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Lung adenocarcinoma (LUAD) is the most prevalent subtype of non-small cell lung
cancer (NSCLC) and is associated with high mortality rates. However, effective
methods to guide clinical therapeutic strategies for LUAD are still lacking. The goals
of this study were to analyze the relationship between an m5C/m6A-related
signature and LUAD and construct a novel model for evaluating prognosis and
predicting drug resistance and immunotherapy efficacy. We obtained data from
LUAD patients from The Cancer Genome Atlas (TCGA) and Gene Expression
Omnibus (GEO) datasets. Based on the differentially expressed m5C/m6A-
related genes, we identified distinct m5C/m6A-related modification subtypes in
LUAD by unsupervised clustering and compared the differences in functions and
pathways between different clusters. In addition, a risk model was constructed using
multivariate Cox regression analysis based on prognostic m5C/m6A-related genes
to predict prognosis and immunotherapy response. We showed the landscape of
36 M5C/m6A regulators in TCGA-LUAD samples and identified 29 differentially
expressed m5C/m6A regulators between the normal and LUAD groups. Two m5C/
m6A-related subtypes were identified in 29 genes. Compared to cluster 2, cluster
1 had lower m5C/m6A regulator expression, higher OS (overall survival), higher
immune activity, and an abundance of infiltrating immune cells. Four m5C/m6A-
related gene signatures consisting of HNRNPA2B1, IGF2BP2, NSUN4, and ALYREF
were used to construct a prognostic risk model, and the high-risk group had a worse
prognosis, higher immune checkpoint expression, and tumor mutational burden
(TMB). In patients treated with immunotherapy, samples with high-risk scores had
higher expression of immune checkpoint genes and better immunotherapeutic
efficacy than those with low-risk scores. We concluded that the m5C/m6A
regulator-related risk model could serve as an effective prognostic biomarker
and predict the therapeutic sensitivity of chemotherapy and immunotherapy.
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Introduction

Lung cancer is the most prevalent cause of cancer-related
death worldwide, with non-small cell lung cancer (NSCLC)
accounting for approximately 85% of all cases (Jin et al,
2019). As the most common subtype of NSCLC, lung
adenocarcinoma (LUAD) has a 5-year survival rate of 15%-
20% because of the migration and invasion of cancer cells (Kim
et al., 2019; Cai et al, 2020). Although targeted therapy and
immunotherapy have made progress (Santarpia et al., 2020),
some LUAD patients still have poor therapeutic effects, which
lead to relapse and progression of cancer. Therefore, it is essential
to develop an appraisal procedure to evaluate the prognosis and
guide personalized treatment strategies for LUAD.

Immunotherapeutic treatment is becoming a novel strategy for
modern tumor treatment. As a promising immunotherapy
modality, immune checkpoint inhibitors (ICI) such as
PD1 blockade have shown clinical benefits for LUAD and other
cancer types (Steven et al., 2016; Suresh et al., 2018; Li et al., 2019a).
Anti-PD1 and anti-PDL1 agents are expected to become effective
treatment options for advanced-stage LUAD. Some indicators,
such as genomic demethylation, microsatellite instability,
mismatch repair deficiency, and tumor mutational burden
(TMB), have been demonstrated to have a predictive potential
for patients with cancer (Benayed et al., 2019; Jung et al.,, 2019;
Fujimoto et al., 2020). However, a reliable biomarker for predicting
immunotherapy response is still lacking in clinical practice.

Since RNA modification was first discovered, more than
100 different RNA modifications have been identified in
eukaryotes, (m6A), 5-
methylcytidine (m5C), and N1-methyladenosine (m1A) (Lorenz
et al, 2020). M6A and m5C were the most prevalent mRNA
modification patterns (Thomas et al., 2019). M6A is a universal

including ~ N6-methyladenosine

methylated modification pattern that exerts gene expression by
regulatory proteins acting as writers, erasers, and readers (Dai
etal, 2021). Recent studies have shown that m6A is involved in the
progression of obesity (Wang et al., 2020), periodontitis (Zhang
etal, 2021), and renal fibrogenesis (Liu et al., 2020a). With its high
abundance in eukaryotes, m5C also plays a crucial role in
regulating gene expression (Yang et al., 2020). Previous studies
have revealed that RNA modification regulators are closely related
to the progression of human cancers, such as lung, breast, and
brain cancers (Deng et al., 2018; Li et al., 2019b). Moreover, a study
showed that four types of RNA modification writers might play a
vital role in the tumor microenvironment (TME), targeted therapy,
and immunotherapy in colorectal cancer (Chen et al, 2021a).
However, the functional importance of the m5C/m6A-related
genes in LUAD remains unclear.

With the development of genome sequencing and screening
techniques, gene expression profiles have been used to identify
prognostic genes as novel biomarkers for different types of
cancer. In this study, we showed the expression levels,
correlations, and mutation profiles of m5C/m6A-related genes
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and identified distinct m5C/m6A-related subtypes in The Cancer
Genome Atlas (TCGA)-LUAD cohort. Using univariate Cox
regression, lasso regression, and multivariate Cox regression,
four prognostic factors were screened out, and risk models
were constructed using these genes and validated using
GSE30219. The predictive immunotherapy value of the risk
score was evaluated using the IMvigor210 dataset (the whole
process of data analysis was described in Figure 1). In conclusion,
the m5C/m6A-related risk score was a significant prognostic
factor in LUAD and a potential biomarker for stratifying LUAD
patients benefiting from immunotherapy.

Materials and methods
Data collection and preprocessing

We collected publicly available gene expression data for LUAD
cohorts and corresponding clinical information from TCGA and
Gene Expression Omnibus (GEO) databases. Patients with LUAD
with complete survival information were included in further
analyses (Supplementary Table S1). The RNA sequencing data
on 497 TCGA-LUAD samples were downloaded using the R
package TCGAbiolinks (Colaprico et al, 2016) as the training
set. Masked somatic mutation and copy number variation (CNV)
data on TCGA-LUAD samples were downloaded from TCGA.
The expression profiles of 85 cases from GSE30219 were
downloaded as the test set. Immune checkpoint inhibitor
treatment in patients with available expression data was also
used in our research study. The IMvigor210 dataset, in which
advanced urothelial cancer patients were treated with anti-PD-
L1 agents, was also applied for analyses evaluating immunotherapy
RNA-seq data and clinical details the
IMvigor210 dataset were acquired using the R package
IMvigor210CoreBiologies (Mariathasan et al., 2018).

response. from

Unsupervised consensus clustering for
m5C/m6A subtypes

We collected m5C/m6A-related genes from previous studies
on RNA modifications (Zhang et al., 2021; He et al., 2022). These
23 m6A-related and 13 m5C-related genes are listed in Table 1.
We then analyzed the differences in expression between normal
and LUAD samples using the Wilcoxon rank-sum test. The
protein—protein interaction (PPI) network was constructed
using m5C/m6A-related genes in the STRING database and
visualized by Cytoscape software (Mering et al, 2003;
Shannon et al, 2003). Consensus clustering was utilized to
identify m5C/m6A subtypes with differentially expressed
m5C/m6A regulators. The process was completed with a
clustering algorithm in the ConsensusClusterPlus R package
(Wilkerson and Hayes, 2010). We used t-distributed stochastic
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TABLE 1 Genes related with m6A and m5C.

Gene RNA methylation Type
METTL3 m6A Writer
METTL14 m6A Writer
WTAP m6A Writer
VIRMA mo6A Writer
RBM15 mo6A Writer
RBM15B mo6A Writer
CBLLI mo6A Writer
ZC3H13 mo6A Writer
FTO mo6A Eraser
ALKBHS5 mo6A Eraser
YTHDF1 mé6A Reader
YTHDF2 mé6A Reader
YTHDF3 m6A Reader
YTHDCI m6A Reader
YTHDC2 m6A Reader
HNRNPC mé6A Reader
HNRNPA2B1 mé6A Reader
IGF2BP1 mo6A Reader
IGF2BP2 mo6A Reader
IGF2BP3 m6A Reader
FMRI m6A Reader
ELAVLI m6A Reader
LRPPRC mé6A Reader
TRDMT1 m5C Writer
NSUN2 m5C Writer
NSUN3 m5C Writer
NSUN4 m5C Writer
NSUN5 m5C Writer
NSUN6 m5C Writer
NSUN7 m5C Writer
DNMTI m5C Writer
DNMT3A m5C Writer
DNMT3B m5C Writer
YBX1 m5C Eraser
TET2 m5C Eraser
ALYREF m5C Reader

neighbor embedding (t-SNE) to show the distribution of
different m5C/m6A subtypes using the R package Rtsne
(Linderman and Steinerberger, 2019).

Evaluation of infiltrating immune cells,
immune functions, and immune
checkpoints

Based on the markers of the 28 types of immune cells
(Supplementary Table S2), we used single-sample gene set
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enrichment analysis (ssGSEA) to calculate immune cell scores
using the R package GSVA (Hinzelmann et al.,, 2013). We also
analyzed the LUAD gene expression matrix using the R package
CIBERSORT and obtained the abundance of 22 types of
immunocytes (Newman et al, 2015). We downloaded an
immunologically relevant gene list (Supplementary Table S3)
from the ImmPort database (https://www.immport.org/
resources). The immune function scores of LUAD samples
were calculated using the ssGSEA algorithm. The differences
in the expression of 30 immune checkpoint genes in the different
groups were also analyzed in our study (Wang et al., 2021a).

Construction and validation of the m5C/
méb6a-related prognostic risk model

The Wilcoxon rank-sum test was used to identify
differentially expressed m5C/mé6a-related genes between the
normal and LUAD groups. To distinguish the m5C/m6a-
related genes related to LUAD prognosis, univariate Cox
regression was used to analyze the relationships between the
differentially expressed genes and overall survival and filtering
genes with a p-value < 0.1. Least absolute shrinkage and selection
operator (LASSO) was performed to compress the number of
genes and remove collinearity using the R package glmnet
(Simon et al., 2011). Finally, we screened out prognostic m5C/
mo6a-related genes by multivariate Cox regression analysis and
constructed a prognostic model. The risk score was calculated as
follows: risk score = (coef-Genel x exp-Genel)+(coef-Gene2 x
exp-Gene2)+. . .+(coef-Gene x exp-Gene) (exp: gene expression
level, coef: coefficients). We divided LUAD samples into low-risk
and high-risk groups based on the median risk score and
analyzed the difference in OS between the two groups in
training and testing sets using Kaplan-Meier (KM) plots. The
area under the curve (AUC) of the ROC curves was calculated to
evaluate the predictive accuracy of the risk score (Blanche et al.,
2013).

Univariate and multivariate Cox regression analyses were
used to identify factors (risk score, clinicopathological stage, sex,
age, and TMB) correlated with prognosis. Factors with
corresponding hazard ratios and p-values are shown in the
forest plot. A nomogram was established with independent
prognostic factors by multivariate Cox regression analysis
(p < 0.05).

Pathway and functional enrichment
analyses

To explore the functional and pathway differences between
the low-risk and high-risk groups, DEGs were identified using
the DESeq2 package (Love et al., 2014) (Jlog2FC| > 1 and padj <
0.05) and Gene Ontology (GO) and Kyoto Encyclopedia of Genes
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FIGURE 1
Flowchart.

and Genomes (KEGG) enrichment analyses of the DEGs. GSEA
was applied to analyze pathway enrichment analysis using the
c2.cp.kegg gene set from MSigDB (Liberzon et al, 2015).
Enrichment was performed using the clusterProfiler R
package. Additionally, gene set variation analysis (GSVA) was
used to estimate other pathway differences between the two
groups, based on the c2.cp.kegg and hallmark gene sets from
MSigDB (Yu et al,, 2012).

Drug sensitivity analysis

To investigate the association between the risk score and
sensitivity to chemotherapeutics, we estimated the half-maximal
inhibitory concentration (IC50) of anti-tumor agents using the
pRRophetic package (Geeleher et al., 2014). Transcriptome and
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chemotherapy response data from the CellMiner database were
downloaded and used to identify the correlations between drug
sensitivity and expression levels of key m5C/m6A-related genes
(Zheng et al., 2021).

Statistical analyses

The statistical significance of the continuous variables in
the two groups was estimated by the Wilcoxon rank-sum
test. The Kruskal-Wallis test was used to estimate the
statistical significance of continuous variables in two or
more groups. The Fisher test was used to analyze the
differences between the two groups of classified variables.
KM curves were used to compare the differences in OS
between the groups.
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frequency of m5a/m6a-related genes. Red bars: CNV gain; blue bars: CNV loss. (*: p < 0.05, **: p < 0.01, and ***: p < 0.001).
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FIGURE 3

Identification of m5c/m6a modification subtypes in LUAD. (A) CDF for k = 2-5. (B) Heatmap of TCGA LUAD when k = 2. (C) t-SNE analysis for
consensus clustering. (D) Expression of m5c/m6a-related genes in distinct m5c/m6a subtypes. (E) Survival analysis of LUAD patients for two

subtypes. (F) Boxplots illustrating the expression differences of m5c/m6a-

Results

Landscape of m5C/m6A-related genes in
LUAD

First, we determined the expression levels of 36 m5C/m6A
regulators in normal LUAD samples and the boxplot, and
29 regulators showed significant differences (Figure 2A).
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related genes between the two m5c/m6a subtypes.

The chromosomal locations of m5C/m6A regulators are
shown in Figure 2B. The PPI network plotted the m5C/m6A
regulators with an interaction score of 0.7 (Figure 2C). Red
nodes, such as IGF2BP1, IGF2BP3, and DNMT3B, were
notably upregulated in LUAD. Blue nodes, such as FTO,
TRDMT1, and ZC3H13, indicate genes notably downregulated
in LUAD. In TCGA-LUAD cohort, 146 samples (29.92%) had
m5C/m6A-related gene alterations (Figure 2D). ZC3HI13 and
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DNMT3A showed the highest alteration frequencies (4%).
HNRNPA2B1, NSUN2, IGF2BP3, RBMI5, LRPPRC,
DNMT3B, and IGF2BP1 showed alteration frequencies
ranging from 2% to 3%. The gene alteration frequency of the
other genes ranged from 0% to 1%. CNV gain and loss of
differentially expressed regulators are shown in Figure 2E.
NSUN2, YTHDF1, ALYREF, and VIRMA showed prominent
alterations in CNV gain.

Characterization of m5C/m6A subtypes

According to the 29 differentially expressed m5C/m6A
regulators, LUAD samples were divided into clusters (k =
2-5) by consensus cluster analysis (Figure 3A,B). Two
subtypes were identified: 332 samples in cluster] and
165 samples in cluster2. In the t-SNE plot, LUAD samples
from cluster] and cluster2 were distinguished by the
expression of m5C/m6A-related genes (Figure 3C). The two
clusters revealed marked differences in the expression levels of
m5C/m6A-related genes, with cluster2 having a higher overall
expression than clusterl (Figure 3D). In addition, age and
survival status were significantly different between the two
clusters (p < 0.05). As shown in Figure 3E, clusterl patients
had a longer survival time than cluster2 patients (Figure 3E).
Among the 29 m5C/m6A-related genes, 28 regulators showed
significant differences between clusterl and cluster2, which
indicated that distinct m5C/m6A modification
existed in LUAD.

To identify differences in function and pathways between
m5C/m6A subtypes, we performed GSEA. Metabolism-related
pathways, such as drug metabolism-cytochrome p450, drug

subtypes

metabolism-other enzymes, and ascorbate and aldarate
metabolism, were enriched in clusterl (Figure 4A). Immune-
related pathways such as the cytokine-cytokine receptor
interaction, leukocyte transendothelial migration, chemokine
signaling pathway, and intestinal immune network for IGA
production were significantly enriched in clusterl (Figure 4B).
We used two algorithms to analyze the association between
immune cells and m5C/m6A modification subtypes and
visualized the results using heat maps (Figure 4C). In general,
cluster] had higher levels of infiltrating immunocytes than
cluster2. As for the ssGSEA score of immune functions
4D),

antimicrobials, the BCR signaling pathway, chemokines,

(Figure antigen  processing and  presentation,
chemokine receptors, cytokines, cytokine receptors, interferon
receptor, interleukins, interleukin receptors, natural killer cell
cytotoxicity, TGFb family member, TGFb family member
receptors, TNF family members, and TNF family members
were enhanced in clusterl. Interferon scores were higher in
cluster2 than those in clusterl. Additionally, we noticed that
15 immune checkpoints were significantly different between

different m5C/m6A subtypes (Figure 4E). CD276, TNFRSF18,
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CD274 (PD-L1), IDO1, LAG3, and TNFSF4 were highly
expressed in cluster2. NT5E, HHLA2, HAVCR2, VSIR, CD27,
NCR3, BTLA, CD40LG, and TNFSF14 were highly expressed in
clusterl.

Construction and evaluation of the m5C/
mM6A regulator-related prognostic model

We used univariate Cox regression analysis to screen out
prognostic m5C/m6A regulators based on TCGA-LUAD and
GSE30219 datasets (p < 0.1) (Supplementary Table S4). The
genes (HNRNPA2B1, IGF2BP2, ELAVLI, NSUN4,
ALYREF) were analyzed using LASSO-Cox
(Figure 5A,B). We then performed a multivariate Cox

and

regression

regression analysis and obtained four prognostic m5C/m6A-
related genes (Table 2). The m5C/mé6a-related risk score =
exp-HNRNPA2B1*0.383+  exp-IGF2BP2*  0.0548-  exp-
NSUN4¥0.595+ exp-ALYREF*0.113. We divided the LUAD
samples into high- and low-risk groups using the median risk
score. In both the training and testing sets, the high-risk groups
had a significantly lower OS than the low-risk groups (p < 0.05)
(Figure 5C,E). The 1-year, 2-year, and 3-year AUCs in the
training set were 0.64, 0.62, and 0.62, respectively (Figure 5D).
The 1-year, 2-year, and 3-year AUCs in the testing set were 0.88,
0.72, and 0.75, respectively (Figure 5F). The correlation chord
plot illustrates the correlation between HNRNPA2B1, IGF2BP2,
NSUN4, and ALYREF and the risk score. The correlation
coefficients between HNRNPA2B1, IGF2BP2, NSUN4, and
ALYREF and the risk score were 0.498, 0.52, —0.569, and
0.586, respectively (p < 0.05). In addition, the four genes were
not remarkably correlated (|cor| < 0.4) (Figure 5G). The
expression levels of HNRNPA2B1, IGF2BP2, NSUN4, and
ALYREF in the training and testing sets are illustrated in the
heatmaps (Figure 5H,I). The expression of the four m5C/m6A
genes in LUAD and normal tissues is shown in the Human
Protein Atlas (HPA) database (Supplementary Figure S1).

Pathway, function, and immune-related
analyses of the risk score

To further explore the differences in functions and pathways
between the high- and low-risk groups, KEGG and GO
enrichment analyses were performed based on 882 DEGs
(Supplementary Tables S5, S6). GO terms related to immunity
and metabolism were significantly enriched, including the
humoral immune response, catecholamine metabolic process,
leukotriene B4 metabolic process, retinoic acid metabolic
process, and antimicrobial humoral response (p < 0.05)
(Figure 6A). KEGG pathways, such as addiction signaling
p450, diabetes,
coagulation cascades, renin-angiotensin system, and pathways

cytochrome maturity-onset complement
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GSEA and immune landscape of distinct m5c/m6a modification subtypes. (A,B) GSEA of pathways related to different subtypes based on the
C2 gene set. (C) Immune cell landscape of two m5c/mé6a subtypes. (D) Boxplots comparing the ssGSEA scores of different molecular subtypes. (E)

Boxplots comparing immune checkpoint gene expression of different molecular subtypes. (*

regulating pluripotency cells were enriched (p < 0.05)
(Figure 6B). The enriched pathways (hsa00982 and hsa00980)
are shown in pathway plots, and the related genes are labeled
(Figure 6C,D).

To further investigate the pathways related to the risk score,
GSVA was performed using C2 and hallmark gene sets.
Compared to that in the low-risk group, the cell cycle, oocyte
meiosis, DNA replication, and nucleotide excision repair were
significantly enriched in the high-risk group. Metabolism-related
pathways, such as drug metabolism, cytochrome p450, and fatty
acid metabolism, were enriched in the low-risk group
(Figure 7A). Among the hallmark gene sets, those related to
the cell cycle, such as PI3K-AKT mTor, E2F, mitotic spindle, and
DNA repair, were enriched in the high-risk group (Figure 7B).
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:p < 0.05 **: p < 0.01, and ***: p < 0.001).

The P53 pathway, KRAS signaling (down), and fatty acid
metabolism were enriched in the low-risk group. In addition,
16 immune checkpoint genes showed significant differences
between the high- and low-risk groups. Among these were
13 immune checkpoints, namely, CD70, CD276, TNFRSFI8,
CD274, IDO1, CTLA4, PDCD1, LAG3, SIGLEC15, TNESF4,
TNFRSF9, TMIGD2, and TNFRSF4, which were highly
expressed in the high-risk group (Figure 7C). The high-risk
group had higher immune infiltration levels of CD4 memory-
activated T cells, follicular helper T cells, Tregs, MO macrophages,
and M1 macrophages. The low-risk group showed higher
immune infiltration levels of memory B cells, resting memory
CD4 T cells, monocytes, M2 macrophages, resting dendritic cells,
and resting mast cells (Figure 7D).
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TABLE 2 Multivariate Cox regression analysis.

Gene HR HR.95L HR.95H p-value
HNRNPA2B1 1.47 1.02 2.10 0.037
IGF2BP2 1.06 0.94 119 0.36
NSUN4 055 0.36 0.84 0.0053
ALYREF 112 0.87 1.44 038

Mutation landscapes of low- and high-risk
groups

The GSVA results showed that DNA repair and mismatch
repair pathways significantly differed between the low- and high-
risk groups. DNA repair and mismatch repair pathways critically
impact gene mutations in tumors. Therefore, we further compared
the mutation profiles of samples in the low- and high-risk groups.

First, we calculated the TMB of the two groups and found that the
high-risk group had a higher TMB than the low-risk group (Figure 7E).
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A total of 20 genes with the highest mutation rates in the two groups
were plotted using waterfall diagrams (Figure 8A,B). In general, the
mutation rates of the 20 genes were higher in the high-risk group than
in the low-risk group. In the forest plot, 17 genes with higher mutation
rates in the high-risk group were TP53, TTN, CSMD3, RYR3, PCDH15,
MUCI6, ZFHX4, USH2A, XIRP2, RYR2, COL11A1, ZNF536, LRP1B,
ANK2, MUC17, FLG, and FAT3 (p < 0.05) (Figure 8C). Moreover,
apparent co-occurrences were observed in 17 genes (Figure 8D).

Clinical prediction model based on the
m5C/m6A-related risk score

Considering the predictive ability of the m5C/m6A-related risk
score for LUAD prognosis, we attempted to identify whether the risk
score could be an independent prognostic factor together with the
pathological stage, T stage, N stage, M stage, age, sex, and TMB. The
results of univariate Cox regression analysis illustrated the
relationships between the factors and prognosis, and factors with
p < 0.1 were incorporated into multivariate Cox regression analysis.
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The risk score, T stage, and N stage were independent prognostic
factors for patients with LUAD (Figure 9A,B). A nomogram was
constructed with independent prognostic factors for predicting 1-, 2-
, and 3-year OS (Figure 9C). The C-index of the model was 0.72.
Figure 9D-F showed the 1-, 2-, and 3-year calibration curves,
respectively, which fitted well with ideal curves.

Predictive potential of a risk score for
immunotherapy response and
chemotherapy sensitivity

As the m5C/m6A-related risk score was closely correlated
with immune-related functions and checkpoints, we further
the
response. In the IMvigor210 dataset, patients with progressive
disease (PD) or stable disease (SD) had lower risk scores than

investigated its relationship ~with immunotherapy

those with partial response (PR) and complete response (CR)
(p = 0.0076) (Figure 10A). According to the median risk score,
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298 patients from IMvigor210 with complete clinical data were
divided into low- and high-risk groups. The proportion of SD or
PD was higher in the low-risk group than in the high-risk group
(p = 0.0084 and p = 0.029, respectively) (Figure 10B,C). To
estimate the predictive efficacy of the risk score for
immunotherapy response, we performed a 2-year ROC curve,
and the AUC was 0.73 (Figure 10D). In total, the expression of
17 immune checkpoint genes differed between the low-risk and
high-risk groups, and 16 immune checkpoints were higher in the
high-risk group (Figure 10E). In the analyses of drug sensitivity
between the two groups, patients in the high-risk group had
lower sensitivity to bexarotene (p = 3.57e-02), imatinib (p =
3.31e-02), metformin (p = 9.86e-06), and AKT inhibitors (p =
2.47e-04) (Figure 10F-I). Additionally, we also analyzed the
correlations between the m5C/m6A-related genes and the
sensitivity of anti-tumor drugs using the CellMiner database
and identified the 20 most correlated drugs (|Cor| > 0.4)
(Supplementary Figure S2). ALYREF was positively correlated

with the sensitivity of 5-fluorodeoxyuridine, floxuridine,
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Biological characteristics, pathways, and immune-related analyses between high- and low-risk groups. (A,B) Heatmaps of GSVA between the
different risk groups with C2 and hallmark gene sets. (C) Boxplots illustrating expression of immune checkpoints of the high- and low-risk groups. (D)
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irinotecan, nelarabine, triethylenemelamine, thiotepa, and
LMP-400. IGF2BP2 was negatively correlated with sensitivity
to dexrazoxane, SR16157, etoposide, teniposide, raloxifene,
XK-469,
NSUN4 expression was negatively correlated with sensitivity
to vorinostat. HNRNPA2B1 was positively correlated with the
sensitivity to ifosfamide, nelarabine, and chelerythrine.

idarubicin,  bendamustine, and  fulvestrant.

Discussion
As a crucial epigenetic modification, methylation plays a role

in the modulation of gene expression and affects various diseases.
Previous studies have found that RNA modification of m5C and
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mo6A can affect malignant biological processes by regulating the
proliferation and migration of tumor cells. In a previous study,
different lung cancer subtypes clustered by the signature of
13 m6A regulators showed significant differences in prognosis
and pathological stage (Liu et al., 2020b). In gastric cancer,
decreased methylation levels can augment the PI3K-AKT
pathway and promote the invasion and proliferation of gastric
cells. ALKBHS5 acts as a pivotal m6A eraser and promotes the
proliferation and invasion of LUAD cells (Chao et al., 2020).
mbc-related genes are involved in eukaryotic growth and
evolution, and mb5c regulators are associated with the tumor
microenvironment and prognosis of patients with LUAD (Chen
et al,, 2021b). The m5C writer NSUN2 was demonstrated to
enhance the progression of squamous cell carcinoma by
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stabilizing LIN28B-dependent GRB2, which could activate the
AKT and RTK signaling pathways (Su et al., 2021). However, the
cellular and biological mechanisms of m5C/m6A-related genes in
developing and treating LUAD remain unclear. Based on the
results of previous studies, we sought to construct a robust risk
model to guide clinical decision-making for patients with LUAD.

We collected 36 m5C/m6A-related genes from previous
studies in this study. The expression levels and mutation
profiles of 36 m5C/m6A-related genes were analyzed, and
29 differentially expressed m5C/m6A  regulators
identified. Based on the differentially expressed m5C/m6A-
related  genes, identified distinct m5C/m6A-related
modification subtypes in LUAD by unsupervised clustering

were

we
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and compared the differences in functions and pathways
between different clusters. Using univariate Cox regression,
LASSO and  multivariate
prognostic m5C/m6A regulators were identified, and a

regression, Cox  regression,
prognostic risk model was constructed and validated using
GSE30219. We found that cluster] had lower m5C/m6A
regulator expression, higher OS, higher immune activity, and
an abundance of infiltrating immune cells than cluster2. Using
multiple enrichment analysis methods, the risk score was
demonstrated to be closely correlated with immune and
metabolic pathways. High-risk LUAD patients had a worse
prognosis, higher immune checkpoint expression, and higher
TMB than low-risk LUAD patients. The predictive value of the
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risk score for immunotherapy response and drug sensitivity was
also illustrated. We concluded that the m5C/m6A-related risk
score could be a crucial marker for predicting prognosis and
which
personalized treatment for patients with LUAD.

immunotherapeutic  response, might  improve

The complexity of immune cell infiltration in the tumor
microenvironment is one of the leading causes of LUAD
treatment efficacy. According to bioinformatics analysis
studies, m6A regulators are correlated with tumor prognosis
and the immune microenvironment (Fan et al., 2022; Xiong et al.,
2022). Two m5C modification patterns had different immune
cell-infiltrating subtypes, illustrating that m5C might regulate the
LUAD immune microenvironment (Chen et al, 2021b).
Intratumor immune cells play a crucial role in the TME and
affect the prognosis and pathogenesis of LUAD (Jiang et al.,
2020).

Therefore, it is crucial to explore the linkage between m5C/
mo6A regulators, infiltration of immune cells, and treatment of
LUAD. We found that 29 m5C/m6A regulators (METTLS3,
METTL14, WTAP, VIRMA, RBMI15, RBMI15B, CBLLI,
ZC3H13, FTO, YTHDF1, YTHDEF2, YTHDF3, HNRNPC,
HNRNPA2B1, IGF2BP1, IGF2BP2, IGF2BP3, ELAVLI,
LRPPRC, TRDMTI1, NSUN2, NSUN4, NSUNS5, NSUNS6,
NSUN7, DNMT1, DNMT3A, DNMT3B, and ALYREF) were

significantly different between the LUAD and normal samples.

Frontiers in Genetics 13

The two m5C/m6A subtypes identified based on these genes by
unsupervised clustering were used to define the immune activity
status of LUAD. Clusterl, with a lower expression of m5C/m6A
regulators, had higher immune function scores and degrees of
infiltrating immune cells than cluster2. Immune cell infiltration
plays a vital role in immunotherapy. Patients with different
immune infiltration conditions show differing clinical and
immunotherapeutic benefits (Zeng et al., 2019; Lebid et al.,
2020). The m5C/m6A  modification
accompanied by distinct immune phenotypes, improve our

two subtypes,
understanding of the immune microenvironment for the
precise application of immunotherapy.

The risk score model was constructed with HNRNPA2BI1,
IGF2BP2, NSUN4, and ALYREF, and the high-risk group was
closely related to the high expression of immune checkpoint
genes and high TMB in TCGA-LUAD samples. In total,
13 checkpoint genes were upregulated in the high-risk group,
including CTLA4, LAG3, (PD1) PDCDI, and (PDL1) CD274, as
markers of T-cell exhaustion. In addition, the proportion of
patients who benefited from the PD-L1 blockade was higher in
the high-risk group than that in the low-risk group. Immune
checkpoint genes resist elimination mediated by immunity,
which is the main reason for the immune escape from lung
cancer (Cheng et al., 2017). ICIs as novel anti-tumor drugs have
shown promising therapeutic efficacy in some cancers, such as
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Analyses of risk scores for predicting immunotherapy efficacy and drug sensitivity. (A) Distribution of the risk score between patients with PD/SD
and patients with PR/CR in the IMvigor210 dataset. (B,C) Proportion of patients with different immunotherapy responses in different risk groups. (D)

Two-year ROC curve for estimating the predictive efficacy of the risk score.

(E) Differences in expression levels of immune checkpoints between

different risk groups. (F=I) Drug sensitivity differences of bexarotene, imatinib, metformin, and AKT inhibitor in the two groups.

melanoma, non-small cell lung cancer, and urinary system
cancers (Hamid et al, 2013; Sharma and Allison, 2015). In
addition, studies have revealed that the efficiency of ICIs for
NSCLC ranges from 15% to 20% (Wu et al., 2018). From a
clinical perspective, increased expression of immune checkpoints
and high TMB are significant indicators of immunotherapy.
Patients with high TMB or expression levels of checkpoint
genes benefit more from immunotherapeutic agents in
multiple types of cancers (Cinausero et al, 2019). Mismatch
repair deficiency is a reliable predictor of response to anti-PDL1
agents in patients with malignancies (Wang et al., 2018). These
findings are consistent with those of the present study. As for
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differentially mutated genes between the low- and high-risk
groups, 19 genes were highly mutated in the high-risk
group. The mutation frequency of the tumor suppressor
TP53 was significantly higher in the high-risk. Dong et al.
(2017) indicated that mutations in TP53 and KRAS, especially
co-occurring mutations, enhance the expression of immune
checkpoints and are remarkable factors for ICIs in patients
with  LUAD. In summary, based on the differences in
mutation profiles, immune checkpoints, and responses to
immunotherapy between the low- and high-risk groups, we
suggest that the risk score could be an effective tool for
predicting immunotherapy efficacy.
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We also found that the low-risk group had greater infiltration of
M2 macrophages and fewer M1 macrophages. Macrophages have
two major phenotypes: pro-inflammatory M1 and tumor-promoting
M2 macrophages. However, a study by Mehrdad et al. showed that
the infiltration of CD204 M2 macrophages improved the prognosis
of patients with NSCLC (Rakaee et al., 2019). In another study on the
immune microenvironment of LUAD, M2 macrophages were
enriched in patients with prolonged survival and lower mutation
load(Wu et al., 2021). These findings are consistent with our research,
and the relationship between macrophage phenotypes and LUAD
prognosis requires further exploration. Enrichment analyses revealed
that
metabolism-cytochrome p450, leukotriene B4 metabolic process,

mismatch repair, humoral immune response, drug
PI3K-AKT, mitotic spindle, and DNA repair were significantly
different among the different risk groups. We inferred that
prognostic m5C/m6A  regulators, including HNRNPA2BI,
IGF2BP2, NSUN4, and ALYREF, might be involved in immune-,
metabolic-, and proliferation-related functions in LUAD. Among the
prognostic RNA modification regulators, HNRNPA2BI and
NSUN4 were considered independent prognostic factors for
LUAD. It has that
HNRNPA2B1 augmentation can induce an innate immune
response by amplifying IFN-a/p production (Wang et al,, 2019).
In an experimental study, HNRNPA2BI, regulated by CACNA1G-
AS1, increased the epithelial-mesenchymal transition of NSCLC cells

(Yu et al,, 2018). ALYREF may act as a poor prognosis biomarker in

been reported nuclear

patients with bladder cancer and is involved in glycolysis and cell
proliferation by regulating PKM2 (Wang et al., 2021b). In addition,
NSUN4 is upregulated in hepatocellular cancer and shows excellent
performance as a biomarker for the prognosis of hepatocellular
carcinoma (Cui et al, 2021). Several cancer-promoting and
inflammation-related functions have been proposed for IGF2BP2,
including the promotion of tumor growth and induction of
macrophage polarization (Wang et al., 2021¢; Wang et al,, 2021d).
Further studies are warranted to investigate the immune- and
metabolism-related functions of the four prognostic m5C/m6A
regulators in LUAD.

In contrast to previous studies on the m5C signature or m6A
signature in LUAD, we first investigated the integration of m5C
and m6A regulators and assessed significant parameters for
including TMB, 30
checkpoints, and immune cell infiltration. In the present

immunotherapy, common immune
study, high-risk patients had high TMB, increased expression
of immune checkpoints, and high sensitivity to immunotherapy,
that the could predict

immunotherapy in LUAD. Understanding the mechanisms of

suggesting risk score formula
the metabolic processes and immune responses mediated by
m5C/m6A regulators may enhance the therapeutic effects of
LUAD. The results of our research provide an m5C/m6A risk
model with excellent clinical significance. Additionally, high-risk
patients were found to have an observably low OS and poor
therapeutic sensitivity to imatinib and AKT inhibitors, indicating

that it is necessary to pay more attention to disease progression
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and drug resistance in high-risk LUAD patients. Future research
needs to focus more on the role of m5C and mé6a in immunity
and drug resistance in LUAD.

Our study has some limitations. First, more comprehensive
clinical factors should be included to determine whether the risk
score is an independent prognostic factor for LUAD. Second,
LUAD cohorts receiving immunotherapy were required to verify
the accuracy and stability of the risk score in our study. Third, the
study lacked experimental validation. Therefore, we are
collecting clinical samples of LUAD, and further in vitro and
in vivo experiments may be used to investigate the biological
functions of prognostic m5C/m6A-related genes.

In summary, we identified two m5C/m6A modification
subtypes associated with different immune phenotypes and
demonstrated the value of the m5C/m6A-related risk score for
estimating prognosis, drug resistance, and immunotherapy
efficacy. The proposed m5C/m6A-related risk score model
may assist in prognosis evaluation and improve treatment
efficacy for patients with LUAD.

Data availability statement

The original contributions presented in the study are

included in the article/Supplementary Material; further

inquiries can be directed to the corresponding author.

Author contributions
YM conceived the study and analyzed the data. JY wrote the
manuscript. T] performed data collection. FW supervised the

analytic process and reviewed the manuscript. All authors
contributed to the study and approved the submitted version.

Acknowledgments

We are grateful for the free use of TCGA database and GEO
database.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Publisher’'s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their

frontiersin.org


https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2022.990623

Ma et al.

affiliated organizations, or those of the publisher, the
editors, and the reviewers. Any product that may be
evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the
publisher.

References

Benayed, R., Offin, M., Mullaney, K., Sukhadia, P., Rios, K., Desmeules, P., et al.
(2019). High yield of RNA sequencing for targetable kinase fusions in lung
adenocarcinomas with No mitogenic driver alteration detected by DNA
sequencing and low tumor mutation burden. Clin. Cancer Res. 25 (15),
4712-4722. doi:10.1158/1078-0432.CCR-19-0225

Blanche, P., Dartigues, J. F., and HJSim, J-G. (2013). Estimating and comparing
time-dependent areas under receiver operating characteristic curves for censored
event times with competing risks. Stat. Med. 32 (30), 5381-5397. doi:10.1002/sim.
5958

Cai, Q,, He, B., Xie, H., Zhang, P., Peng, X, Zhang, Y., et al. (2020). Identification of a
novel prognostic DNA methylation signature for lung adenocarcinoma based on
consensus clustering method. Cancer Med. 9 (20), 7488-7502. doi:10.1002/cam4.3343

Chao, Y., Shang, J., and Ji, W. (2020). ALKBH5-m(6)A-FOXM1 signaling axis
promotes proliferation and invasion of lung adenocarcinoma cells under
intermittent hypoxia. Biochem. Biophys. Res. Commun. 521 (2), 499-506. doi:10.
1016/j.bbrc.2019.10.145

Chen, H,, Yao, ], Bao, R,, Dong, Y., Zhang, T., Du, Y., et al. (2021). Cross-talk of
four types of RNA modification writers defines tumor microenvironment and
pharmacogenomic landscape in colorectal cancer. Mol. Cancer 20 (1), 29. doi:10.
1186/512943-021-01322-w

Chen, H., Ge, X. L,, Zhang, Z. Y., Liu, M., Wu, R. Y,, Zhang, X. F,, et al. (2021).
M(5)C regulator-mediated methylation modification patterns and tumor
microenvironment infiltration characterization in lung adenocarcinoma. Transl.
Lung Cancer Res. 10 (5), 2172-2192. doi:10.21037/tlcr-21-351

Cheng, H., Janakiram, M., Borczuk, A., Lin, J., Qiu, W., Liu, H,, et al. (2017).
HHLA2, a new immune checkpoint member of the B7 family, is widely expressed in
human lung cancer and associated with EGFR mutational status. Clin. Cancer Res.
23 (3), 825-832. doi:10.1158/1078-0432.CCR-15-3071

Cinausero, M., Laprovitera, N., De Maglio, G., Gerratana, L., Riefolo, M.,
Macerelli, M., et al. (2019). KRAS and ERBB-family genetic alterations affect
response to PD-1 inhibitors in metastatic nonsquamous NSCLC. Ther. Adv.
Med. Oncol. 11, 1758835919885540. doi:10.1177/1758835919885540

Colaprico, A., Silva, T. C., Olsen, C., Garofano, L., Cava, C., Garolini, D., et al.
(2016). Castiglioni IJNar: TCGAbiolinks: an R/bioconductor package for integrative
analysis of TCGA data. Nucleic Acids Res. 44 (8), €71. doi:10.1093/nar/gkv1507

Cui, M,, Qu, F,, Wang, L., Liu, X,, Yu, J., Tang, Z, et al. (2021). m5C RNA
methyltransferase-related gene NSUN4 stimulates malignant progression of
hepatocellular carcinoma and can be a prognostic marker. Cancer Biomark. 33,
389. doi:10.3233/CBM-210154

Dai, B., Sun, F., Cai, X, Li, C,, Liu, H., and Shang, Y. (2021). Significance of RNA
N6-methyladenosine regulators in the diagnosis and subtype classification of
childhood asthma using the gene expression Omnibus database. Front. Genet.
12, 634162. doi:10.3389/fgene.2021.634162

Deng, X,, Su, R, Weng, H., Huang, H., Li, Z., and Chen, J. (2018). RNA N(6)-
methyladenosine modification in cancers: Current status and perspectives. Cell Res.
28 (5), 507-517. doi:10.1038/s41422-018-0034-6

Dong, Z. Y., Zhong, W. Z., Zhang, X. C,, Su, ], Xie, Z, Liu, S. Y., et al. (2017).
Potential predictive value of TP53 and KRAS mutation status for response to PD-1
blockade immunotherapy in lung adenocarcinoma. Clin. Cancer Res. 23 (12),
3012-3024. doi:10.1158/1078-0432.CCR-16-2554

Fan, Y., Zhou, Y., Lou, M,, Li, X,, Zhu, X,, and Yuan, K. (2022). m(6 A regulator-
mediated methylation modification patterns and characterisation of tumour
microenvironment infiltration in non-small cell lung cancer. J. Inflamm. Res. 15,
1969-1989. doi:10.2147/JIR.S356841

Fujimoto, A., Fujita, M., Hasegawa, T., Wong, J. H., Maejima, K., Oku-Sasaki, A.,
et al. (2020). Comprehensive analysis of indels in whole-genome microsatellite

regions and microsatellite instability across 21 cancer types. Genome Res. 30 (3),
334-346. doi:10.1101/gr.255026.119

Geeleher, P., Cox, N., and Huang, R. S.]. Po (2014). pRRophetic: an R package for
prediction of clinical chemotherapeutic response from tumor gene expression
levels. PLoS One 9 (9), e107468. doi:10.1371/journal.pone.0107468

Frontiers in Genetics

10.3389/fgene.2022.990623

Supplementary material

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fgene.
2022.990623/full#supplementary-material

Hamid, O., Robert, C., Daud, A., Hodi, F. S., Hwu, W. J., Kefford, R., et al. (2013).
Safety and tumor responses with lambrolizumab (anti-PD-1) in melanoma. N. Engl.
J. Med. 369 (2), 134-144. doi:10.1056/NEJMoal305133

Hinzelmann, S., Castelo, R, and JJBb, G. (2013). GSVA: gene set variation
analysis for microarray and RNA-seq data. BMC Bioinforma. 14 (1), 1-15. doi:10.
1186/1471-2105-14-7

He, C,, Zhu, X,, Kong, F., Zhang, X., Chai, X., Zou, C,, et al. (2022). The value of
m5C-related IncRNAs in the prognostic assessment and immunotherapy of
stomach adenocarcinoma. Biomed. Res. Int. 2022, 2747799. doi:10.1155/2022/
2747799

Jiang, X., Gao, Y., Zhang, N., Yuan, C, Luo, Y., Sun, W, et al. (2020).
Establishment of immune-related gene pair signature to predict lung
adenocarcinoma prognosis. Cell Transpl. 29, 963689720977131. doi:10.1177/
0963689720977131

Jin, C., Lagoudas, G. K., Zhao, C,, Bullman, S., Bhutkar, A., Hu, B., et al. (2019).
Commensal microbiota promote lung cancer development via yd T cells. Cell 176
(5), 998-1013. doi:10.1016/j.cell.2018.12.040

Jung, H., Kim, H. S., Kim, J. Y., Sun, J. M., Ahn, J. S., Ahn, M. ], et al. (2019).
DNA methylation loss promotes immune evasion of tumours with high
mutation and copy number load. Nat. Commun. 10 (1), 4278. doi:10.1038/
s41467-019-12159-9

Kim, J. W., Marquez, C. P., Kostyrko, K., Koehne, A. L., Marini, K., Simpson, D.
R, et al. (2019). Antitumor activity of an engineered decoy receptor targeting
CLCF1-CNTER signaling in lung adenocarcinoma. Nat. Med. 25 (11), 1783-1795.
doi:10.1038/541591-019-0612-2

Lebid, A., Chung, L., Pardoll, D. M., and Pan, F. (2020). YAP attenuates CD8 T
cell-mediated anti-tumor response. Front. Immunol. 11, 580. doi:10.3389/fimmu.
2020.00580

Li, B, Cui, Y., Nambiar, D. K., Sunwoo, J. B., and Li, R. (2019). The immune
subtypes and landscape of squamous cell carcinoma. Clin. Cancer Res. 25 (12),
3528-3537. doi:10.1158/1078-0432.CCR-18-4085

Li, F, Yi, Y, Miao, Y., Long, W., Long, T., Chen, S., et al. (2019). N(6)-
Methyladenosine modulates nonsense-mediated mRNA decay in human
glioblastoma. Cancer Res. 79 (22), 5785-5798. doi:10.1158/0008-5472.CAN-18-
2868

Liberzon, A., Birger, C., Thorvaldsdéttir, H., Ghandi, M., Mesirov, J. P., and
Tamayo, P. (2015). The Molecular Signatures Database (MSigDB) hallmark gene set
collection. Cell Syst. 1 (6), 417-425. doi:10.1016/j.cels.2015.12.004

Linderman, G. C,, and Steinerberger, S. (2019). Clustering with t-SNE, provably.
SIAM ]. Math. Data Sci. 1 (2), 313-332. doi:10.1137/18m1216134

Liu, P, Zhang, B., Chen, Z,, He, Y., Du, Y., Liu, Y,, et al. (2020). m(6 A-induced
IncRNA MALATI1 aggravates renal fibrogenesis in obstructive nephropathy
through the miR-145/FAK pathway. Aging (Albany NY) 12 (6), 5280-5299.
doi:10.18632/aging.102950

Liu, Y., Guo, X, Zhao, M., Ao, H., Leng, X,, Liu, M., et al. (2020). Contributions
and prognostic values of m(6) A RNA methylation regulators in non-small-cell lung
cancer. J. Cell. Physiol. 235 (9), 6043-6057. doi:10.1002/jcp.29531

Lorenz, D. A., Sathe, S., Einstein, J. M., and Yeo, G. W. (2020). Direct RNA
sequencing enables m(6)A detection in endogenous transcript isoforms at base-
specific resolution. Rna 26 (1), 19-28. doi:10.1261/rna.072785.119

Love, M. L., Huber, W., and Anders, S. J. Gb (2014). Moderated estimation of fold
change and dispersion for RNA-seq data with DESeq2. Genome Biol. 15 (12),
550-621. doi:10.1186/s13059-014-0550-8

Mariathasan, S., Turley, S. J., Nickles, D., Castiglioni, A., Yuen, K., Wang, Y.,
et al. (2018). TGF( attenuates tumour response to PD-L1 blockade by
contributing to exclusion of T cells. Nature 554 (7693), 544-548. doi:10.
1038/nature25501

Mering, Cv, Huynen, M., Jaeggi, D., Schmidt, S., Bork, P., and BJNar, S. (2003).
STRING: a database of predicted functional associations between proteins. Nucleic
Acids Res. 31 (1), 258-261. doi:10.1093/nar/gkg034

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fgene.2022.990623/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fgene.2022.990623/full#supplementary-material
https://doi.org/10.1158/1078-0432.CCR-19-0225
https://doi.org/10.1002/sim.5958
https://doi.org/10.1002/sim.5958
https://doi.org/10.1002/cam4.3343
https://doi.org/10.1016/j.bbrc.2019.10.145
https://doi.org/10.1016/j.bbrc.2019.10.145
https://doi.org/10.1186/s12943-021-01322-w
https://doi.org/10.1186/s12943-021-01322-w
https://doi.org/10.21037/tlcr-21-351
https://doi.org/10.1158/1078-0432.CCR-15-3071
https://doi.org/10.1177/1758835919885540
https://doi.org/10.1093/nar/gkv1507
https://doi.org/10.3233/CBM-210154
https://doi.org/10.3389/fgene.2021.634162
https://doi.org/10.1038/s41422-018-0034-6
https://doi.org/10.1158/1078-0432.CCR-16-2554
https://doi.org/10.2147/JIR.S356841
https://doi.org/10.1101/gr.255026.119
https://doi.org/10.1371/journal.pone.0107468
https://doi.org/10.1056/NEJMoa1305133
https://doi.org/10.1186/1471-2105-14-7
https://doi.org/10.1186/1471-2105-14-7
https://doi.org/10.1155/2022/2747799
https://doi.org/10.1155/2022/2747799
https://doi.org/10.1177/0963689720977131
https://doi.org/10.1177/0963689720977131
https://doi.org/10.1016/j.cell.2018.12.040
https://doi.org/10.1038/s41467-019-12159-9
https://doi.org/10.1038/s41467-019-12159-9
https://doi.org/10.1038/s41591-019-0612-2
https://doi.org/10.3389/fimmu.2020.00580
https://doi.org/10.3389/fimmu.2020.00580
https://doi.org/10.1158/1078-0432.CCR-18-4085
https://doi.org/10.1158/0008-5472.CAN-18-2868
https://doi.org/10.1158/0008-5472.CAN-18-2868
https://doi.org/10.1016/j.cels.2015.12.004
https://doi.org/10.1137/18m1216134
https://doi.org/10.18632/aging.102950
https://doi.org/10.1002/jcp.29531
https://doi.org/10.1261/rna.072785.119
https://doi.org/10.1186/s13059-014-0550-8
https://doi.org/10.1038/nature25501
https://doi.org/10.1038/nature25501
https://doi.org/10.1093/nar/gkg034
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2022.990623

Ma et al.

Newman, A. M,, Liy, C. L., Green, M. R,, Gentles, A. J., Feng, W., Xu, Y., et al.
(2015). Robust enumeration of cell subsets from tissue expression profiles. Nat.
Methods 12 (5), 453-457. doi:10.1038/nmeth.3337

Rakaee, M., Busund, L. R,, Jamaly, S., Paulsen, E. E., Richardsen, E., Andersen, S.,
et al. (2019). Prognostic value of macrophage phenotypes in resectable non-small
cell lung cancer assessed by multiplex immunohistochemistry. Neoplasia 21 (3),
282-293. doi:10.1016/j.ne0.2019.01.005

Santarpia, M., Aguilar, A., Chaib, I, Cardona, A. F., Fancelli, S., Laguia, F., et al.
(2020). Non-small-cell lung cancer signaling pathways, metabolism, and PD-1/PD-
L1 antibodies. Cancers (Basel) 12 (6), E1475. doi:10.3390/cancers12061475

Shannon, P., Markiel, A., Ozier, O., Baliga, N. S., Wang, J. T., Ramage, D., et al.
(2003). Cytoscape: a software environment for integrated models of biomolecular
interaction networks. Genome Res. 13 (11), 2498-2504. doi:10.1101/gr.1239303

Sharma, P., and Allison, J. P. (2015). The future of immune checkpoint therapy.
Sci. (New York, NY) 348 (6230), 56-61. doi:10.1126/science.aaa8172

Simon, N., Friedman, J., Hastie, T., and RJJoss, T. (2011). Regularization paths for
Cox’s proportional hazards model via coordinate descent. J. Stat. Softw. 39 (5),
1-13. doi:10.18637/jss.v039.i05

Steven, A., Fisher, S. A., and Robinson, B. W. (2016). Immunotherapy for lung
cancer. Respirology 21 (5), 821-833. d0i:10.1111/resp.12789

Su, ], Wu, G, Ye, Y., Zhang, J., Zeng, L., Huang, X,, et al. (2021). NSUN2-
mediated RNA 5-methylcytosine promotes esophageal squamous cell carcinoma
progression via LIN28B-dependent GRB2 mRNA stabilization. Oncogene 40 (39),
5814-5828. doi:10.1038/s41388-021-01978-0

Suresh, K., Naidoo, J., Lin, C. T., and Danoff, S. (2018). Immune checkpoint
immunotherapy for non-small cell lung cancer: Benefits and pulmonary toxicities.
Chest 154 (6), 1416-1423. doi:10.1016/j.chest.2018.08.1048

Thomas, E. N., Simms, C. L., Keedy, H. E., and Zaher, H. S. (2019). Insights into
the base-pairing preferences of 8-oxoguanosine on the ribosome. Nucleic Acids Res.
47 (18), 9857-9870. doi:10.1093/nar/gkz701

Wang, L., Zhang, Q., Ni, S., Tan, C., Cai, X, Huang, D., et al. (2018). Programmed
death-ligand 1 expression in gastric cancer: Correlation with mismatch repair
deficiency and HER2-negative status. Cancer Med. 7 (6), 2612-2620. doi:10.1002/
cam4.1502

Wang, L, Wen, M., and Cao, X. (2019). Nuclear hnRNPA2BI initiates and
amplifies the innate immune response to DNA viruses. Science 365 (6454),
eaav0758. doi:10.1126/science.aav0758

Wang, J. Y, Chen, L. J, and Qiang, P. (2020). The potential role of Né-
methyladenosine (m6A) demethylase fat mass and obesity-associated gene (FTO)
in human cancers. Onco. Targets. Ther. 13, 12845-12856. doi:10.2147/OTT.S283417

Wang, E,, Li, Y., Ming, R,, Wei, J., Du, P., Zhou, P,, et al. (2021). The prognostic
value and immune landscapes of a m(6)A/m(5)C/m(1)A-Related LncRNAs
signature in head and neck squamous cell carcinoma. Front. Cell Dev. Biol. 9,
718974. doi:10.3389/fcell.2021.718974

Wang, J. Z., Zhu, W., Han, J., Yang, X., Zhou, R, Lu, H. C,, et al. (2021).
The role of the HIF-1a/ALYREF/PKM2 axis in glycolysis and tumorigenesis

Frontiers in Genetics

17

10.3389/fgene.2022.990623

of bladder cancer. Cancer Commun. 41 (7), 560-575. doi:10.1002/cac2.
12158

Wang, X., Ji, Y., Feng, P, Liu, R,, Li, G., Zheng, J., et al. (2021). The m6A reader
IGF2BP2 regulates macrophage phenotypic activation and inflammatory diseases
by stabilizing TSC1 and PPARy. Adv. Sci. 8 (13), 2100209. doi:10.1002/advs.
202100209

Wang, J., Chen, L., and Qiang, P. (2021). The role of IGF2BP2, an m6A reader
gene, in human metabolic diseases and cancers. Cancer Cell Int. 21 (1), 99. doi:10.
1186/512935-021-01799-x

Wilkerson, M. D., and Hayes, D. N. J. B. (2010). ConsensusClusterPlus: a class
discovery tool with confidence assessments and item tracking. Bioinformatics 26
(12), 1572-1573. doi:10.1093/bioinformatics/btq170

Wu, J., Frady, L. N., Bash, R. E,, Cohen, S. M., Schorzman, A. N, Su, Y. T., et al.
(2018). MerTK as a therapeutic target in glioblastoma. Neuro. Oncol. 20 (1), 92-102.
doi:10.1093/neuonc/nox111

Wu, ], Li, L., Zhang, H., Zhao, Y., Zhang, H., Wu, S,, et al. (2021). A risk model
developed based on tumor microenvironment predicts overall survival and
associates with tumor immunity of patients with lung adenocarcinoma.
Oncogene 40 (26), 4413-4424. doi:10.1038/s41388-021-01853-y

Xiong, W., Li, C., Wan, B., Zheng, Z., Zhang, Y., Wang, S., et al. (2022). N6-
Methyladenosine  regulator-mediated ~ immue  patterns and  tumor
microenvironment infiltration characterization in glioblastoma. Front. Immunol.
13, 819080. doi:10.3389/fimmu.2022.819080

Yang, T., Low, J. J. A., and Woon, E. C. Y. (2020). A general strategy exploiting
m5C duplex-remodelling effect for selective detection of RNA and DNA m5C
methyltransferase activity in cells. Nucleic Acids Res. 48 (1), e5. doi:10.1093/nar/
gkz1047

Yu, G., Wang, L-G., Han, Y., and HeY]JOajoib, Q. (2012). clusterProfiler: an R
package for comparing biological themes among gene clusters. OMICS 16(5):
284-287. doi:10.1089/0mi.2011.0118

Yu, P. F,, Kang, A. R,, Jing, L. J., and Wang, Y. M. (2018). Long non-coding
RNA CACNA1G-AS1 promotes cell migration, invasion and epithelial-
mesenchymal transition by HNRNPA2B1 in non-small cell lung cancer.
Eur. Rev. Med. Pharmacol. Sci. 22 (4), 993-1002. doi:10.26355/
eurrev_201802_14381

Zeng, D., Li, M., Zhou, R,, Zhang, J., Sun, H.,, Shi, M,, et al. (2019). Tumor
microenvironment characterization in gastric cancer identifies prognostic and
immunotherapeutically relevant gene signatures. Cancer Immunol. Res. 7 (5),
737-750. doi:10.1158/2326-6066.CIR-18-0436

Zhang, X., Zhang, S., Yan, X,, Shan, Y., Liu, L., Zhou, ], et al. (2021). m6A
regulator-mediated RNA methylation modification patterns are involved in
immune microenvironment regulation of periodontitis. J. Cell. Mol. Med. 25 (7),
3634-3645. doi:10.1111/jemm. 16469

Zheng, B., Xie, F., Cheng, F., Wang, J., Yao, Z,, He, W,, et al. (2021). Integrative
analysis of immune-related genes in the tumor microenvironment of renal clear cell
carcinoma and renal papillary cell carcinoma. Front. Mol. Biosci. 8, 760031. doi:10.
3389/fmolb.2021.760031

frontiersin.org


https://doi.org/10.1038/nmeth.3337
https://doi.org/10.1016/j.neo.2019.01.005
https://doi.org/10.3390/cancers12061475
https://doi.org/10.1101/gr.1239303
https://doi.org/10.1126/science.aaa8172
https://doi.org/10.18637/jss.v039.i05
https://doi.org/10.1111/resp.12789
https://doi.org/10.1038/s41388-021-01978-0
https://doi.org/10.1016/j.chest.2018.08.1048
https://doi.org/10.1093/nar/gkz701
https://doi.org/10.1002/cam4.1502
https://doi.org/10.1002/cam4.1502
https://doi.org/10.1126/science.aav0758
https://doi.org/10.2147/OTT.S283417
https://doi.org/10.3389/fcell.2021.718974
https://doi.org/10.1002/cac2.12158
https://doi.org/10.1002/cac2.12158
https://doi.org/10.1002/advs.202100209
https://doi.org/10.1002/advs.202100209
https://doi.org/10.1186/s12935-021-01799-x
https://doi.org/10.1186/s12935-021-01799-x
https://doi.org/10.1093/bioinformatics/btq170
https://doi.org/10.1093/neuonc/nox111
https://doi.org/10.1038/s41388-021-01853-y
https://doi.org/10.3389/fimmu.2022.819080
https://doi.org/10.1093/nar/gkz1047
https://doi.org/10.1093/nar/gkz1047
https://doi.org/10.1089/omi.2011.0118
https://doi.org/10.26355/eurrev_201802_14381
https://doi.org/10.26355/eurrev_201802_14381
https://doi.org/10.1158/2326-6066.CIR-18-0436
https://doi.org/10.1111/jcmm.16469
https://doi.org/10.3389/fmolb.2021.760031
https://doi.org/10.3389/fmolb.2021.760031
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org
https://doi.org/10.3389/fgene.2022.990623

	Identification of a novel m5C/m6A-related gene signature for predicting prognosis and immunotherapy efficacy in lung adenoc ...
	Introduction
	Materials and methods
	Data collection and preprocessing
	Unsupervised consensus clustering for m5C/m6A subtypes
	Evaluation of infiltrating immune cells, immune functions, and immune checkpoints
	Construction and validation of the m5C/m6a-related prognostic risk model
	Pathway and functional enrichment analyses
	Drug sensitivity analysis
	Statistical analyses

	Results
	Landscape of m5C/m6A-related genes in LUAD
	Characterization of m5C/m6A subtypes
	Construction and evaluation of the m5C/m6A regulator-related prognostic model
	Pathway, function, and immune-related analyses of the risk score
	Mutation landscapes of low- and high-risk groups
	Clinical prediction model based on the m5C/m6A-related risk score
	Predictive potential of a risk score for immunotherapy response and chemotherapy sensitivity

	Discussion
	Data availability statement
	Author contributions
	Acknowledgments
	Conflict of interest
	Publisher’s note
	Supplementary material
	References


