International Journal of General Medicine

Dove

ORIGINAL RESEARCH

Characterization of mé6A-Related Genes Landscape
in Skin Cutaneous Melanoma to Aid Immunotherapy
and Assess Prognosis

Jinzhi Meng'

Xing Huang'

Yue Qiu'

Miao Yu?

Jinfeng Lu?

Jun Yao ®'

'Bone and Joint Surgery, The First
Affiliated Hospital of Guangxi Medical
University, Nanning, People’s Republic of
China; 2Department of Pathology, The
First Affiliated Hospital of Guangxi

Medical University, Nanning, People’s
Republic of China

Correspondence: Jun Yao
Tel +860771-5319091
Email yaojun800524@126.com

Background: Skin cutaneous melanoma (SKCM) is the most malignant tumor among skin
cancers. Immunotherapy has shown a great role in the advantageous prognosis of SKCM.
However, only a small percentage of people can benefit from immunotherapy. To date, there
has been insufficient evidence to reveal the prognostic value of m6A in SKCM and its
relationship with the infiltration of immune cells and the efficacy of immunotherapy.
Methods: Here, we synthetically analyzed 23 m6A regulators from SKCM samples col-
lected from the TCGA and GEO databases. We defined three m6A modification patterns and
constructed m6A scores using principal component analysis (PCA).

Results: We found significant differences in overall survival (OS) and immune infiltration
between different m6A subclusters. Besides, m6A score was positively correlated with
regulatory T-cell and helper T-cell content, which may account for the association of high
mo6A scores with superior prognosis. Multivariate Cox regression analysis revealed that the
mo6A score was an independent prognostic indicator. Moreover, patients with high m6A
scores showed a better response to immunotherapy, and this result was further validated in
two independent immunotherapy cohorts receiving anti-PD-1/PD-L1 therapy.

Conclusion: The findings suggested the m6A score can screen suitable candidates for
immunotherapy and can predict immunotherapy response. This analysis of different m6A
patterns in a large sample of SKCM expanded our understanding of TME and provided new
ideas for prognostic assessment and personalized immunotherapy strategies for SKCM
patients.
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Introduction

SKCM, the most malignant of skin cancers, had over 200,000 new cases and
over 60,000 deaths worldwide in 2018." Even though the number of cutaneous
melanoma cases accounts for a small percentage of skin cancer cases, only 4%, it
is already the 19th most prevalent tumor in the world,? seriously threatening
human life and health.> UV radiation is considered to be a major environmental
factor in the development of SKCM,*> especially the level of UV-B radiation,®®
which is significantly associated with the development of SKCM. Traditional
cancer treatments, such as radiation therapy, chemotherapy, and surgical resec-
tion, have little effect on the long-term prognosis of SKCM patients.” In the past
decade, emerging therapies, such as anti-CTLA4 and anti-PD-1/PD-L1, have the
potential to prolong the survival of patients with malignant SKCM.'® However,
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adverse drug events are also on the rise, and only a small
percentage of people will benefit from these therapies.'!
The treatment of SKCM patients remains an evolving
and difficult subject.'> Therefore, the development of
truly meaningful prognostic markers for SKCM patients
is of profound importance to assess the clinical outcome
and long-term prognosis of patients.

N6-methyladenosine (m6A), a base modification beha-
vior widely found on messenger RNA (mRNA), is the
most dominant and common form of modification within
mRNA,"*'* and its main role is to maintain the stability of
mRNA. M6A regulation is a reversible modification beha-
vior consisting of three main regulatory factors: demethy-
lases, methyltransferases, and m6A-binding proteins.'”
The methyltransferases (defined as ‘writers’) mainly act
to induce m6A methylation modification of mRNA bases,
and the main regulatory genes are METTL3, METTL 14,
and WTAP.'® Demethylases (defined as ‘erasers’)'®!’
mainly functions to demethylate bases that have under-
gone methylation modification. FTO and ALKHBS are the
main demethylase regulatory genes. M6A-binding proteins
(defined as “readers”) recognize potential m6A modified
bases to initiate downstream regulatory pathways and the
main regulatory genes are YTHDC1, YTHDC2, YTHDF]1,
and FMR1."”

Certain studies have reported m6A modification beha-
vior in almost all life activities and various diseases
(including cancer) in the human body.'®'® M6A modifica-
tions are involved in gene expression at various levels of
the body through interactions with various reader proteins
and corresponding complexes, including heat shock, tissue
development, DNA damage, stem cell renewal, and
differentiation.'*!”?*! Besides, dysregulation of m6A-
related regulators plays an important role in cancer initia-
tion, invasion, and drug therapy.*? Indeed, the m6A
demethylase FTO is key to the oncogenicity of SKCM
and patient response to anti-PD-1 immunotherapy.”
Abnormal regulation of the m6A binding protein factor
YTHDF1 was also found to be critical for cell prolifera-
tion and cancer progression in non-small cell carcinoma
(NSCLC) and low expression of YTHDF1 resulted in
NSCLC patient resistance to cisplatin therapy and poorer
outcomes.*
we combined TCGA-SKCM and
GSE65904 in a comprehensive analysis to clarify the

In this study,

prognostic value of regulators of m6A in SKCM and to
assess the predictive efficacy of m6A-related genes in the
efficacy of immunotherapy in SKCM patients. This

provides new insights into the clinical diagnosis and treat-
ment of SKCM patients.

Materials and Methods
Processing and Acquisition of SKCM Data

The publicly available database The Cancer Genome Atlas
(TCGA)* was used to collect data from 471 SKCM
samples, including copy number variation (CNV), tran-
scriptome RNA sequences (FPKM value), single nucleo-
tide
information. Besides, transcriptome RNA sequences of

polymorphism (SNP), and complete clinical
812 normal skin tissue samples were collected from the
University of California Santa Cruz Xena database
(https://xenabrowser.net/datapages/, UCSC). The
GSE65904  cohort, transcriptome RNA

sequences from 214 SKCM samples and complete clinical

containing

information, used for the combined analysis was collected
from the Gene Expression Omnibus (https://whttps://www.

ncbi.nlm.nih.gov/geo/, GEO) database. We comprehen-

sively searched mo6A-related genes from the published
papers and obtained 23 mo6A genes with different
functions.”**® For SKCM samples obtained in TCGA,
we used the “limma” package in R software to convert
the FPKM value into TPM value,?’ and then integrated
and standardized it with the GSE65904 cohort for subse-
quent genetic and variant characterization. Similarly, 812
normal skin tissue samples obtained from UCSC were
integrated and standardized with SKCM samples from
TCGA for subsequent analysis of differential expression
of mo6A-related genes, including an analysis for two
mutant subtypes in SKCM.

Clustering Analysis of m6A-Related

Genes

Based on mo6A-related genes expressed in SKCM
patients, we used an unsupervised clustering method to
classify SKCM patients into different subclusters. Here,
we used the “ConsensuClusterPlus”?® R package to per-
form the clustering and cycled 1000 times to ensure
accurate and stable clustering. Subclusters were distin-
guished based on the method of minimal intra-group and
maximal inter-group variances. The OS of SKCM
patients between different subclusters were further ana-
lyzed by the Kaplan-Meier method. Furthermore, the
distribution of the m6A regulatory genes among the
three subclusters was presented as a heatmap.
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Single-Sample Gene Set Enrichment
Analysis (ssGSEA) and Gene Set Variation
Analysis (GSVA)

GSVA can be used to assess the biologically relevant
functions and regulatory pathways potentially regulated
by genes.?’ Here, we used the GSVA algorithm to analyze
the functional pathways in which the three m6A subclus-
ters are predominantly enriched. Next, to assess the
immune cell content in the tumor microenvironment
(TME), we used the ssGSEA method to assess the relative
abundance of immune cells infiltrated among the three
m6A subclusters in SKCM patients.

Differentially Expressed Genes (DEGs)

Associated with m6A Subclusters

The “limma” package (R software) was employed to
screen for DEGs among the three m6A subclusters at
a standard of adjusted P<0.001. Subsequently, Gene
Ontology (GO)*° function and Kyoto encyclopedia of
genes and genomes (KEGG)®' enrichment analyzes were
conducted to label and visualize the key biological func-
tions of DEGs.

Cluster Analysis Based on Prognostic DEGs
First, a univariate Cox regression model was used to
identify DEGs related to prognosis in SKCM patients,
and a total of 352 prognosis-related DEGs were obtained.
Subsequently, SKCM patients were classified into different
gene subclusters according to prognosis-related DEGs
using unsupervised clustering, and OS between gene sub-
groups was evaluated using the Kaplan-Meier method.
Besides, the DEGs between different gene subclusters
were shown with a heatmap.

Construction of the mé6A Score

Here, we used principal component analysis (PCA) to
obtain scores for each SKCM patient based on the expres-
sion of prognosis-associated DEGs. First, the DEGs posi-
tively and negatively associated with clustering features
were defined as m6A gene features A and B, respectively.
Subsequently, the data were further dimensionally reduced
using PCA. Finally, principal component 1 (PC1) and 2
(PC2) were used as m6A-related gene feature scores:

m6A score =) PCli+Y PC2;

After obtaining the m6A score of each patient, we selected
the optimal cutoff according to the “surv cutpoint”

function to classify SKCM patients as having high or
low m6A scores and analyzed the OS between the two
groups. Furthermore, we further analyzed the difference of
mo6A scores between m6A clusters and gene clusters by
using the R package “limma”.

Correlation Analysis Between mé6A Score
and Clinical Characteristics

The somatic mutation information corresponding to
SKCM patients was collected from the TCGA (https:/

portal.gdc.cancer.gov/repository) public platform. We
?’32

used the R package “maftools”~ to assess somatic muta-
tion types and characteristics of patients with high and low
mo6A scores and showed the top 20 genes with the highest
mutation frequencies. Subsequently, patients were strati-
fied into groups with a high or low TMB, according to the
optimal cutoff, and the OS differences were further ana-
lyzed. To further investigate the differences in m6A score
among clinical characteristics (Age, Gender, Stage). The
R package “survival” was employed to analyze the OS of
high and low m6A score groups in different genders and

ages.

m6A Score with Immunotherapy

Immunotherapy and targeted therapies can significantly
improve OS in patients with malignant melanoma, and
less toxic combinations of immune checkpoint inhibitors
(ICIs) are being investigated.'' First, we analyzed the
differences in Immune checkpoint blocking (ICB) genes
(PDCD1, CD274, CTLA4)**-** in high and low m6A score
groups. Subsequently, we used The Cancer Immunome
Atlas (TCIA, https://tcia.at/home) to collect immunophe-
notype score (IPS) data corresponding to TCGA-SKCM in
order to further evaluate the treatment effects of anti-PD-1/
PD-L1 and anti-CTLA4 in patients according to their m6A
scores. Two  independent cohorts (GSE93157,
IMvigor210) receiving anti-PD-1/PD-L1 therapy validated
the value of the m6A score in predicting response to
immunotherapy. The GSE93157 cohort (n = 65), an immu-
notherapy cohort of patients with non-small cell lung

cancer, head and neck squamous cell carcinoma, and mel-
anoma receiving anti-PD-1 therapy, is available from the
publicly available GEO platform. The IMvigor210
cohort” (n = 298), an anti-PD-L1 immunotherapy cohort
for advanced uroepithelial carcinoma, is available for
download from http://research-pub.gene.com/
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Creative Commons 3.0 License.

Statistical Analysis

In this study, the function “surv-cutpoint” was used to
obtain the cohort’s optimal cut-off to classify patients
into high and low m6A score groups. This analysis was
performed using the “survminer” in R package. Wilcox
test was used for comparison between two groups and
Kruskal-Wallis test was used for comparison of three
groups and more than three groups. The prognostic value
of m6A score was evaluated using the multivariate Cox
regressions. Survival analysis related to the m6A score
was performed using the Kaplan-Meier method. Survival
difference statistics were analyzed using Log rank test. All
data analyses were performed in the R software version
4.02. A p-value < 0.05 was defined as statistically
significant.

Results

Genetic and Variational Landscape of
m6A Regulators in SKCM

In recent years, the regulation mechanism of m6A-related
genes and their relevance to several types of cancer have
been deeply studied. In our study, we downloaded RNA
sequences of 812 normal skin tissues from the UCSC
Xena platform and combined them with melanoma sam-
ples obtained from the TCGA database to assess possible
changes in the expression of m6A-related genes in normal
skin tissues and melanoma samples. The result was shown
in Figure 1A (P<0.05). Next, we intersected the gene CNV
frequency data of SKCM with the 23 m6A genes and
investigated the CNV of mo6A-related genes in SKCM.
Indeed, the frequency of losses of the copy number of
the m6A gene was greater than the frequency of gain in
SKCM, among which the loss of RBM15 and WTAP was
significantly more than the frequency of gain (Figure 1B).
The results of the m6A associated genes on different
chromosomes with the lost and gain copy number were
shown in Figure 1C. Moreover, we visualized the mutation
data of m6A-related genes in SKCM, and the top five
genes with mutation frequency were YTHDCI1 (3%),
ZC3H13 (3%), LRPPRC (3%), YTHDC2 (3%),
YTHDF1 (3%) (Figure 1D). Besides, after removing
mo6A-related genes with zero expression in SKCM
patients, we used the univariate Cox survival analysis
and Kaplan-Meier survival method to understand the

possible link between genes related to m6A with the OS
of SKCM patients. The results of the m6A gene prognostic
showed that the
between prognosis-related m6A genes were positively cor-

co-expression network interactions
related, with WTAP being significantly associated with
prognosis in SKCM patients (Figure 1E).

Consensus Clustering Based on mé6A

Genes

In order to identify potential underlying mechanisms of
genes related to m6A in SKCM development and progres-
sion, we classified SKCM into different molecular sub-
clusters by consensus expression of m6A regulators. We
used the
R software to classify SKCM patients into different clus-

“ConsensusClusterPlus” package in the
ters. When K =3, the clusters are closely related internally
and have minimal crossover outside the clusters
(Figure 2A and B). The heatmap of the m6A cluster
evidenced that genes related to m6A were lowly expressed
in cluster C, followed by cluster A and highest in cluster
B (Figure 2C). Next, we further analyzed the OS between
three different m6A clusters in TCGA-SKCM using the
Kaplan-Meier method, and we found that the OS in cluster
B was significantly better than the other two clusters
(Figure 2D). This suggests to us that high levels of m6A-
related genes may be related to a good prognosis of SKCM
patients. Besides, after employing PCA to identify changes
in gene expression among the above three molecular sub-
clusters, we observed that the levels of m6A-related genes
could indeed distinguish SKCM patients into three differ-
ent molecular subclusters (Figure 2E).

GSVA and ssGSEA Between Different

m6A Molecular Subclusters

GSVA was applied to the three m6A clusters to understand
the potential biological regulatory pathways between the
different m6A clusters in SKCM. From the results of the
two-by-two comparison between cluster A and cluster B,
we know that cluster A is mainly concentrated in steroid
biosynthesis, porphyrin, and chlorophyll metabolism while
cluster B is concentrated in ECM receptor interaction, TGF
beta signaling pathway and ubiquitin-mediated protein
hydrolysis (Figure 3A). In the comparison between cluster
B and cluster C, the neuroactive ligand-receptor interaction
and arachidonic acid metabolism were active in cluster
C (Figure 3B). Single-sample gene set enrichment analysis
of SKCM allowed us to detect differences in immune cell
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levels across the three m6A clusters mentioned above in the
immune microenvironment of SKCM. From the results, we
detected differences in the content of most immune cells

among the three m6A subclusters (Figure 3C). This sug-
gests to us that the levels of m6A-related genes may guide
immunotherapy in patients with SKCM.
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DEGs in Three m6A Subclusters

To investigate potential biological functions of the differ-
ent subclusters, we made the criterion adjusted P-value <
0.001 to screen the DEGs between the different subclus-
ters. A total of 1569 DEGs were screened (Figure 4A).
Next, KEGG pathway enrichment and GO functional
enrichment analysis were performed on the above DEGs.
From the results of KEGG enrichment analysis we can
know that such DEGs mainly act in herpes simplex virus
type 1 infection, PI3K-Akt and Rap! signaling pathways,
and signaling pathway regulating stem cell pluripotency
(Figure 4B). Furthermore, At the biological process (BP)
level of GO enrichment analysis, DEGs are mainly
enriched in regulation of cell junction assembly, cell-
matrix adhesion, and regulation of cell-substrate junction
organization. Besides, cell composition analysis (CC)
results evidenced that the above DEGs were enriched in
the cell leading edge, focal adhesion, and cell-substrate
junction. Molecular function (MF) fractionation, on the
other hand, showed that DEGs play a role in Wnt-
activated receptor activity, PDZ domain binding, and wnt-
protein binding (Figure 4C).

Construction of the Subtypes of DEGs

Similarly, to better analyze the interactions and consistency
within DEGs, we used an unsupervised clustering approach
to construct a hierarchical clustering assessment of the
expression profiles of prognostic related DEGs. When K=3,
there was the least crossover among subclusters, the strongest
connection within subclusters (Figure 5A), and the least
relative changes in the area under the CDF curve
(Figure 5B). Further, a boxplot (Figure S1) was drawn to
visualize expression of m6A genes between different gene
clusters, and we found that WTAP, RBM15, YTHDC2,
HNRNPA2B1, IGFBP2, IGFBP3, RBMX, FTO, and
ALKBHS were expressed at higher levels in cluster B than
in the other two clusters, while ZC3H13, YTHDCI,
YTHDEF3, FMR1, and LRPPRC were expressed at signifi-
cantly lower levels in cluster C than in the other two clusters
(***P < 0.001). Heatmaps based on different subclusters of
DEGs and different clinical characteristics showed that
DGEs were highly expressed in cluster B, followed by cluster
A and finally cluster C (Figure 5C). Similarly, in the Kaplan-
Meier survival analysis of the three subclusters, cluster B had
the longest OS time, followed by cluster A and finally cluster
C (Figure 5D). This suggests to us that there may be some
association between high expression of DEGs and better

survival of SKCM patients, which may give a novel perspec-
tive into the clinical treatment of SKCM patients.

Constructing the méA Score

To assign a quantitative index of m6A gene correlation to
SKCM patients, we used principal component analysis
(PCA) to obtain m6A score 1 and m6A score 2. The sum
of m6A score 1 and m6A score 2 was used as an indepen-
dent correlation score for SKCM patients. Ultimately, we
obtained a prognostic risk score defined as the m6A score.
SKCM patients were stratified according to their m6A
scores, and survival differences were analyzed across
groups. The survival rate was significantly increased in
patients with a high m6A score when compared to that
of the low score group (Figure 6A). Meanwhile, we used
a Sankey diagram to further demonstrate the distribution
of SKCM patients between m6A clusters, gene clusters,
m6A score groups, and survival status. Most SKCM
patients were in the m6A clusterA, gene clusterA, and
the high m6A score group (Figure 6B). The results of
multivariate Cox regression analysis showed that m6A
score was an independent prognostic factor for SKCM
patients as well as age, T-stage, and M-stage
(Figure 6C). Besides, there was a significant difference
in the the m6A score between m6A clusters and gene
clusters, with subcluster B of both m6A clusters and
gene clusters possessing high m6A scores and subcluster
C possessing low scores (Figure 6D and E). We have
learned that the OS of the B subcluster of both the m6A
cluster and the gene cluster was better than the other two
subclusters in the survival analysis. From this, it is clear
that there is a close association between a high m6A score
and a good prognosis of SKCM patients. To further under-
stand the role played by m6A score in the immunotherapy
of SKCM patients, we assessed the link between the m6A
score and presence of immune cells. Indeed, there was
a positive correlation between the m6A score and the
content of mast cells, natural killer cells, regulatory
T cells, and helper T cells, while there was a negative
correlation with CD56 natural killer cells, monocytes,
and neutrophils (Figure 6F).

Correlation Analysis Between m6A
Scores and Different Clinical Features
Here, expanded our investigations on the link between the

m6A score and different patient characteristics (Age,
Gender, Stage). We classified SKCM patients into
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different subgroups based on different clinical character-
istics, including: stage I-II and stage III-IV patients; >65
and <65 years old patients; male and female patients.
Subsequently, we further analyzed the differences in OS
between m6A scores with different clinical characteristics,
and we found that OS was better in patients with a high
mo6A score than that of the low m6A score group in
different stage groups (Figure 7A and B). The same results
were found in the age and gender subgroups, with patients
with high m6A scores having better survival than those
with low m6A scores (Figure 7C-F). This again suggests
to us that the m6A regulator is relevant to the prognosis of
SKCM patients and maybe a new biomarker for clinical
treatment and prognostic assessment of SKCM patients.
Besides, we divided SKCM patients as having a high or
low TMB, according to the optimal cutoff and assessed the
OS in these two groups. This analysis demonstrated that
high-TMB patients had a longer survival when compared
to that of patients with a low TMB (Figure 7G). Moreover,
in the combined TMB and m6A score analysis, patients
with a high TMB and high m6A score had a better OS rate
(Figure 7H). This offers the possibility that m6A-related
regulators are somehow linked to TMB and together influ-
ence the prognosis of SKCM patients. Furthermore, to
better understand the TMB in patients stratified according
to their m6A scores, a waterfall diagram was constructed.
The top five genes with the highest mutation frequencies
were TTN, MUCI16, BRAF, DNAH5, and PCLO
(Figure 71 and J).

The Predictive Role of the m6A Score for

the Outcome of Immunotherapy

Immune checkpoint blocking (ICB) genes, known as
immunotherapeutic agents, are now widely used in the
immunotherapy of tumors.>**® Cytotoxic T-lymphocyte
antigen-4 (CTLA-4) and programmed cell death protein 1
(PD-1) are 36,39
However, not all patients benefit from this therapy, and

the two main practice pathways.

patients with certain tumors can cause serious immune
adverse events.*’ Before evaluating the predictive ability
of the m6A score, we first analyzed the differences
between ICB genes (PDCD1, CD274, CTLA4)* in the
high and low m6A score groups. We observed that the
above ICB genes were significantly increased in the m6A
high scoring group (Figure 8A). Furthermore, we ana-
lyzed the differences in IPS among the high and low
mo6A scoring groups in the TCGA-SKCM cohort. There

was a difference in the treatment effect among the high
and low mo6A scoring groups when treated with anti-
CTLA4 alone (Figure 8B). The above results suggest
that patients in the high m6A score group may be more
appropriate for anti-PD-1/PD-L1 or anti-CTLA4 immu-
notherapy and receive a better treatment response. To
conduct this, we collected two independent cohorts
(GSE93157, IMvigor210) receiving anti-PD-1/PD-L1
therapy and classified them into high and low m6A
score groups based on optimal cutoff. In the GSE93157
cohort, Kaplan-Meier survival analysis showed that
with high mo6A had
(Figure 8C). We also found that the objective response

patients score longer OS
rate was higher in the high scoring group (37%) than in
the low m6A scoring group (8%) (Figure 8D). The same
results were further confirmed in the IMvigor210 cohort,
where patients in the high m6A score group had a better
OS than those in the low m6A group, and the objective
response rate in the high m6A score group reached 28%
compared with 11% in the m6A score group (Figure 8E
and F).

Discussion

SKCM is a common tumor worldwide with an increasing
incidence, especially in Western countries. The prognosis
of patients with malignant melanoma varies greatly
between countries, but early detection and intervention
can have an improved prognosis.*' In this study, we used
TCGA and GSE65904 cohort data to develop three differ-
ent m6A modification patterns (m6A cluster A, m6A clus-
ter B, and m6A cluster C) in SKCM,
a quantitative scoring system, defined as the m6A score,

construct

and further evaluate the predictive efficacy of m6A score
on immunotherapeutic response. Furthermore, significant
differences in OS between the three m6A clusters also
indicated that the levels of regulators of m6A had
a strong prognostic effect for SKCM patients and were
able to distinguish and categorize SKCM patients accord-
ing to concordance.

m6A, which is the most frequent internal modification
of mRNA, is extensively implicated in various pathologi-
cal processes in cancer. m6A regulation can be categorized
into three modalities: writers, erasers, and readers.”® In
bladder cancer (BLCA), increased expression levels of
METTL3 (writer) upregulated the m6A levels of the
CDCP1 gene, thus promoting BLCA value addition,
migration, and invasion.*** In colorectal cancer (CRC),
the ability of CRC cell tumorigenicity and colonosphere
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formation could be inhibited by suppressing YTHDF1
(reader) overexpression.** In breast cancer (BRCA), FTO
(eraser) expression is increased. FTO can promote BRCA
cell appreciation and metastasis by inhibiting BNIP3
methylation.*> However, the mechanism of the role of
mo6A-related regulators in fever in SKCM is less reported.

SKCM is a tumor capable of producing an immune
response (considered immunogenic),**” and a higher rate
of mutations in genes can be observed in patients with
primary versus malignant (metastatic) SKCM,*® which is
thought to be the immunogenic mechanism of SKCM patho-
genesis. This gives a huge scope for the immunotherapy of
SKCM. Here, GSVA, KEGG, and GO analysis revealed that
DEGs between m6A subclusters are enriched for pathways
related to immunity, such as the Rapl signaling pathway.
Moreover, additional evidence suggests that the Rap! signal-
ing pathway is a key pathway in the progression of malignant
melanoma.*® Similarly, ssGSEA analysis revealed significant
differences in immune cell content between the three m6A
subclusters (subcluster ABC). Monocytes, activated CD4
T cells, myeloid-derived suppressor and CD8 T cells were
higher in subcluster C than in the other two subclusters
(subcluster AB), while neutrophil content was lower in all
three subclusters. This reaffirms the fact that: immunother-
apy can indeed bring a breakthrough in the clinical outcome
of melanoma patients and the novel therapies anti-CTLA4
were linked with a superior prognosis in patients with malig-
nant melanoma in 2010.>° Tumor mutation burden (TMB) is
an emerging diagnostic and therapeutic marker and predicts
PD-1/PD-L1 treatment response.”' It was previously demon-
strated that key mutations in YTHDF1 and HNRNPA2B1
lead to their amplification in melanoma, resulting in signifi-
cant differences in both staging and prognosis of melanoma
patients.>” In our study, the top five m6A regulators with the
highest mutation frequencies were YTHDF1 (3%),
YTHDC2 (3%), LRPPRC (3%), ZC3H13 (3%), and
YTHDCI1 (3%). Moreover, in the analysis of copy number
variation frequencies, the probability of adding copies to
HTHDF1 was significantly greater than the probability of
missing copies. This evidence suggests that m6A modifica-
tions are associated with the stabilization of the tumor micro-
environment (TME) and the dramatic accumulation of
mutations and have the potential to be prognostic markers
in melanoma patients. However, given the individual hetero-
geneity of immune microenvironment and clinical treatment,
we used PCA analysis to construct m6A score to quantita-
tively differentiate melanoma patients. Multivariate Cox
regression analysis showed that the m6A score was an

independent prognostic indicator. With the help of GSEA,
we found that the m6A score positively correlated with
activated natural killer cells, T lymphocytes, CD4 T cells,
and helper T cells, which may explain the advantageous
prognosis of high m6A score. Together with the GSEA
results based on m6A scores, we suggest that m6A scores
have a different biological role from TMBs that can guide
immunotherapy and screen suitable candidates for
immunotherapy.

In the assessment of the efficacy of m6A scoring for
immunotherapy, we found significant changes in the levels
of different ICB genes between the high and low m6A
scoring groups. Patients with high m6A scores had higher
expression of ICB genes, suggesting that possibly patients
with high m6A scores are more suitable for immunother-
apy. Besides, after evaluating immunotherapy in SKCM
patients, we found statistically significant differences in
immunotherapy efficacy between patients in the high and
low m6A score groups when ipilimumab (anti-CTLA4)
alone was used. Similarly, two immune-related samples
receiving anti-PD-1/PD-L1 therapy, the GSE93157 and
IMvigor210 cohorts, further validated that patient in the
high m6A score group had a better prognosis and a higher
rate of response to immunotherapy. This again suggests
that only some SKCM patients will benefit from immu-
notherapy. A previous study has demonstrated that patients
with malignant melanoma had an objective remission rate
(ORR) of only 33% for pembrolizumab and 12% for
ipilimumab.> However, this study has limitations. First,
the study was a retrospective study design based on pub-
licly available databases; therefore, additional prospective
study designs are needed to confirm our findings. Second,
there is a lack of in vivo or in vitro experiments to confirm
the specific regulatory mechanisms between m6A regula-
tors and SKCM. In conclusion, after systematic bioinfor-
matics analysis and validation, the m6A score can predict
immunotherapy outcomes in SKCM patients and can
screen for appropriate immunotherapy candidates. As far
as we know, this is the first report of constructing
a quantitative index of m6A score in SKCM to predict
the effect of immunotherapy. This study provides new
ideas for clinicians to develop personalized immunother-
apy regimens for SKCM patients.

Conclusions
In summary, we systematically and comprehensively ana-
lyzed the landscape of m6A in SKCM, providing new

ideas and insights for prognostic assessment and
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immunotherapeutic response in SKCM. Differences in
moA scores were found to be associated with heterogene-
ity and therapeutic complexity of melanoma. Moreover, it
can help to identify suitable candidates for immunotherapy
and thus provide personalized treatment plans for SKCM
patients. Therefore, this study has important clinical impli-
cations for the systematic study of m6A modification
patterns in SKCM.
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