*%° Recent
studies have revealed that changes in expres-
sion among these regulators are associated
with malignant biological processes in sever-
al types of tumors, including gastric
cancer.?'"> However, because these studies
were limited to single regulators, the rela-
tionship between STAD and m°A RNA



Mo et al.

methylation has not been comprehensively
analyzed. m°A RNA methylation also regu-
lates the synthesis of type I interferon, which
is associated with tumor immune check-
points and immunotherapy efficacy.?**’
Therefore, we analyzed the expression of
the 15 regulators mentioned above in
STAD samples from a dataset extracted
from The Cancer Genome Atlas (TCGA)
and constructed m°A risk scores to estimate
its association with clinical characteristics
and immune checkpoints.

Materials and methods

Ethics statement

The ecthical review board provided an
exemption for this study.

Data processing

All RNA-seq transcriptome and corre-
sponding clinicopathological profiles were
obtained from the publicly available
TCGA database (http://cancergenome.nih.
gov). In this retrospective study, we includ-
ed 293 STAD samples from TCGA includ-
ing complete age; sex; pathological stage;
histological grade; and tumor, node, and
metastasis (TNM) stage information. We
included only samples with an overall sur-
vival (OS) time >1 month (Table 1).
Normalized mRNA expression matrix
data (fragments per kilobase of transcript
per million mapped reads, FPKM) were
downloaded from TCGA.

Prognostic model construction and
validation

We selected 15 m°A RNA methylation reg-
ulators from previous studies, including
METTL3, METTLI14, WTAP, KIAA1429,
RBMI15, ZC3H13, YTHDCI, YTHDC?2,
YTHDFI, YTHDEF?2, YTHDEF3,
HNRNPC, HNRNPA2B1, ALKBHS, and

FTO,; expression data for these regulators
were available from TCGA. To calculate
risk scores, we divided the 293 samples into
training (147 cases) and testing (146 cases)
cohorts using a randomization method.
Coefficients for selected regulators were cal-
culated by applying LASSO (least absolute
shrinkage and selection operator)-Cox
regression to the training cohort, based on
minimum partial likelihood deviance. Risk
scores were calculated using the following
formula:*®

Zcoef(x) x gene(x)
x=1

where coef(x) is the coefficient and gene(x)
is the standardized gene expression profile.
The testing cohort was validated using the
same formula.

Gene set enrichment analysis

To identify enriched biological pathways
between subgroups with high and low risk
scores according to Kyoto Encyclopedia of
Genes and Genomes (KEGG),” we per-
formed gene set enrichment analysis
(GSEA) using software provided by the
Broad Institute (Cambridge, MA, USA).
We used the GSEA canonical pathways
gene set (c2.cp.kegg.v7.0.symbols.gmt)
with GSEA software 4.0.2 (www.gsea-
msigdb.org); significance was determined
using normalized p-values (<0.05) and
false discovery rate (<0.25).

Statistical analyses

Statistical analyses were performed using R
software, version 3.5.2 (http://www.r-proj
ect.org). LASSO-Cox regression was per-
formed using the glmnet package.
Kaplan—Meier plots of patient OS and
disease-free survival (DFS) were created
using the survival and ggplot packages,
with p-values calculated using the log-rank
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Table 1. Clinicopathological characteristics of TCGA samples included in our study.

TCGA dataset (n=293)

Training cohort Testing cohort
Variable (n=147) (n=146) p-value Total
Age <0.01
<65 years 64 70 134 (45.7%)
>65 years 83 76 159 (54.3%)
Gender 0.42
Female 58 50 108 (36.9%)
Male 89 96 185 (63.1%)
Grade 0.85
Gl 3 3 6 (2.0%)
G2 53 48 101 (34.5%)
G3 9l 95 186 (63.5%)
Stage 0.45
I 23 14 37 (12.6%)
I 48 49 97 (33.1%)
I 63 67 130 (44.4%)
v 13 16 29 (9.9%)
T 0.28
Tl 9 4 13 (4.4%)
T2 33 27 60 (20.5%)
T3 72 72 144 (49.2%)
T4 33 43 76 (25.9%)
M 0.99
MO 139 137 276 (94.2%)
MI 8 9 17 (5.8%)
N 0.85
NO 46 42 88 (30%)
NI 38 42 80 (27.3%)
N2 30 33 63 (21.5%)
N3 33 29 62 (21.2%)
Pathology 0.99
Signet ring 4 4 8 (2.73%)
Others 141 143 284 (96.9%)
Localization 0.08
Antrum 51 59 110 (37.5%)
Cardia 24 16 40 (13.7%)
Fundus 55 47 102 (34.8%)
GEJ 10 21 31 (10.6%)

TCGA, The Cancer Genome Atlas; T, N, M, tumor, node, metastasis; GEJ, gastroesophageal junction.

test. The stability of the m°A model was  expression, risk scores, and histological
tested with receiver-operating characteristic grades among subgroups were analyzed
(ROC) curves created wusing the using the Wilcoxon test. Significance was
survivalROC package. Differences in gene determined at a level of p < 0.05.
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Table 2. Univariable Cox regression analysis to evaluate the prognosis value of |5 méA regulators.
95% Cl
Regulators HR® Low High p-valueb
Writers
KIAA 1429 1.01 0.932 1.095 0.808
RBMI5 0.839 0.738 0.954 0.008
METTLI4 0.811 0.623 1.058 0.122
METTL3 0.928 0.813 1.059 0.269
ZC3H13 0.996 0.969 1.025 0.799
WTAP 0.949 0.886 1.017 0.139
Readers
YTHDCI 0.942 0.858 1.034 0.208
YTHDC2 1.016 0.889 1.162 0.812
YTHDFI 0.996 0.978 1.014 0.627
YTHDF2 0.961 0.922 1.001 0.055
YTHDF3 0.994 0.961 1.028 0.727
HNRNPC 0.994 0.976 1.012 0.511
HNRNPA2BI 0.993 0.986 1.001 0.069
Erasers
FTO 1.116 0.976 1.276 0.108
ALKBH5 0.97 0.943 0.999 0.045

m®A, N-methyladenosine; STAD, stomach adenocarcinoma; HR, hazard ratio; Cl, confidence interval.
*Values >1.0 indicate that expression is positively associated with poor survival.

PLikelihood ratio test p-value; significant values < 0.05.

Results

STAD prognostic value of m°A RNA
methylation regulators

We first compared clinical outcomes among
the 15 m°A RNA methylation regulators.
Univariate  Cox  regression  analyses
showed that expression levels of RBM15
and ALKBHS5 were significantly associated
with OS among the 293 STAD samples
acquired from TCGA (Table 2). Because
of the limited number of prognosis-related
regulators, all 15 m°A regulators were
included in our subsequent analyses.

Construction and validation of m°A risk
scores
We next constructed risk scores using the

training cohort by integrating 7 of the 15
mPA regulators into a formula, in which

the 7 regulators were chosen based on the
LASSO-Cox regression results as follows:
FTO x 0.127+ YTHDF1 x 0.004 + KIAA1
429 x 0.044 + YTHDC2 x 0.112 — RBM15 x
0.135— ALKBH5 x 0.019 — YTHDF2 x
0.028 (Figure 1A—C). To validate the prog-
nostic value of this model, we divided the
training (n=147) and testing (n= 146)
cohorts into high- and low-risk groups based
on significant differences in OS determined by
Kaplan—Meier curves (Ptraining < 0.001,
Presting < 0.05; Figure 1D,E). Based on area
under the curve (AUC) values, the model ade-
quately predicted OS rates for STAD patients
in  both cohorts  (AUCining = 62.6%,
AUC 4ing = 65.9%; Figure 1F,G).

m°®A risk scores as independent
prognostic indicators

Because the training and testing cohorts
were derived from the same datasets and
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Figure |. Risk scores constructed using m®A RNA methylation regulators. (a) Partial likelihood deviance
determined by LASSO-Cox regression of OS rates among patients in the training cohort (n = 147). Dashed
vertical line indicates loglambda = —3.55 (minimum partial likelihood deviance). (b, c) LASSO—Cox coef-
ficients of 7 selected m®A regulators in the following model: risk score = FTO x 0.127 + YTHDFI x 0.004 +
KIAA1429 x 0.044 +YTHDC2 x 0.112 — RBMI5 x 0.135 — ALKBH5 x 0.019 — YTHDF2 x 0.028. (d, €)
Kaplan—Meier curves for OS rates among patients in the training cohort (d) and testing cohort (n = 146) (e).
Patients in both cohorts were assigned to low- and high-risk categories based on a risk score cut-off value.
(f, g) ROC curves indicated adequate predictive ability of the m®A risk score for the training (F) and testing
(g) cohorts. m®A, N®-methyladenosine; OS, overall survival; ROC, receiver operating characteristic.
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the sample size was limited, we subsequent-
ly merged all samples to increase the sample
size. To expand the sample size, we merged
all 293 samples into two risk subgroups
according to risk scores (Figure 2A,B).
The 1-, 3-, and 5-year OS and DFS rates
showed significant differences between the
two risk categories (log-rank, p<0.001;
Table 3). To further evaluate the prognostic
value of the m°A risk signature, factors
including risk score, age, TMN stage, path-
ological stage, and histological grade were
successively included in univariate and

multivariate Cox regression models. Only
risk score was significantly related to OS
in both Cox analyses (p<0.001; Figure
2C, Table 4), indicating that the signature
may be an independent prognostic tool.

Association between m°A scores and
clinicopathological characteristics

Next, we evaluated the association between
risk scores and clinicopathological features
by producing a heatmap of clinical charac-
teristics including TNM stage, histological
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Figure 2. Relationships between risk scores and clinicopathological features. (a) Kaplan—Meier curves for
OS rates among all patients (n =293). (b) ROC curves validated the predictive ability of the merged cohort.
(c) Univariate and multivariate Cox regression analyses of the relationship between clinicopathological
characteristics (including risk scores) and OS rates of patients in the merged cohort. The risk score was
found to be an independent prognostic indicator. (d) A heatmap showing the relationship between
expression levels of the seven selected m®A RNA methylation regulators and clinicopathological features for
the low- and high-risk categories. (e) Distribution of risk scores stratified by histological grades. Significant
differences in risk score were not detected among other clinicopathological features. ns, not significant;
*p < 0.05; #p < 0.01; **p < 0.001. OS, overall survival; ROC, receiver operating characteristic; méA, N°-

methyladenosine.
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Table 3. Overall survival and disease-free survival of 293 STAD patient samples.

Survival rate (%)

Group | year 3 year 5 year p-valuea
Overall survival
Low risk 84.7 60.3 56.8 <0.001
High risk 72.6 38.0 223
Disease-free survival
Low risk 87.3 68.4 68.4 <0.001
High risk 67.5 48.5 31.2

STAD, stomach adenocarcinoma.
*Log-rank p-value; significant values <0.05.

Table 4. Univariate and multivariate Cox regression analysis of m°A regulators for overall survival in

patients with STAD.

Univariate Multivariate

Variable HR? 95% Cl p-value® HR? 95% Cl p-value®
Age (>65 vs <65) 0.998 0.993-1.004 0.606

Gender 1.454 0.952-2.219 0.083

Grade 1.342 0.923-1.951 0.124

Stage 1.516 1.200-1.915 <0.001 1.33 0.927-1.908 0.122
T 1.311 1.028-1.672 0.029 1.075 0.778-1.485 0.661

M 1.751 0.882-3.475 0.109

N 1.268 1.065-1.510 0.008 1.134 0.899-1.430 0.288
Risk score 2.949 1.720-5.055 <0.001 3.283 1.866-5.778 <0.001

méA, Né-methyladenosine; STAD, stomach adenocarcinoma; HR, hazard ratio; Cl, confidence interval; T, N, M, tumor,

node, metastasis.

*Values >1.0 indicate that expression is positively associated with poor survival.

PLikelihood ratio test p-value; significant values <0.05.

grade, and pathological stage, associated
with expression levels of the seven selected
regulators (Figure 2D). Patients with grade
3 tumors (poor differentiation) had higher
scores than those with grade 2 tumors
(moderate differentiation) (»<0.05;
Figure 2E); no significant differences were
detected among other clinical characteris-
tics (data not shown).

Association between m®A RNA
methylation scores and GSEA results

Next, given the tight association between
m°®A  scores and both prognosis and

histological grade, we identified the genes
and signaling pathways involved in m°A
RNA methylation that affected clinical out-
comes. We applied GSEA using the KEGG
database to examine enriched gene sets
among samples from the two risk catego-
ries. Several biological processes were
enriched among the low-risk subgroup
(Figure 3A), including cell cycle (normal-
ized enrichment score (NES)=2.04, nor-
malized p <0.001), p53 signaling pathways
(NES =1.96, normalized p <0.003), DNA
mismatch repair (NES=1.80, normalized
p<0.005), and RNA  degradation
(NES =1.81, normalized p <0.007). Some
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Figure 3. GSEA results for low- and high-risk categories in cell cycle (a), p53 (TP53) signaling pathway (b),
DNA mismatch repair (c), and RNA degradation (d) determined using the KEGG database. (e) Evaluation of
p53 (TP53) expression stratified among risk subgroups. ns, not significant; *p < 0.05; **p < 0.01;

kD < 0.001. GSEA, gene set enrichment analyses; KEGG, Kyoto Encyclopedia of Genes and Genomes.

of these gene sets were previously identified
as being related to m®A modification; how-
ever, such a relationship has not been
reported for DNA mismatch repair, provid-
ing an avenue for future STAD research.
We also examined the expression of p53
(also called TP53) to validate these GSEA
findings; we detected a significant difference
between the two risk categories (p <0.001;
Figure 3B). Interestingly, the low-risk
cohort (i.e., better prognosis) was related
to higher p53 expression, contradicting the
findings of several previous studies and sug-
gesting an unusual association between
m®A modification and p53 activity.

Identification of m°A risk scores
associated with immune checkpoint
molecules

Next, we analyzed the effects of m°A mod-

ification on immune responses in STAD
patients and found that the m®A-related

low-risk subgroup was associated with sig-
nificantly higher expression of several
immune checkpoints, including PD-1 (pro-
grammed death 1), PD-L1 (programmed
death-ligand 1), and CTLA-4 (cytotoxic
T-lymphocyte—associated antigen 4)
(Figure 4). These findings suggest that our
score may predict the efficacy of immuno-
therapy in STAD patients; however, this
finding must be verified clinically.

Discussion

m°A RNA methylation is a reversible RNA
modification process that has recently
received much attention. Because of the
limited technology for detecting m°®A mod-
ification levels, several studies have applied
indirect methods to detect changes in the
expression of m°A regulatory genes to eval-
uate relationships between m°A status and
human diseases.
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Figure 4. GSEA results for low- and high-risk categories. Expression of immune checkpoint molecules PD-
| (a), PD-LI (b), and CTLA4 (c) among different risk subgroups. ns, not significant; *p < 0.05; **p < 0.01;
*#%kp < 0.001. GSEA, gene set enrichment analyses; PD-1, programmed death |; PD-LI, programmed death-
ligand |; CTLA4, cytotoxic T-lymphocyte—associated antigen 4.

In this study, risk scores were con-
structed for 15 selected m°A regulators,
which were used to divide patients into
low- and high-risk categories according to
OS. The two categories represented differ-
ent m®A modification statuses, which were
related to distinct clinical patient outcomes.
The mechanism of m°®A methylation is com-
plex; for example, FTO and ALKBHS5
(erasers) were positively and negatively
related, respectively, to our risk score.
Previous studies have shown that FTO reg-
ulates the demethylation of both N°, 2-O-
dimethyladenosine (m°Am) and m°A (the
former  being  preferred), whereas
AKLBHS5  prefers m°A  regulation.™
METTL14 and METTL3 (writers) have
been shown to promote tumor progression
in acute myelocytic leukemia (AML) but
act as suppressor genes in glioblastoma
multiforme (GBM) cancer.?""** These find-
ings suggest that genetic changes to individ-
ual m°A regulators are linked to different
dysregulated genes and play distinct roles in
different tumor types. Because the coeffi-
cients of regulators within the same
groups (i.e., writers, readers, and erasers)
showed opposite signs within the risk

score model, the score represents the collec-
tive contribution of individual genes medi-
ated by specific m®A regulators. Differences
between the two risk categories therefore
include simultaneous effects of upregulated
and downregulated m°A genes, jointly
affecting STAD clinical outcomes.

The molecular mechanisms of RNA m°A
methylation in cancers have only recently
begun to be elucidated. We performed
GSEA using the KEGG database to exam-
ine the effects of genes regulated by m°A
methylation on OS within our dataset. In
consideration of the signature, we speculat-
ed that GSEA biological processes related
to low risk score, including cell cycle, p53
signaling pathways, DNA mismatch repair,
and RNA degradation, are mainly related
to the seven selected regulators. In a previ-
ous study, more than 7000 human genes
were analyzed using m°A  sequencing;
silencing  m°A methyltransferase  was
found to regulate p53 signaling pathway-
mediated cell apoptosis.’! As possible effec-
tors of p53 signaling pathway, FTO was
confirmed to reduce p53 expression, where-
as ALKBHS could activate the p53 signal-
ing pathway by m°A RNA demethylation
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in a YTHDF2-dependent manner.>*** Our
results are in line with these findings,
because ALKBHS and YTHDF2 were
related to low risk score, whereas FTO
was related to high risk score. Effectors
including RBMI15, ~ ALKBHS5, and
YTHDEF2 can regulate the cell cycle biolog-
ical process.***® Another study similarly
reported that YTHDF2 mediated the deg-
radation of RNAs containing m°A in mam-
mals.’” However, the involvement of m°A
in DNA mismatch repair has not previously
been reported; this relationship is a poten-
tial avenue for future research. The rela-
tionship between p53 expression and
gastric cancer prognosis is also controver-
sial,*®*? suggesting that a similar mecha-
nism underlies m®A modification and p53
signaling pathways.

PD-1 and CTLA-4 are the most effective
immune checkpoint molecules targeted by
treatments for various cancers, including
gastric cancer.* However, significant differ-
ences among individual effects have been
reported in many patients.*' Therefore, it
is important to identify patients who
might benefit from improved immune
target therapy. Because the PDI/PD-L1
checkpoint blockade is regulated by
YTHDF1 (an m°A reader) and FTO (an
eraser), we conclude that m°A regulators
may be potential anticancer immunothera-
py targets.*** Thus, the mechanisms and
effects of m®A on immune checkpoints in
gastric cancer deserve further exploration.
In this study, patients (samples) with low
mPA-related risk had higher expression of
immune checkpoint molecules, suggesting
that immune checkpoint inhibitor therapy
may be more effective for this subgroup.
Therefore, m®A risk signatures may be
useful in the clinical setting as immunother-
apy predictors of STAD outcome. The
underlying mechanisms of the relationship
between checkpoint molecules and m°A
RNA  methylation  require  further
investigation.

This signature might be important clini-
cally as an independent prognostic tool to
predict prognosis. Our results suggested a
possible relationship between m°A-related
prognosis and immune checkpoints, which
is a fascinating area for further research. In
addition, our data inclusion criteria were
much stricter than that in other studies
because we removed samples that lacked
complete clinicopathological characteristics
from the total of 375 STAD samples with
RNA-seq data from TCGA. However,
there were also some limitations in our
study. The research was based on bioinfor-
matics analysis and lacks confirmation from
experiments and clinical trials. The correla-
tion analysis of m®A RNA methylation and
immune checkpoints remains superficial
and needs further research.

In summary, we established an m°A
modification risk score that may be applied
as an independent prognostic tool and that
could predict clinical immunotherapy out-
comes in patients with STAD. We found a
significant relationship between mC®A risk
scores and histological tumor grades.
Gene sets involved in the cell cycle, p53 sig-
naling pathway, DNA mismatch repair,
and RNA degradation were involved in
m®A  regulation, affecting prognosis
among patients with STAD. Future studies
using m°®A-related methods should be con-
ducted to confirm these findings.
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