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Introduction

Cumulative evidence suggests the presence of diverse post-
transcriptional RNA modifications across nearly all organ-
isms.1 RNA modifications, including N6-methyladenosine 
(m6A) modification, hold a crucial role within the field of 
RNA epigenetics.2,3 Already in the 1970s, m6A was recog-
nized as the predominant modification found in mRNA 
and other non-coding RNAs as the most common modifi-
cations in mRNA and other non-coding within eukaryotic 
organisms.1,4–7 Important biological functions regulated 
by m6A modification are reversible and rely on a series 
of enzymes, encompassing methyltransferase (writers), 
demethylase (erasers), and binding proteins (readers).8 

Writers include RBM15, ZC3H13, MeTTTL3, MeTTTL14, 
WTAP, and KIAA1429, which add functional sites of m6A. 
Erasers include ALKBH5 and FTO, which can remove func-
tional sites of m6A. Readers encompassing YTHDF1/2/3, 
FMR1, LRPPRC, YTHDC1/2, HNRNPA2B1, and LRPPRC 
preferentially bind to the functional site of m6A and play 
regulatory roles. Thus far, a large amount of evidence has 
confirmed that m6A modification regulates a series of tumor 
cells’ malignant biological behavior, encompassing prolif-
eration, invasion, and metastasis, alongside its involvement 
in immune regulation.9–14 Studies have established a con-
nection between m6A modification and the pathogenesis of 
lung adenocarcinoma (LUAD).15,16

Link between m6A modification and infiltration characterization 
of tumor microenvironment in lung adenocarcinoma

Sha Yang1*, Ke Li2*, Jiqin Zhang3, Jian Liu4, Lin Liu2, Ying Tan4,5  and Chuan Xu5

1Guizhou University Medical College, Guiyang 550025, China; 2Department of Respiratory and Critical Care Medicine, Guizhou 
Provincial People’s Hospital, Guiyang 550002, China; 3Department of Anesthesiology, Guizhou Provincial People’s Hospital, Guiyang 
550002, China; 4Department of Neurosurgery, Guizhou Provincial People’s Hospital, Guiyang 550002, China; 5Department of Thoracic 
Surgery, Guizhou Provincial People’s Hospital, Guiyang 550002, China
*These authors contributed equally to this paper.
Corresponding authors: Ying Tan. Email: tanying@gz5055.com; Chuan Xu. Email: xuchuan@gz5055.com

Abstract
N6-methyladenosine (m6A) RNA methylation plays a pivotal role in immune 
responses and the onset and advancement of cancer. Nonetheless, the 
precise impact of m6A modification in lung adenocarcinoma (LUAD) and its 
associated tumor microenvironment (TME) remains to be fully elucidated. Here, 
we distinguished distinct m6A modification patterns within two separate LUAD 
cohorts using a set of 21 m6A regulators. The TME characteristics associated 
with these two patterns align with the immune-inflamed and immune-excluded 
phenotypes, respectively. We identified 2064 m6A-related genes, which were 
used as a basis to divide all LUAD samples into three distinct m6A gene clusters. 
We applied a scoring system to evaluate the m6A gene signature of the m6A 
modification pattern in individual patients. To authenticate the categorization 
significance of m6A modification patterns, we established a correlation between 
m6A score and TME infiltration profiling, tumor somatic mutations, and responses 
to immunotherapy. A high level of m6A modification may be associated with the 
aggressiveness and poor prognosis of LUAD. Further studies should investigate 
the mechanism of action of m6A regulators and m6A-related genes to improve the 
diagnosis and treatment of patients with LUAD.
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Here, we distinguished two distinct m6A modifi-
cation patterns within two lung adenocarcinoma 
(LUAD) cohorts using 21 m6A regulators. The 
attributes of the tumor microenvironment (TME) 
corresponding to these patterns aligned with the 
immune-excluded and immune-inflamed pheno-
types, respectively. We applied a scoring system, 
called m6A score, to evaluate the m6A gene sig-
nature of the m6A modification pattern in individual 
patients. The m6A score was correlated with TME 
infiltration characterization, tumor somatic muta-
tion, and patients’ response to immunotherapy. 
Further studies should be conducted on the mecha-
nism of action of m6A regulators and m6A-related 
genes for improved diagnosis and treatment of 
LUAD patients.
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LUAD has high morbidity and mortality rates worldwide 
and ranks among the top in malignant tumors. Its patho-
genesis is complicated, and early diagnosis is difficult.17 
Despite the development of approaches, such as molecu-
lar targeted therapy, chemotherapy, surgical resection, and 
radiotherapy, for LUAD in recent decades, it has not signifi-
cantly improved patients’ outcome with the condition.18,19 
Therefore, attaining a holistic comprehension of the molecu-
lar mechanisms driving LUAD initiation and progression is 
imperative to unearth innovative therapeutic strategies and 
advance early diagnosis, treatment efficacy, and prognostic 
outcomes. A number of RNA methylation modifications, 
including pseudoguanosine, 5-methylcytosine (m5C), and 
m6A,20 are extensively present in LUAD RNA and exert sig-
nificant influences on the initiation, advancement, metasta-
sis, therapy, and prognosis of LUAD.21 Continuous research 
has found the engagement of m6A modification in tumor 
regulation through its impact on the tumor microenviron-
ment (TME).12,22 This environment is vital for tumor survival 
and contains an array of stromal cells, immune cells, tumor 
cells, and various cytokines, which are important in tumor 
growth, migration, and invasion.23,24 The interaction between 
various cells and cytokines is an important factor for TME to 
affect the malignant biological behavior of tumors.25

A rapid advancement in high throughput detection tech-
nology has led to increasing insights into m6A modification’s 
biochemical and biological functions.26 Reversibility of the 
m6A modification is becoming increasingly evident.26 m6A 
regulators target different genes, the levels of m6A regula-
tory factors vary, and the methylated target mRNA changes 
differently; as such, biological functions regulated by m6A 
modification can be affected, enabling it to play distinct 
protumor or antitumor roles.27 In summary, unraveling the 
regulatory influence of m6A modification on LUAD tumors 
and their TME is essential for identifying novel serological 
or histological predictive indicators for therapeutic interven-
tions, prognosis, and diagnosis. However, the comprehen-
sive scope of m6A modification’s role in LUAD and its TME 
remains unclear.

Our study aims to investigate the roles played by m6A 
regulators and m6A-related genes within LUAD and its TME, 
using publicly available databases. The gene expression data 
and clinical details of LUAD patients were acquired from 
The Cancer Genome Atlas (TCGA) and Gene Expression 
Omnibus (GEO) repositories.28 Two distinct patterns of m6A 
modification were identified. The TME characteristics of 
the two patterns correspond to the immune-inflamed and 
immune-excluded phenotypes. We detected three tumor 
subtypes of m6A-related genes. Given the inherent tumor 
heterogeneity, we devised a scoring system capable of quan-
tifying individual m6A modification patterns. Findings 
validated the potential of the m6A score in influencing the 
staging, treatment approaches, and prognosis of LUAD.

Materials and methods

Dataset source and preprocessing

Supplemental Figure 1 presents the research process. 
GSE68465 gene expression profiles were retrieved from the 
GEO database and used as training cohort.29 Microarray 

data were generated using the Affymetrix Human Genome 
U133A Array. GSE50081, GSE37745, GSE31210, GSE30219, 
and GSE72094 consist of 181, 196, 226, 293, and 442 patients 
with lung cancer, respectively, with survival data available 
in a total of 1294 cases. All data were gathered as validation 
cohort. The matrix files were normalized for further analy-
sis. The RNA sequencing data (expressed as Fragments Per 
Kilobase of transcript per Million mapped reads (FPKM) val-
ues) for TCGA-LUAD were acquired from the TCGA data.30 
The FPKM values underwent conversion to transcripts per 
kilobase million (TPM) values. Somatic mutation information 
was acquired from TCGA database. The correction of batch 
effects was performed using the ComBat algorithm from the 
R package “sva.”31 The copy number variation (CNV) dataset 
was sourced from the TCGA database. Genes within CNV 
regions and corresponding CNV values were extracted using 
hg19 annotation data from University of Colomboschool of 
Computing (UCSC) for CNV analysis.32 To depict the CNV 
landscape of the 21 m6A regulators across 23 chromosome 
pairs, we used the “RCircos” R package for visualization.33,34

Unsupervised clustering for m6A clusters

The expression matrix of the 21 m6A regulators was retrieved 
from the GEO datasets to discern distinct m6A modification 
patterns influenced by these regulators. These m6A regu-
lators comprised 11 readers (YTHDF1/2/3, HNRNPA2B1, 
IGF2BP1, HNRNPC, YTHDC1/2, LRPPRC, ELAVL1, FMR1), 
8 writers (RBM15/15B, METTL3/14, KIAA1429, ZC3H13, 
WTAP, CBLL1), and 2 erasers (ALKBH5, FTO).35 Employing 
unsupervised cluster analysis, we identified diverse m6A 
modification patterns through the analysis of expression 
profiles associated with these m6A regulators. We applied 
the consensus clustering algorithm to ensure stable and reli-
able outcomes, using the “ConsensuClusterPlus” R package 
for unsupervised clustering, with 1000 repetitions.36

Gene set variation analysis

We employed the “Gene set variation analysis (GSVA)” 
R package (version 1.34.0) to conduct GSVA enrichment 
analysis, aiming to explore distinctions in biological pro-
cesses among the various m6A modification patterns.37 
GSVA, a widely used approach, allows the evaluation of 
changes in biological process and pathway activity at the 
level of individual samples. This gene set is based on the 
“c2.cp.kegg.v7.1.symbols.gmt” collection in the molecular 
signature database (MSigDB).38 Statistically significant dif-
ferences were indicated by adjusted P values less than 0.05. 
Functional annotation of m6A-related genes was performed 
using the “clusterProfiler” package.39 Significance was estab-
lished at a false discovery rate (FDR) < 0.05. Subsequently, 
heatmaps were generated through the “pheatmap” R pack-
age (version 1.0.12) to visually represent distinct attributes 
within the m6A modification patterns.40

Single-sample gene set enrichment analysis for 
TME cell infiltration

The “GSVA” R package was employed for single-sample 
gene set enrichment analysis (ssGSEA) analysis to assess 
the abundance of immune cell infiltration types within the 
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LUAD TME. Charoentong et al.41 provided gene markers 
for various immune cell types within the TME, including 
dendritic cells (DCs), comprising activated DCs and imma-
ture DCs, and plasmacytoid DCs. In addition, markers were 
available for mast cells, eosinophils, macrophages, natural 
killer cells (NKs), NK CD56bright cells, NK CD56dim cells, 
neutrophils, and adaptive immune cells, such as T helper 
cells, T helper 1 cells, Th2 cells, T helper 17 cells, T gamma 
delta cells, CD8 + T cells, T central memory cells, T effector 
memory cells, T follicular helper cells, regulatory T (Treg) 
cells, T cells, B cells, and cytotoxic cells.42

DEGs associated with m6A clusters

Based on the results of unsupervised clustering involving 
21 m6A regulators, patients were categorized into two dis-
tinct clusters, reflecting diverse m6A modification patterns. 
The “limma” R package, employing an empirical Bayesian 
approach, was used for identifying differentially expressed 
genes (DEGs). Designated as either m6A phenotype-associ-
ated genes or m6A gene signatures, these DEGs were used 
to quantify the m6A modification patterns within individual 
samples.43

Generation of m6A score

To assess the m6A signature in individual patients and 
quantify their m6A modification patterns, we implemented 
a scoring system known as the m6A score. To establish m6A 
gene signatures, we identified DEGs between two m6A clus-
ters in all LUAD cohort sample, postextraction of normalized 
and overlapping genes. The DEGs underwent unsupervised 
clustering to segment patients into distinct gene clusters, 
facilitating subsequent analyses. For evaluating prognosis, 
the Univariate Cox regression model was applied to each 
m6A gene signature, identifying genes with noteworthy 
prognostic implications. Principal component analysis 
(PCA) was then employed to construct the m6A-related gene 
signature,34 using i as the m6A phenotype-associated genes’ 
expression

m Ascore PC PCi i6 1 2= +∑
Correlation between m6A score and somatic 
alteration data

To assess the tumor mutation burden (TMB) in LUAD, we 
tallied the total count of non-synonymous mutations within 
patients from the TCGA-LUAD cohort, using correspond-
ing mutation data obtained from the TCGA database.44 The 
somatic changes in driver genes for LUAD were assessed 
within high and low m6A score subgroups. To pinpoint 
LUAD driver genes, we employed the “waterfall” function 
from the “maftools” R package.45 We employed an OncoPrint 
to visualize the top 25 driver genes with the highest altera-
tion frequencies.44

Immunotherapy response and m6A score

We obtained patient immunophenoscores (IPSs) through the 
Cancer Immunome Atlas framework (TCIA). The IPS serves 
as a marker for immune checkpoint inhibitor (ICI) response 

and is derived in an unbiased manner, considering four cat-
egories: major histocompatibility complex (MHC)–related 
molecules, suppressive cells (Tregs and Myeloid-derived 
suppressor cells [MDSCs]), effector cells (effector memory/
activated CD8 + T cells and effector memory/activated 
CD4 + T cells), and checkpoints or immunomodulators, 
color-coded along the outer rim (red for positive Z scores, 
blue for negative Z scores).41 This weighted averaged Z-score 
is used to calculate the IPS, which ranges from 0 to 10. An 
IPS of 10 corresponds to a Z-score ⩾ 3, while an IPS of 0 cor-
responds to a z-score ⩽ 0.46 To assess the predictive potential 
of m6A scores, we generated a violin plot to compare IPSs 
between high- and low-score m6A groups.

Statistical analysis

R 4.0.5 was used to process the data. We used Spearman 
and distance correlation analyses to calculate the correla-
tion coefficients.47 Differences between the two groups were 
assessed using Wilcoxon test and one-way analysis of vari-
ance (ANOVA). Further comparison between the groups 
was conducted using the Kruskal–Wallis test. Based on the 
correlation between m6A score and overall survival (OS), 
we used the “survMiner” R package to establish subgroup 
cutoff points. The maximum rank statistics was found by 
the “Surv-Cutpoint” function through repeated tests at all 
potential point cuts. According to the maximum log-rank 
selection, the m6A score was dichotomized and patients 
were categorized into high- and low-score m6A groups, 
which helped mitigate the influence of batch processing 
on calculations. Prognostic analysis was performed using 
Kaplan–Meier survival curves and log-rank test. The hazard 
ratios (HRs) of m6A regulators and phenotype-related genes 
were computed using the univariate Cox regression model. 
Patients were then subjected to final multivariate prognostic 
analysis. Statistical significance was determined at a two-
tailed alpha level of P < 0.05.48

Results

Genetic variations in m6A regulators within LUAD

We finally identified 21 m6A regulators. Specific mRNAs 
are regulated by m6A regulators, indicating the relation 
between those regulators and the mechanism of cell prolifer-
ation, differentiation, and cancer progression. A compilation 
of LUAD’s 21 m6A regulators was undertaken to determine 
somatic mutations and CNVs. A comprehensive count of 
115 mutations was detected within the dataset of 561 sam-
ples. The most frequent mutation was found in ZC3H13 
(3%), followed by YTHDC1/2, LRPPRC, RBM15, and FMR1 
(2%); meanwhile, METTL3 and VIRMA did not show any 
mutation (Figure 1(A)). Further analysis showed signifi-
cant co-occurrences, including ZC3H13 with YTHDC2, 
YTHDC1 with YTHDF1, YTHDC1 with LRPPRC, YTHDC1 
with IGFBP1, and YTHDC2 with LRPPRC (Supplemental 
Figure S1(B)). We assessed the frequency of CNV changes, 
observing prevalent CNV alterations among the 21 m6A 
regulators, with a predominant focus on copy number 
amplification. The deletion frequencies of ALKBH5, IGFBP2, 
METTL14/16, RBM15/15B, ZC3H13, YTHDF2, YTHDC2, 
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Figure 1. The genetic variation landscape of m6A regulators in LUAD. (A) Mutation frequencies of 21 m6A regulators in 561 LUAD patients from GSE68465 and 
TCGA-LUAD meta-cohorts. Each column represents an individual patient. The right-side numbers depict the mutation frequency for each regulator, while the proportion 
of each variant type is shown in the right barplot. Upper barplot indicates TMB, and the stacked barplot below displays the fraction of conversions for individual sample. 
(B) The CNV variation frequency of each m6A regulator (TCGA-LUAD cohort). Each column’s height corresponds to the alteration frequency, with green dots indicating 
deletion frequency and red dots signifying amplification frequency. (C) A circular diagram was employed to depict the location of CNV alterations of m6A regulators 
across the 23 chromosomes (TCGA-LUAD cohort). (D) The comparison of expression levels for the 21 m6A regulators (between tumor and normal tissues) was 
illustrated using red and blue boxes for tumor and normal samples, respectively. The boxes represented the interquartile range, with median values depicted as lines 
within the boxes, and outliers shown as black dots. The statistical P value was calculated (Kruskal–Wallis test), denoted by *P < 0.05, **P < 0.01, and ***P < 0.001.
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and WTAP CNV had a widespread frequency (Figure 1(B)). 
Figure 1(C) illustrates the chromosome locations with CNV 
alterations among the m6A regulators. To examine the link 
between the genetic variations mentioned above and m6A 
regulatory expression among LUAD patients, we investi-
gated those mRNA expression levels in normal and LUAD 
samples. m6A regulatory expression may be mainly inter-
fered with CNV changes. LUAD tissues express m6A regu-
lators with CNV amplification at a significantly higher level 
than normal lung tissues (e.g. YTHFF1 and VIRMA), while 
the opposite trend was observed for others (e.g. WTAP and 
ZC3H13) (Figure 1(D)).

Patterns of modification facilitated by the 21 m6A 
regulators

A GEO dataset with survival data and clinical characteristics 
(GSE68465) and the TCGA-LUAD dataset were included in a 
meta-cohort. The significance of the 21 m6A regulators in pre-
dicting the prognosis of LUAD patients was demonstrated 
through the univariate Cox regression model (Supplemental 
Figure S1(C) and Supplemental Table S1). The m6A regula-
tory networks in Figure 2(A) depict the global mode of m6A 
regulator connections, interactions, and prognostic value 
for patients with LUAD (Supplemental Table S2). Readers, 
writers, and erasers showed significant expression correla-
tions not only among m6A regulators within a functional 
class but also among those in different functional classes. 
The simultaneous presence of high expression in writer 
genes and low expression in eraser genes in tumors was not 
universal, as it depended on specific genes (Supplemental 
Figure S2(A) to (I)). Tumors exhibiting elevated expression 
of RBM15B and ZC3H13 showed concurrent high expression 
of the alpha-ketoglutarate dependent dioxygenase (FTO), 
contrasting with tumors marked by high expression of the 
reader gene heterogeneous nuclear ribonucleoprotein C 
(HNRNPC). The reader genes (FMR1, IGFBP2, YTHDC1, 
YTHDC2, YTHDF2) and FTO exhibited high expression 
in the tumor (Supplemental Figure S2). Given the com-
paratively elevated mutation frequency of the ZC3H13 (a 
writer gene), we assessed the differences in FTO expression 
between the ZC3H13 mutant and the wild type. The results 
showed no significant difference. In this regard, we specu-
lated that the crosstalk among 21 reader, writer, and eraser 
m6A regulators formed different m6A modification modes 
in LUAD. These patterns exhibited significant correlations 
with the TME’s cell infiltration characteristics. As a result 
of the expression of 21 molecules that regulate the m6A, 
patients with LUAD were stratified into distinct patterns of 
m6A modifications. Employing an unsupervised clustering 
approach, we identified two distinct modification patterns. 
(415 cases in Pattern A and 505 in B). Survival analysis of the 
two major m6A modification subtypes showed the signifi-
cant survival advantage of m6A cluster A, also called m6A 
modification Pattern A (Figure 2(B)).

Association of m6A modification patterns and TME

We employed GSVA analysis to explore the biological char-
acteristics associated with distinct modification patterns. 
Illustrated in Figure 2(C) and Supplemental Table S3, cluster 

B displayed prominent enrichments in pathways, such as 
nod-like receptor signaling and primary immunodeficiency. 
Cluster A demonstrated enriched pathways linked to α-
linolenic acid metabolism, ascorbic acid and uronic acid 
metabolism, butanoate metabolism, and isoleucine, valine, 
and leucine degradation. We then performed TME cell infil-
tration analysis and found the remarkably enriched infil-
tration of innate immune cells in m6A cluster B; these cells 
include plasmacytoid DCs, eosinophils, MDSCs, NKs, and 
macrophages (Figure 3(A)). However, patients in this modi-
fication pattern showed poor outcomes in survival analysis, 
without a corresponding survival advantage (Figure 2(B)). 
Research indicates the presence of numerous immune cells 
in the immune rejection phenotype. However, these cells 
remain within the stromal area surrounding the tumor cell 
nest and are impeded from infiltrating the parenchyma due 
to TME-induced stromal activation, leading to immunosup-
pression. We hypothesized that this phenomenon could 
contribute to the unfavorable prognosis observed in m6A 
cluster A. The two modification patterns had significantly 
different characteristics of TME cell infiltration. CIBERSORT 
was used to compare the immune cell composition of the 
two modification patterns. No significant difference in TME 
cell type composition was found between the two modifi-
cation patterns, indicating that m6A methylation may not 
change the infiltrating cell types in TME (Supplemental 
Figure S2(J)). The t-distributed stochastic neighbor embed-
ding (t-SNE) analysis indicated significant distinction in 
m6A transcription profiles between the two patterns (Figure 
3(B)). Within m6A cluster A, FTO and IGFBP3 exhibited 
heightened expression, whereas the remaining m6A regula-
tors displayed diminished variability. m6A cluster B highly 
expressed RBM15, YTHDC1, YTHDC2, YTHDF2, and FMR1 
(Figure 3(C)). Therefore, tumors in m6A cluster B were asso-
ciated with interstitial activation, elevated malignancy rates, 
and unfavorable prognosis.

Discovery of m6A gene signatures

Next, we identified 2062 DEGs associated with m6A phe-
notypes, aiming to unveil the potential biological features 
of each modification pattern. These DEGs underwent gene 
ontology (GO) enrichment analysis through the “clusterPro-
filer” package (Supplemental Table S4 and Supplemental 
Figure S3(A)). As expected, the enrichment analysis of 
biological processes highlighted a substantial association 
between m6A and immunity, confirming the pivotal role of 
their regulation within the TME.

Subsequently, based on the 2062 m6A phenotype–associ-
ated genes, an unsupervised cluster analysis was executed 
to categorize patients into distinct subtypes. Using these two 
patterns, three distinct genomic phenotypes of m6A modifi-
cation were identified, designated as m6A gene clusters A–C 
(Supplemental Figure S3(B) to (D) and Figure 4(A)). Among 
the 920 LUAD patients, 242 in m6A gene cluster C exhib-
ited a poorer prognosis, while the most favorable outcomes 
were observed in the 256 patients belonging to gene cluster 
B, followed by those in gene cluster A (Figure 4(B)). Gene 
clusters displayed distinct characteristics (Figure 4(A)), and 
m6A regulator expression was significantly different among 
them (Figure 4(C)).
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Figure 2. Distinctive m6A modification patterns orchestrated by the 21 m6A regulators. (A) Interplay among m6A regulators in LUAD. The circle sizes denoted the 
impact of regulators on prognosis, evaluated using Cox-rank test values: P < 0.0001, P < 0.0001, P < 0.01, P < 0.05, and P < 1. Purple dots signified risk factors, while 
green dots indicated favorable prognosis factors. Interactions were visualized by linking lines, with their thickness reflecting correlation strength. Positive correlations 
were highlighted in red and negative correlations in blue. Writers, readers, and erasers were denoted by gray, orange, and red, respectively. (B) OS of all LUAD 
patients in distinct m6A clusters. Log-rank test showed an overall P = 0.016. All LUAD patients included 919 cases from one GEO cohort (GSE68465) and TCGA-
LUAD cohort. (C) GSVA analysis reveals activation status of biological pathways in each m6A modification patterns. Heatmap representation of biological processes 
displays activated pathways in red and inhibited pathways in blue. Annotations from LUAD cohorts were applied for sample categorization.
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Figure 3. Distinct m6A modification patterns and their impact on TME infiltration and transcriptome traits. (A) Distribution of tumor-infiltrating cells in each m6A 
modification pattern. Interquartile ranges were depicted by the upper and lower box ends. Median values were indicated by lines within the boxes, while outliers were 
represented by black dots. Statistical significance was assessed (Kruskal–Wallis test). *P < 0.05; **P < 0.01; ***P < 0.001. (B) A significant contrast in transcriptome 
profiles between the two m6A modification patterns, visualized using t-SNE. (C) The unsupervised clustering of all LUAD patients based on the 21 m6A regulators. 
Patient annotations included survival status, N staging, T staging, gender, age, project, and m6A cluster. High expression of m6A regulators was denoted by red, while 
low expression was denoted by blue.
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Figure 4. Identification of m6A gene signatures. (A) Using unsupervised clustering, overlapping m6A phenotype-related genes were clustered in all LUAD cohorts, 
leading to the categorization of patients into three distinct genomic subtypes known as m6A gene clusters A–C. Survival status, N staging, T staging, gender, age, 
project, and m6A cluster for patient annotations. High expression of m6A regulators was visualized in red, while low expression was depicted in blue. (B) For all LUAD 
patients within different m6A gene clusters, Kaplan–Meier curves were generated to depict OS outcomes. The log-rank test indicated a significant overall P value 
of < 0.001. The collective cohort consisted of 919 cases from both the GEO cohort (GSE68465) and the TCGA-LUAD cohort. (C) The proportion of tumor-infiltrating 
cells was assessed across the three m6A gene clusters (Kruskal–Wallis test). In the box plots, the interquartile range was depicted by the upper and lower edges, the 
median value was represented by lines within the boxes, and outliers were indicated by black dots. The statistical significance was denoted as *P < 0.05, **P < 0.01, 
and ***P < 0.001. (D) An alluvial diagram illustrating the distribution of m6A clusters among various groups based on distinct m6A gene clusters, survival status, and 
m6A scores. (E) Analyzing the correlation between m6A score and each type of TME infiltration cell through Spearman analysis. Positive correlations were denoted 
by red, while negative correlations were indicated by blue (*P < 0.05; **P < 0.01). (F) Using the Kruskal–Wallis test, we examined the variations in m6A scores across 
the three gene clusters among all LUAD patients (P < 0.001). (G) Employing the Wilcoxon test, we assessed the disparities in m6A scores within the two m6A clusters 
across all LUAD patients, highlighting a substantial statistical distinction (P < 0.001).
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Difference among m6A-related phenotypes

A chemokine and cytokine expression analysis within all 
gene clusters examined how m6A-related phenotypes influ-
ence TME immune regulation. Cytokines and chemokines 
were extracted from previous studies; of which PD-1, PD-L1/
L2, CTLA-4, CD80/86, IDO1, TIGIT, LAG3, TNFRSF9, and 
HAVCR2 were confirmed to be correlated with immune 
checkpoints. CD8A, CXCL9/10, TNF, PRF1, TBX2, IFNG, 
GZMA, and GZMB are associated with immune activation. 
In addition to being involved in the epithelial–mesenchy-
mal transition (EMT) and transforming growth factor-β 
pathways, ZEB1 also plays a role in proliferation. COL4A1, 
SMAD9, TGRB1, TWIST1, TGFBR2, CLDN3, ACTA2, VIM, 
and ZEB1 are related to the pathway of epithelial–mesenchy-
mal transition (EMT) and TGF-β.49 A significant increase in 
TGF-β/EMT pathway mRNAs was observed in gene cluster 
C, indicating its activation. Furthermore, gene cluster C dis-
played heightened mRNAs expression linked to immune 
activation. Thus, gene cluster C could be categorized as part 
of the immune-activated subgroup (Supplemental Figure 
S4(A)). However, individuals within gene cluster C exhibited 
the poorest prognosis, confirming that immune activation 
could not effectively predict the prognosis of patients; as 
such, more accurate indicators are needed.

The alluvial diagram portrayed the alterations in indi-
vidual patient characteristics (Figure 4(D)). Furthermore, the 
m6A signature was employed to establish its correlation with 
immune cell type to further illustrate its utility (Figure 4(E)). 
The m6A score exhibited notable differences among m6A 
gene clusters as indicated by the Kruskal–Wallis test. Scores 
ranged from lowest in gene cluster B to highest in cluster C, 
with m6A cluster B having a higher score than m6A cluster 
A (Figure 4(F) and (G)). This suggests that higher m6A scores 
in tumors may indicate increased stromal activation, allow-
ing for effective evaluation of both individual tumor m6A 
modification patterns and TME cell infiltration.

We then determined the clinical significance of m6A 
score in predicting patient outcomes. Using the Surv_cut-
point function, we determined the optimal cutoff value as 
10.28667, leading to the division of patients into low- and 
high-score m6A groups. Subsequent prognostic analysis 
revealed that low m6A score correlated with extended sur-
vival, whereas high m6A score indicated poorer survival 
(P < 0.001, Figure 5(A)). Notably, patients exhibiting a low 
m6A score displayed a median survival time (MST) of 
5.956, while for those with high m6A score, it was markedly 
reduced to 2.265. Univariate and multivariate Cox regres-
sion model analyses involving age, T staging, N staging, 
gender, and m6A score reaffirmed the m6A score’s poten-
tial as a robust and independent prognostic biomarker for 
evaluating patient outcomes (Supplemental Figure S4(B) 
and (C)). Furthermore, the m6A score effectively captured 
clinical attributes, such as T and N staging (Figure 5(B) to 
(E)), and predicted prognosis in various subgroups based 
on age (⩾ 65 years or < 65 years), N staging (N0 or N1–3), T 
staging (T1–2 or T3–4), and gender (male or female). It was 
observed that patients with elevated m6A scores consistently 
faced unfavorable overall prognoses (Supplemental Figure 
S5(A) to (G)).

GSE50081, GSE37745, GSE31210, GSE30219, and 
GSE72094, which included 1294 lung cancer samples, were 
used as validation data sets to characterize the performance 
of the m6A score model. Individuals exhibiting low m6A 
scores experienced extended survival periods, in contrast 
to those with elevated m6A scores who encountered poorer 
survival rates (P < 0.001, Supplemental Figure S6(A)), align-
ing with findings from the training set (GSE68465). The high-
score m6A group had more patients aged above 65 years, 
more deaths recorded, and more patients with T3–4 stage 
and lymph node metastasis (Supplemental Figure S6(B) 
to (E)), In addition, deceased patients exhibited mark-
edly higher m6A scores compared to those who survived 
(P = 0.035, Supplemental Figure S6(F)). In addition, patients 
in T stage T3–4 displayed notably elevated scores in con-
trast to those in T stage T1–2 (P < 0.001, Supplemental Figure 
S6(G)). Furthermore, patients afflicted with lymph node 
metastases demonstrated notably elevated scores relative to 
those without (P < 0.001, Supplemental Figure S6(H)).

Somatic mutation and m6A modification in TCGA 
tumors

The “maftools” package was employed to assess variations 
in somatic mutation distribution between the two distinct 
m6A groups within the TCGA-LUAD cohort. The high-score 
m6A group exhibited a higher extent of TMB compared to 
the low-score m6A group. Notably, the highest expression 
gene displayed mutation rates of 64% and 40% in the high 
and low groups, and the fifth gene’s mutation rates were 48% 
and 30%, respectively (Figure 6(A) and (B)). Quantitative 
analyses confirmed a clear association between high m6A 
scores and elevated TMB, while the opposite was observed 
(Figure 6(C)). Furthermore, an affirmative correlation was 
identified between the m6A score and TMB (Figure 6(D)). 
Despite this, patients with high TMB experienced better 
prognoses (Figure 6(E)). Further exploration revealed the 
independence of m6A score as a distinct prognostic index 
from TMB (Figure 6(F)).

Response to immunotherapy is correlated with 
m6A score

We conducted a comparison of checkpoint gene expres-
sion in patients with varying m6A scores, including high 
and low scores. Overall, 38 immune checkpoint genes were 
selected from previous reports. Distinct variations in the 
expression of the majority of checkpoint genes were evi-
dent between patients exhibiting high and low m6A scores 
(Figure 7(A)). To assess the connection between m6A modi-
fication patterns and immunotherapy response, we ana-
lyzed data obtained from TCIA. Based on the variations in 
immune scores between the two m6A subgroups, patients 
with lower m6A scores exhibited greater benefits from 
immunotherapy against PD-1/L1 or CTLA4 or a combina-
tion of both (Figure 7(B) to (D)).

Discussion

According to the most recent data from the Global Burden 
of Disease Research report, almost 2 million lung cancer 
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deaths were reported in 2017 alone, with an estimated 
2.3 million new cases.50 Lung cancer’s emergence and pro-
gression stem from a myriad of factors and genes, following 
an intricate and multistage process. Research supports the 
connection between DNA-methylation patterns and the 
development, invasion, and metastasis of lung cancer.51 
Abnormal methylation patterns in the genome of lung cells 

can actively or passively accelerate the occurrence and 
development of LUAD.52–55 Further research found that a 
higher cell malignancy rate is related to a more significant 
degree of hypomethylation in the whole genome of the 
cell.56,57 However, no broad consensus has been established 
on the exact relationship between DNA aberrant methyla-
tion and lung cancer.

Figure 5. Distinctive traits of m6A modification. (A) Kaplan–Meier survival analysis for OS of all LUAD patients between patients with a high m6A score and those 
with a low m6A score. The log-rank test indicated a significant overall P value of < 0.001. All LUAD patients included 919 cases from one GEO cohort (GSE68465) 
and TCGA-LUAD cohort. (B) The proportion of T staging 1–4 in high and low m6A score group. T1, blue; T2, red; T3, yellow; T4, purple. (C) Variations in m6A scores 
among patients with different T staging. The Kruskal–Wallis test was employed to assess the statistical significance across four T-staging groups, yielding a significant 
P value of <0.0001. (D) The proportion of N staging 0 and N staging 1–3 in high and low m6A score group. N0, blue; N1–3, red. (E) Variations in m6A scores were 
investigated between patients categorized as N staging 0 and those with N staging 1–3, revealing a highly significant P value of < 0.0001.(Kruskal–Wallis test).



Yang et al.  m6A tumor microenvironment in lung adenocarcinoma  2283

Figure 6. Features of m6A modification in TCGA tumor somatic mutations. (A, B) A comparison of tumor somatic mutations was depicted using waterfall plots 
for individuals with (A) high m6A score and (B) low m6A score. Each column represented an individual patient. The upper barplot displayed the TMB, while the 
right barplot illustrated the proportion of each variant type. The mutation frequency for each gene was indicated by the number on the right. (C) Statistical analysis 
using the Wilcoxon test revealed a significant difference in TMB between the subgroups with high and low m6A scores (P < 0.0001). (D) In the TCGA-LUAD cohort, 
scatterplots illustrate a positive correlation between m6A scores and mutation load, with a Spearman correlation coefficient of 0.36 and a P value of < 0.0001. (E) OS 
of the TCGA-LUAD cohort stratified by high and low TMB. Log-rank test showed a P = 0.012. (F) Kaplan–Meier survival curves in the TCGA-LUAD cohort were plotted 
to stratify patients based on both TMB and m6A scores. The log-rank test revealed a significant P value of < 0.001 for OS in this stratification.
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The importance of m6A modification in RNA epigenetics 
in vivo is being revealed in a growing number of studies.6,58 In 
this era of rapid development of bioinformatics technology, 
the biological significance and potential mechanism of m6A 
modification in tumors are gradually emerging. Studies have 
confirmed that RNA stability, RNA splicing, translation effi-
ciency, and RNA–protein interaction are interfered by m6A 
modification. This disruption influences the expression of 

targeted genes, consequently altering the malignant behav-
ior of tumor cells.9,11 m6A RNA methylation also holds a 
significant role in inflammation, immunity, tumor devel-
opment, TME, and antitumor.59 Hence, m6A modification 
has the potential to function as a predictive biomarker for 
treatment response and a viable therapeutic target. The clini-
cal diagnosis of lung cancer is mainly performed using the 
combination of CT and serum tumor markers. However, 

Figure 7. M6A score and the response to immunotherapy. (A) Comparison of checkpoint gene expression in high and low m6A score subgroups was conducted. 
The boxes’ left and right ends denoted the interquartile range, median values were indicated by lines within, and outliers were depicted as black dots. (*P < 0.05; 
**P < 0.01; ***P < 0.001; Kruskal–Wallis test). In the figure, the high m6A score subgroup is denoted by blue, while the low m6A score subgroup is represented by 
yellow. (B–D) Response disparities to different treatments were observed between high and low m6A score subgroups. Specifically, there were differences in response 
to (B) anti-CTLA4, (C) anti-CTLA4, and (D) the combination of anti-CTLA4 with anti-CTLA4, P < 0.0001, P = 0.00078, P = 0.0015, and P = 0.0001, respectively.
(Kruskal–Wallis test).
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the two methods, either alone or in combination, cannot 
achieve the purpose of early detection and accurate diag-
nosis. Shi et al.60 collected patients’ bronchoalveolar lavage 
fluid and detected the methylation status of RASSF1 and 
ASHOX2; they found that this index had high sensitivity 
and specificity in diagnosing lung cancer. Another study 
used plasma and sputum DNA promoter hypermethylation 
to detect lung cancer early, and the method had a specific-
ity of 98%.61 In the experimental stage, an extremely sensi-
tive non-invasive diagnostic assay was created to assess the 
methylation patterns of circulating tumor DNA. Its purpose 
was to distinguish between lung cancer and benign nodules, 
enabling early detection of cancer.62 In addition, increasing 
lines of evidence indicate a dual role for m6A, that is, m6A 
regulators may promote and inhibit tumorigenesis in dif-
ferent cancers or different types or levels of m6A regulators 
may promote and inhibit tumorigenesis in cancers. Niu et 
al.63 revealed that the γ-aminobutyric acid B2 receptor could 
be a novel epigenetic target for induction therapy of epi-
dermal growth factor receptor 19-deficient LUAD. In vitro 
and in vivo investigations demonstrated that TMU-35435 
and DNA demethylation reagent 5-aza-dC can achieve syn-
ergistic antitumor effects by reactivating tumor suppres-
sor genes and genes inhibiting the Wnt pathway without 
causing obvious adverse reactions.64 The m6A methylation 
of specific genes can also provide guidance for assessing 
lung cancer treatment drugs, treatment options, and patient 
prognosis. The methylation status of the T-BOX transcrip-
tion factor 2 subfamily exhibits a dual function in predicting 
the responsiveness of non–small cell lung cancer to the anti-
tumor drug 5-azacytidine.65 LRP12 methylation status has 
predictive value for carboplatin resistance in lung cancer,66 
and the axon arrestin gene and miR-9 promoter methylation 
status are crucial in forecasting tumor response to radia-
tion therapy.67 Moreover, distinct gene methylation statuses 
reveal the prognosis of patients with the same histological 
type of lung cancer. Specifically, the methylation statuses 
of the RASSF1A promoter, TMEM196, the homeodomain 
protein homeobox gene, and the TGF-β-inducible gene pro-
moter are associated with lung cancer and independent 
prognostic indicator in patients with adenocarcinoma.68–71 
Therefore, the modification mode of m6A in different tumors 
should be further investigated. Yet, many prior investiga-
tions have primarily concentrated on individual infiltrating 
cell types within the TME and specific m6A regulators.72–74 
The complete regulatory interplay between the immune cell 
infiltration landscape in LUAD and m6A regulators remains 
incompletely understood. Investigating distinct m6A modi-
fication patterns and m6A-related genes within the TME can 
enhance early tumor diagnosis, deepen comprehension of 
antitumor immune responses, unveil new therapeutic tar-
gets, inform treatment approaches, and forecast treatment 
outcomes for patients.

This study delineated two distinct m6A modification pat-
terns in LUAD using 21 m6A regulators found in previous 
studies. Differences in TME cell infiltration were pronounced 
between the distinct patterns. m6A cluster A exhibited adap-
tive immune activation, aligning with the immune inflam-
matory phenotype, while m6A cluster B displayed innate 
immunity and interstitial activation, indicative of the immune 

rejection phenotype. Patients in m6A cluster A experienced 
improved survival outcomes. Although the immunorejection 
phenotype also showed massive immune cell infiltrations, 
even more than that in the TME of the immunoinflammatory 
phenotype, the immune cells remained in the stroma and can-
not penetrate the tumor parenchyma due to excessive stromal 
activation. Stroma does not exist only around the tumor, and 
it may even infiltrate the core of the tumor, leading to a false 
understanding that immune cells are inside the tumor.75 This 
phenomenon might clarify the association between activated 
innate immunity and poor prognosis among patients in m6A 
cluster B; moreover, the protumor or antitumor effects of the 
TME cannot be explained by a single cell. In addition, the two 
different patterns had significantly different immune-related 
biological pathways, thereby confirming the rationality and 
reliability of immunophenotypic classification of different 
m6A methylation modification patterns.

We further identified 2062 DEGs, which were called m6A-
related genes, in patients with two m6A methylation modi-
fication patterns. Using these DEGs, we divided patients 
with LUAD into three different m6A gene clusters (A–C). 
Significant distinctions in immune and matrix activation 
were identified within the three gene clusters, highlighting 
the association between m6A methylation patterns and the 
infiltration of TME cells. Survival analysis affirmed the high-
est survival rate in m6A gene cluster B, then A, with C indi-
cating the least favorable prognosis. Considering that such 
TME landscapes are population-based and the heterogeneity 
of individual tumors, we constructed the m6A score model 
to quantify TME cell infiltration patterns in each patient and 
confirmed the reliability of the model in the validation set. 
The m6A score exhibits a negative correlation with immune 
activation, aligning with the immune rejection phenotype 
m6A modification pattern and correlating with poorer sur-
vival prognosis. A lower m6A score is consistent with the 
immunoinflammatory phenotype and indicates better sur-
vival prognosis. We also established that the m6A score stood 
independently of TMB in forecasting prognosis. Favorable 
outcomes were observed in patients with high TMB and low 
m6A score, whereas the poorest outcomes were linked to low 
TMB and high m6A score. Moreover, individuals with low 
m6A score derived greater benefit from anti-PD-1/L1 treat-
ment, anti-CTLA4 therapy, or a combination thereof.

Through a series of analyses, we found that m6A modifi-
cation pattern be bound up with the formation of different 
TME landscapes. The established m6A score model holds 
significance in predicting cancer stage, prognosis, TMB, 
and efficacy of anti-immunotherapy. According to accumu-
lated research, regulation of m6A modulators (activators/ 
inhibitors) can reverse tumor immune responses, which may 
enhance the efficacy of traditional anticancer drugs and pro-
vide new therapeutic prospects.76–78 The abnormal methyla-
tion of some specific genes serve as biomarkers for the early 
detection of tumors. Further experimental research should be 
conducted to develop a mature non-invasive early diagnosis 
technology of lung cancer for early detection and treatment. 
In addition, the methylation of specific genes is expected 
to become an ideal biological target for lung cancer treat-
ment because it can evaluate treatment drugs and plans for 
lung cancer and improve the prognosis of patients; it holds 



2286  Experimental Biology and Medicine  Volume 248  December 2023

the potential to serve as a dependable prognostic marker 
for forecasting the likelihood of lung cancer recurrence and 
metastasis. It has important clinical value to guide the clini-
cal treatment of patients, thereby prolonging the relapse-free 
survival (RFS) and OS of patients with lung cancer.

Although drugs targeting histone modifications and 
DNA have entered the clinical application stage, therapeu-
tic strategies targeting RNA epigenetics are just beginning to 
be studied. Before applying models to clinical practice, they 
should have undergone thorough validation and testing 
using an independent dataset to assess their accuracy and 
performance. Cross-validation should also be conducted to 
verify the robustness of the models. Integrating the models 
into clinical decision support systems provides physicians 
with easy access and utilization of the model’s outcomes. 
The process can also assist doctors in swiftly obtaining pre-
dictive information during the clinical decision-making 
process, leading to better personalized treatment strate-
gies. Moreover, we should ensure that clinical staff are well 
informed on the proper utilization and interpretation of the 
model’s results. During practical implementation, the per-
formance and application outcomes of the model should 
be continuously monitored. Collection of feedback infor-
mation and iterative improvement and optimization of the 
model should be conducted based on feedback to ensure its 
sustained effectiveness in clinical practice. Further studies 
should be performed on the mechanism of m6A regulators 
and m6A-related genes in LUAD. To establish a solid theo-
retical foundation for drug discovery, it is essential to gain 
a deeper and more comprehensive insight into the under-
lying mechanisms of m6A’s mode of action. Overall, m6A 
regulators and m6A-related genes should be used for early 
diagnosis and treatment of patients with LUAD.
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