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Abstract
Background

N6-methyladenosine (m6A) RNA modi�cation plays an important role in regulating tumor
microenvironment (TME) in�ltration. However, the relationship between the expression pattern of m6A-
related long non-coding RNAs (lncRNAs) and the immune microenvironment of gastric cancer (GC) is
unclear.

Methods

In this study, 23 m6A-related lncRNAs were identi�ed by Pearson’s correlation analysis and univariate Cox
regression analysis. According to the expression of these lncRNAs, we identi�ed two distinct molecular
clusters by consensus clustering and compared the differences of the TME and enriched pathways
between the two clusters. We further constructed a prognostic risk signature and veri�ed it using The
Cancer Genome Atlas training and testing cohorts.

Results

The results showed that cluster 1 was associated with tumor-related and immune activation-related
pathways. In addition, cluster 1 was also associated with higher ImmuneScore, StromalScore, and
ESTIMATEScore. The results of the strati�ed survival analysis and independent prognosis analysis
indicated that the risk signature is an independent prognostic indicator for patients with GC. In addition, it
can effectively predict survival status in patients with different clinical characteristics. Furthermore, our
risk model showed that low risk scores were signi�cantly correlated with high expression of programmed
death-1 (PD-1) and cytotoxic T-lymphocyte associated protein 4 (CTLA4), as well as sensitivity to
chemotherapeutic drugs (e.g., paclitaxel and oxaliplatin).

Conclusions

This evidence contributes to our understanding of the regulation of TME in�ltration by m6A-related
lncRNAs and my lead to more effective immunotherapy and chemotherapy for patients with GC.

Background
According to global cancer data, gastric cancer (GC) ranks �fth in incidence and third in cancer-related
death, with >1 million new cases and approximately 769,000 deaths reported annually [1, 2]. At the time
of treatment, most patients with GC are already in the advanced stage of the disease. Consequently, they
are prone to recurrence and metastasis following surgical resection, resulting in a 5-year survival rate
<40% [3]. Therefore, the identi�cation of new prognostic markers and development of new therapeutic
targets is necessary to improve the survival time of patients with advanced GC.
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N6-methyladenosine (m6A) is one of the most widely studied methylation modi�cations and the most
important chemical modi�cation of eukaryotic messenger RNAs (mRNAs) [4, 5]. Accumulating evidence
has shown that m6A modi�cation mediates a dynamic and reversible process [6], which is composed of
the methyltransferase complex (writers), demethylase (erasers), and functional manager (readers) to
perform biological functions [7]. M6A methylation is involved in the maturation, translation, and splicing
of mRNA [8]. Moreover, it affects tissue development, cell self-renewal, DNA damage response, and is
closely related to the occurrence and development of numerous types of tumors [9-11]. Recently, the
expression of m6A-related genes in GC and their potential role in the tumor microenvironment (TME) have
been extensively described. Xu et al. found that the expression of m6A key genes leads to changes in the
immune microenvironment, thus affecting the prognosis of patients with GC [12]. Zhang et al. reported
the methylation modi�cation patterns of m6A based on 21 m6A regulators and their correlation with TME
in�ltration in GC [13]. Thus far, most studies on m6A-related genes and GC have focused on protein-
coding genes. 

Long non-coding RNAs (lncRNAs) are the main component of non-coding RNAs (length: ≥200 bp).
Previous studies have shown that they largely play a key role in chromatin modi�cation, as well as
transcriptional and post-transcriptional regulation [14]. Recent studies have demonstrated that lncRNAs
are involved in the remodeling of the TME and may lead to tumor immunosuppression [15]. Xu et al.
reported that lncRNA SATB2 antisense RNA 1 (SATB2-AS1) can affect the microenvironment of immune
cells in colorectal cancer by regulating SATB2, thereby affecting the prognosis of patients [16]. However,
the relationship between the expression pattern of m6A-related lncRNAs and TME in�ltration in GC is
unclear.

In the present study, we identi�ed and analyzed m6A-related lncRNAs associated with the prognosis of
GC using data obtained from The Cancer Genome Atlas (TCGA) database. Using the consensus
clustering method, these lncRNAs were divided into two subgroups. Differences in prognosis and the TME
between the two subgroups were compared, and their potential functions were explored. Furthermore, a
risk signature of m6A-related lncRNAs was constructed, and the relationship between risk score and
immune cell in�ltration, immune checkpoint inhibitors, and chemosensitivity was analyzed. These studies
can be useful in predicting the prognosis of patients with GC and lead to individualized treatment.

Results
Identi�cation of m6A-related lncRNAs in GC

The analytical process used in this study is shown in Fig. 1. Firstly, we downloaded transcriptome RNA-
sequencing data of 32 normal and 375 tumor samples, as well as matched clinical data of 371 cases of
GC from TCGA database. Subsequently, the transcriptome data were annotated according to Ensembl’s
gene transfer format (GTF) �les, and mRNAs and lncRNAs were distinguished. For the identi�cation of
m6A-related lncRNAs, co-expression analysis was performed to assess the relationship between 21 m6A
RNA methylation regulators and lncRNAs. Among all lncRNAs related to m6A, those with |R|>0. 4 and P<0.
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001 were considered valuable. A total of 625 interactions (29 and 596 negative and positive correlations,
respectively) and 491 m6A-related lncRNAs were identi�ed (Fig. 2a, Supplementary Table S1).

Identi�cation and differential expression of lncRNAs related to the prognosis of GC

We performed univariate Cox regression analysis including 491 lncRNAs to further identify lncRNAs
related to the prognosis of GC. The results showed that 23 lncRNAs were closely related to the prognosis
of GC (Fig. 2b). Of these, 11 and 12 lncRNAs were associated with poor and good prognosis, respectively.
Fig. 2c and 2d illustrate the differential expression of these 23 lncRNAs between GC and adjacent normal
gastric tissues. The P-values indicated statistically signi�cant differences in the expression of all 23
lncRNAs.

Consensus clustering of m6A-related lncRNAs identi�ed two clusters of GC

Based on the similarity in the expression of the 23 m6A-related lncRNAs, we used the
ConsensusClusterPlus package to group 375 GC tissues. When k=2, the value of clustering distribution
function (CDF) was the smallest (Supplementary Fig. 1) and the consensus matrix showed a clear
boundary, indicating that the samples could be stably clustered (Fig. 3a). The clustering results were
analyzed using the Kaplan–Meier (KM) curve. The overall survival (OS) of the cluster 1 subgroup was
signi�cantly shorter than that of the cluster 2 subgroup (Fig. 3b). Moreover, compared with the cluster 2
subgroup, the cluster 1 subgroup was linked to a higher clinical stage (Fig. 3c). Therefore, we suspected
that the cluster 1 subgroup was closely related to the malignant degree of GC. To better investigate the
clustering results and their potential functions, we performed a Gene Set Enrichment Analysis (GSEA).
The �ndings showed that the cluster 1 subgroup was enriched in terms of the mitogen-activated protein
kinase (MAPK) signal pathway, calcium signal pathway, leukocyte transendothelial migration, and
extracellular matrix (ECM) receptor interaction (Supplementary Fig. 2). Since multiple immune-related
pathways were involved in the cluster 1 subgroup, we investigated whether different clustering subgroups
exerted an effect on the TME. As shown in Fig. 4a-c, the ImmuneScore, StromalScore, and
ESTIMATEScore of the cluster 1 subgroup were signi�cantly higher than those of the cluster 2 subgroup,
indicating that larger amounts of immune or stromal components were present in the TME. Fig. 4d shows
differences in the in�ltration levels of 22 types of immune cells between the cluster 1 and 2 subgroups.
Furthermore, these lncRNAs may also be related to the expression of immune checkpoint inhibitors (Fig.
4e–h).

Construction and validation of a m6A-related lncRNA risk signature

A total of 371 patient samples were randomly allocated to a training set (n=187) or a testing set (n=184).
We performed least absolute shrinkage and selection operator (LASSO) Provisional Cox regression
analysis to construct a nine-lncRNA risk signature model (Supplementary Fig. 3). The risk score of each
patient in the training and testing sets was calculated using the risk formula: 
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Risk score model = (−0.36351 × Exp AP000873.4) + (0.47845 × Exp AC026691.1) + (−0.2724 × Exp
AC005586.1) + (−0.22886 × Exp AL390961.2) + (0.387416 × Exp AL590705.3) + (−0.05856 × Exp
TYMSOS) + (0.470581 × Exp AL139147.1) + (0.180678 × Exp AC022031.2) + (−0.10854 × Exp
AL355574.1). 

The median risk score was used as the cut-off value, and patients in the training and testing sets were
divided into high- and low-risk groups. The number of deaths was markedly higher in the high-risk group
versus the low-risk group, regardless of the set (training or testing) (Fig. 5a, b). Based on the KM survival
analysis, the low-risk group had a better OS than the high-risk group in both the training and testing sets
(Fig. 5c, d). In addition, the results of the receiver operating characteristic (ROC) curve showed that the
area under the curve values of the risk score were higher than those of other clinical factors, such as age,
sex, grade, and stage (0.787 and 0.678 in the training and testing sets, respectively) (Fig. 5c, d).

Prognostic value of the m6A-related lncRNAs risk signature

We conducted a KM curve analysis of different clinicopathological features to further investigate the
value of the risk signature in clinical assessment. All patients with GC were strati�ed according to clinical
pathological variables, including age, cancer sex, grade, T stage, N stage, M stage, and clinical stage. For
each strati�cation, the OS rate in the high-risk group was signi�cantly lower than that recorded in the low-
risk group (Fig. 6a–n). These results indicated that the risk signature was an effective predictor of
survival in subgroups of patients with different clinical factors. Furthermore, we also found that the
majority of patients in the high- and low-risk groups corresponded to the cluster 1 and cluster 2
subgroups, respectively (P<0.001). This �nding is consistent with our previous conclusion (Fig. 6o).

Independent analysis and construction of a nomogram

Univariate and multivariate Cox regression analyses were performed in the training and testing sets to
investigate whether the risk score could represent an independent prognostic factor for patients with GC.
The analyses showed that the risk score was the most stable predictor of prognosis compared with other
clinical factors (e.g., age, sex, grade, and stage). In addition, the OS rate decreased with the increase of
the risk score (Fig. 7a–d). Moreover, a nomogram was constructed based on independent prognostic
factors to establish an individualized prediction model for patients with GC (Fig. 7e, f).

Relationship between tumor-in�ltrating immune cells and expression of immune checkpoint inhibitors
with the risk signature 

Since the high-risk group was closely related to the cluster 1 subgroup, we speculated that the risk score
was also related to tumor-in�ltrating immune cells. As shown in Fig. 8a, the risk score was positively
correlated with resting memory CD4 T cells, activated natural killer cells, monocytes, M2 macrophages,
resting dendritic cells, and resting mast cells. In addition, it was negatively correlated with memory B cells,
activated memory CD4 T cells, follicular helper T cells, and M0 macrophages. We further investigated the
relationship between the risk signature and immune checkpoint inhibitors. We found that low risk scores
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were associated with high expression of programmed death-1 (PD-1) (Fig. 8b) and cytotoxic T-
lymphocyte associated protein 4 (CTLA4) (Fig. 8d), while high risk scores were associated with high
expression of V-set immunoregulatory receptor (VSIR) (Fig. 8f). However, there was no signi�cant
association between the risk score and expression of PD-L1 (Fig. 8c), lymphocyte-activation gene 3
(LAG3) (Fig. 8e), and indoleamine 2,3-dioxygenase 1 (IDO1) (Fig. 8g).

Prediction of chemosensitivity using the risk signature

We used the pRRophetic algorithm to predict the relationship between the risk score and sensitivity to
common chemotherapeutic agents used in the treatment of GC. Fig. 9 shows that the low-risk scores
were associated with a higher half inhibitory concentration (IC50) for paclitaxel and oxaliplatin, but not
cisplatin and �uorouracil. This evidence indicated that the risk signature can be used as a potential
predictor of chemosensitivity.

Discussion
Previous studies have suggested that m6A-related protein-coding genes play an important role in a
variety of tumors by regulating the tumor immune microenvironment and affecting the effectiveness of
immune checkpoint inhibitors [13, 17]. m6A-related lncRNAs also play an important role in the
development of tumors. Yu et al. identi�ed a m6A-related lncRNA signature, which can effectively predict
the prognosis of patients with renal clear cell carcinoma [18]. Huang et al. identi�ed several m6A-related
lncRNAs, which can act as potential prognostic markers of metastatic skin cutaneous melanoma [19].
However, the expression pattern of m6A-related lncRNAs in GC and its correlation with the immune
microenvironment and effectiveness of immunotherapy remain unclear, warranting further investigation.

In this study, prognostic m6A-related lncRNAs were identi�ed and analyzed via Pearson correlation
analysis and univariate Cox regression analysis. According to the expression of prognostic lncRNAs, we
identi�ed two distinct molecular clusters by consensus clustering. The clinical stage was more advanced
and the OS time was signi�cantly shorter in the cluster 1 subgroup compared with the cluster 2 subgroup.
The results of the GSEA showed that tumor-related pathways and immune activation-related pathways
were enriched, including MAPK and calcium signaling pathways, leukocyte transendothelial migration,
and ECM receptor interaction. In addition, the results obtained using the ESTIMATE algorithm indicated
that higher ImmuneScore, StromalScore, and ESTIMATEScore were associated with worse OS. This
evidence implied that the TME is closely related to the prognosis of patients with GC. Previous reports
have also con�rmed that different components and proportions in the TME can affect the prognosis of
patients with malignant tumors [20-22].

Through LASSO Cox regression analysis, we further constructed a nine m6A-related lncRNA risk signature
and validated it using two independent cohorts. The results of the survival analysis showed that the risk
signature had strong prognostic value in both the training and testing sets. Further ROC analysis showed
that this risk signature had higher accuracy in predicting the total survival of patients with GC compared
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with other clinicopathological features. In addition, the results of the strati�ed survival and independent
prognosis analyses revealed that the risk signature is an independent prognostic indicator for patients
with GC and can effectively predict the survival status in patients with different clinical factors. The
nomogram, constructed based on independent prognostic factors, provided a quantitative and intuitive
method for predicting the probability of survival in patients with GC.

Different types of tumor-in�ltrating immune cells exert varied effects on the progression of malignant
tumors. It has been reported that M2 macrophages promote the metastasis of GC cells in vivo and in vitro
by regulating chitinase 3 like 1 (CHI3L1) [23]. Another study reported that increased levels of intratumoral
CD4 T cells are associated with tumor progression and poorer patient survival in GC [24]. The present
study demonstrated that the risk score was closely related to the in�ltration of CD4 T cells, M2
macrophages, natural killer cells, dendritic cells, and monocytes. The results suggested that these
immune cells play an important role in the development of GC. 

Numerous studies have shown that immune checkpoints are important factors affecting the prognosis
and treatment of tumors, including advanced GC [25]. Blocking CTLA4 can enhance the anti-tumor
response by promoting the activation of T cells [26]. We hypothesize that immunotherapy can eliminate
cancer cells, produce more new antigens, and inhibit the development of tumors, thereby prolonging the
life span of patients with advanced GC. Our results showed that a low-risk score was signi�cantly
correlated with high expression of PD-1 and CTLA4, but not PD-L1, LAG3, and IDO1. In addition, some
lncRNAs may affect the resistance of tumors to common chemotherapeutic drugs [27]. Qiao et al.
reported that lncRNA high mobility group AT-hook 1 pseudogene 4 (HMGA1P4) can promote resistance to
cisplatin in GC by upregulating certain genes [28]. Zhang et al. found that lncRNA metastasis associated
lung adenocarcinoma transcript 1 (MALAT1) regulates ZFP91 by sponging miR-22-3p, thus promoting the
development of resistance to oxaliplatin in GC cells [29]. Our risk model showed that low risk is
associated with sensitivity to chemotherapeutic drugs, such as paclitaxel and oxaliplatin, but not
cisplatin and �uorouracil. Therefore, patients in the low-risk group are more likely to bene�t from
immunotherapy and chemotherapy than those in the high-risk group.

To our knowledge, this study is the �rst to investigate the relationship between m6A-related lncRNAs and
immune in�ltration, immunotherapy, and chemotherapy in GC. In-depth study of the effects of m6A-
related lncRNAs on immune cell in�ltration in tumors will help us to better understand the regulation of
the TME and its effect on prognosis. In addition, the risk signature model we constructed can accurately
predict the prognosis of patients with GC and can help distinguish patients who could bene�t from
immunotherapy and chemotherapy. However, the limitations of the present study should be
acknowledged. The main datasets used herein were obtained from TCGA database; other large cohorts
should also be used to reduce the risk of selection bias. In addition, the prognostic model we constructed
warrants further validation in a large clinical center to con�rm its practical value in the clinical setting.

Conclusions
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In summary, the novel prognostic signature based on m6A-related lncRNAs is an effective, practical, and
quantitative method for clinicians to predict survival and to provide individualized treatment of gastric
cancer, and is expected to be applied in clinical practice in the future.

Materials And Methods
Data acquisition and correlation analysis

RNA-sequencing transcriptome data and clinical data from TCGA (https://tcga-data. nci.nih.gov/tcga/)
database for the Stomach Adenocarcinoma (STAD) project were downloaded. GTF �les from the
Ensembl (http://asia.ensembl.org) database for differentiating and identifying the mRNAs and lncRNAs
were also downloaded. We performed Pearson correlation analysis to identify m6A-related lncRNAs. The
thresholds were set as absolute correlation coe�cient >0.4 and p-value <0.001.

Identi�cation of lncRNAs related to the prognosis of GC

Univariate Cox regression analysis was used to identify lncRNAs associated with the prognosis of GC
from 491 m6A-related lncRNAs (P<0.05). These lncRNAs were used for subsequent analysis.

Consensus clustering of m6A-related lncRNAs

Firstly, we removed the normal tissue samples. Based on the expression of 23 lncRNAs, we used the
ConsensusClusterPlus package [30] to group 375 GC tissues. Next, we used the CDF value to verify the
results of clustering. The KM curve and clinical factors were used to test the relationship between
clustering results and prognosis.

GSEA

We investigated the potential KEGG pathways between different cluster subgroups using the GSEA and
retrieved the reference gene set from the c2.cp.kegg.v7.1.symbols �les. A P-value <0.05 and false
discovery rate <0.05 denoted signi�cantly enriched pathways.

Construction and validation of a risk signature model

LASSO Provisional Cox regression analysis was performed to construct a m6A-related lncRNAs risk
signature model using the training and testing sets. The formula used to calculate the risk scores was as
follows: Risk score =  (Exp [lncRNA] × coef [lncRNA]), where Exp [lncRNA] presents the expression of
each lncRNA and coef [lncRNA] represents the coe�cient of each lncRNA. The KM and ROC curves were
used to evaluate the performance of the risk signature.

Correlations with clinicopathological characteristics and establishment of a nomogram

The complete dataset with corresponding clinical information was used for subsequent analysis. KM
survival subgroup analysis, as well as univariate and multivariate Cox regression analyses, were used to



Page 9/21

determine whether the risk signature and clinical traits were related to the OS of patients with GC.
Nomograms were constructed to calculate the total score and predict the probability of 1-, 2-, and 3-year
survival. 

TME and tumor-in�ltrating immune cells

The proportion of the immune-stromal component in the TME of distinct cluster subgroups was
estimated using the ESTIMATE algorithm [31] in R language version 3.6.3 and presented as the Immune
score, StromalScore, and ESTIMATEScore. The CIBERSORT algorithm [32] was used to evaluate the
in�ltration levels of different immune cells in the high- and low-risk groups.

Prediction of sensitivity to immunotherapy and chemotherapy

The Ggstatsplot package was utilized to understand the relationship between the risk score and
effectiveness of common immune checkpoint inhibitors. Based on the STAD dataset from TCGA, the IC50

of common chemotherapeutics was calculated to evaluate the sensitivity to chemotherapy using the
pRRophetic package [33].

Statistical analysis

The correlation between genes and lncRNAs was determined using Pearson correlation analysis. Patients
with GC were divided into different groups according to the consistency analysis or risk score; the median
was used as the cut-off value. The clinical data of the subgroups were analyzed using the chi-squared
test or Fisher’s exact test. Differences in the survival rate between groups were determined according to
the KM survival curve and veri�ed using the log-rank test. The R version 4.0 was used for all statistical
analysis; P-values <0.05 denoted statistically signi�cant differences.

Abbreviations
M6A: N6-methyladenosine RNA; GC: Gastric cancer; TME: Tumor microenvironment; LncRNAs: Long non-
coding RNAs; TCGA: The Cancer Genome Atlas; GTF: Gene transfer format; CDF: Clustering distribution
function; OS: Overall survival; GSEA: Gene Set Enrichment Analysis; LASSO: Least absolute shrinkage and
selection operator; ROC: Receiver operating characteristic; IC50: half inhibitory concentration; 
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Figures

Figure 1

Analysis work�ow of this study.
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Figure 2

Identi�cation of m6A-related lncRNAs. (a) The co-expression network view shows the lncRNAs highly
related to m6A (R>0.4, P<0.001). (b) Forest map showing 23 lncRNAs identi�ed by the univariate cox
regression method. Heatmap (c) and boxplot (d) showing the differential expression of 23 lncRNAs in
gastric cancer and adjacent normal tissues. *P<0.05, **P<0.01, and ***P<0.001.
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Figure 3

Differential overall survival (OS) and clinicopathological features of patients with gastric cancer in the
cluster 1 (n=266) and cluster 2 (n=105) subgroups. (a) Consensus clustering matrix for k=2. (b) Kaplan–
Meier curves of OS for patients with gastric cancer in the two subgroups (P=0.001). (c) Heatmap and
clinicopathologic features of the two clusters.
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Figure 4

Characteristics of tumor microenvironment and immune cell in�ltration in two distinct clusters.
Comparison of ImmuneScore (a), StromalScore (b), and ESTIMATEScore (c) in clusters 1 and 2. (d)
Difference analysis of the in�ltration of 22 types of immune cells between clusters 1 and 2. Spearman
correlation analysis between m6A-related lncRNAs and immune checkpoint inhibitors: (e) PD-1, (f) PD-L1,
(g) CTLA4, and (h) LAG3.
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Figure 5

Construction and validation of risk signatures of m6A-related lncRNAs in the training and testing cohorts.
(a, b) Distribution of risk score, survival status, and gene expression among patients in the training and
testing cohorts. (c, d) The Kaplan–Meier curves of the high- and low-risk groups in the training and
testing cohorts were compared. (e, f) ROC curves showing the predictive e�ciency of the risk score, age,
sex, grade, and stage for the 5-year survival rate in the training and testing cohorts.



Page 18/21

Figure 6

Kaplan–Meier survival curves for the high- and low-risk groups strati�ed by clinical characteristics
including age (a, b), sex (c, d), grade (e, f), T stage (g, h), N stage (i, j), M stage (k, l), and clinical stage (m,
n) in the complete dataset. (o) Heatmap.
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Figure 7

Independent analysis and construction of a nomogram. (a, b) Univariate Cox regression analysis of
prognostic factors. (c, d) Multivariate Cox regression analysis of prognostic factors. (e, f) A nomogram
was constructed based on clinical factors and risk score to predict the prognosis of patients with gastric
cancer.
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Figure 8

Estimation of tumor-in�ltrating immune cells (TICs) and immune checkpoint inhibitors by risk signature.
(a) The relationship between the in�ltration level of 10 immune cell types and risk score. Low risk scores
were correlated with upregulated (b) PD-1 and (d) CTLA4, while high risk scores were correlated with
upregulated (f) VSIR. However, there was no statistically signi�cant difference observed for (c) PD-L1, (e)
LAG3, and (g) IDO1 in patients with gastric cancer.
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Figure 9

Prediction of chemosensitivity using the risk signature. High risk scores were associated with lower IC50
for (a) �uorouracil and (b) oxaliplatin, but not (c) paclitaxel and (d) cisplatin.
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