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Identification of an N6-methyladenosine (m6A)-related signature
associated with clinical prognosis, immune response, and
chemotherapy in primary glioblastomas
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Background: N6-methyladenosine (m6A) RNA methylation regulators play crucial role in tumorigenicity
and progression. However, their biological significance in primary glioblastomas (GBM) has not been fully
elucidated.

Methods: In the present study, we evaluated the 22 m6A RNA regulators using the integrated data of
primary GBM samples from The Cancer Genome Atlas and Chinese Glioma Genome Atlas databases. The
different m6A modification patterns and m6A-related gene signature in primary GBM were distinguished
by using principal component analysis. Single-sample gene set enrichment analysis was introduced to
assess the relative level of immune infiltration. Gene set variation analysis was performed to calculate the
enrichment score of the signaling pathways for different clusters. An m6A scoring scheme was established to
evaluate the m6A modification pattern in individual tumors in order to predict prognosis and evaluate tumor
microenvironment (TME) cell infiltration, immune response, and chemotherapy effect in primary GBM.
Results: Two distinct m6A modification subgroups associated with different clinical features and biological
pathways were identified among the 371 primary GBM. Based on 132 prognostic m6A phenotype-related
differentially expressed genes (DEGs) between 2 m6A cluster subgroups, an m6A scoring model was
constructed to assess the m6A modification pattern in individual tumors. The high-m6A score group was
associated with better prognosis and immune response and worse chemotherapy effect.

Conclusions: The findings of the present study indicate the potential role of m6A modification in primary
GBM, which will help enhance our understanding of TME characteristics, predict clinical prognosis, and

provide important insight into effective immunotherapy and chemotherapy.

Keywords: N6-methyladenosine (m6A); primary glioblastomas (GBM); tumor microenvironment (TME);

immunotherapy; chemotherapy

Submitted May 31, 2021. Accepted for publication Aug 05, 2021.
doi: 10.21037/atm-21-3139
View this article at: https://dx.doi.org/10.21037/atm-21-3139

A ORCID: 0000-0003-2705-8547.

© Annals of Translational Medicine. All rights reserved. Ann Transl Med 2021;9(15):1241 | https://dx.doi.org/10.21037/atm-21-3139


https://crossmark.crossref.org/dialog/?doi=10.21037/atm-21-3139

Page 2 of 16

Introduction

Gliomas are the most common and devastating malignant
primary tumor of the brain (1,2). The World Health
Organization (WHO) classification system classifies gliomas
into grades I-IV (3,4). Lower-grade gliomas (LGG) have
a grade of II or III (3). However, most LGG will gradually
evolve into the deadliest type of glioma, glioblastoma (GBM;
grade IV), and eventually lead to death (5). Therefore, new
therapeutic and prognostic targets of primary GBM are
urgently needed.

No6-methyladenosine (m6A) modification, which is
widely observed in mRNAs and non-coding RNAs, play
an important role in RNA splicing, export, stability,
and translation (6,7). The m6A modification of RNA is
mainly controlled by the following 3 regulatory proteins:
methyltransferase complex (writer), demethyltransferase
(eraser), and recognition protein (reader) (7). m6A
RNA modification has been reported to be involved in
tumorigenesis, progression, and immunity modulation of
various cancers (8-10). A comprehensive understanding
of the extensive role of m6A RINA methylation regulators
in primary GBM will promote the effectiveness of precise
treatment. Although some researchers have begun to
explore the role of m6A RNA methylation regulators in
glioma (11,12), we are interested in further exploring their
important role in primary GBM due to the differences in
genetic heterogeneity between different WHO grades of
glioma and between primary and recurrent GBM (13,14).

Recent research reports have uncovered the relationship
between m6A modification and tumor microenvironment
(TME) (15), immune response (16,17), and chemotherapy (18).
m6A mRNA is crucial in the development or function of
immune cells. Moreover, the TME infiltrating immune
cells are significantly involved in the hallmark capabilities
of tumor cells and hinder tumor-targeted therapy and
immunotherapy (15). The study found that METTL3/14
(m6A RNA methyltransferases) can regulate immune
responses to anti- therapy (17). METTL3 mediates
gemcitabine, 5-fluorouracil, and cisplatin resistance in
non-small-cell lung cancer and pancreatic cancer (19,20).
Therefore, it is important to find reliable biomarkers that
can identify subsets of primary GBM patients with potential
sensitivity to immunotherapy and chemotherapy.

In the present study, we systematically analyzed the 22
m6A RNA methylation regulators using the integrated
data of primary GBM samples from The Cancer Genome
Atlas (TCGA) (n=153) and Chinese Glioma Genome
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Atlas (CGGA) (n=218) databases. Utilizing consensus
clustering analysis based on the gene expression of 22 m6A
RNA methylation regulators, 2 distinct m6A modification
subgroups were identified. We comprehensively assessed
the relationship between m6A modification patterns and
immune infiltration. Furthermore, we identified m6A-
related differentially expressed genes (DEGs) between 2
m6A modification subgroups, and their biological functions
were investigated. Finally, we constructed a scoring model
to quantify the m6A modification patterns of individual
primary GBM and predict patients’ clinical outcome,
immune response, and chemotherapeutic efficacy.

We present the following article in accordance with
the MDAR reporting checklist (available at https://dx.doi.
org/10.21037/atm-21-3139).

Methods
Data acquisition

GBM RNA expression profile and corresponding clinical
data were obtained from TCGA (https://portal.gdc.cancer.
gov/). The expression data and clinical information of the
two CGGA cohorts (including CGGAseql and CGGAseq2)
were downloaded from the CGGA website (http://www.
cgga.org.cn/). The inclusion criteria for glioma patients
were as follows: (I) glioma patients with overall survival (OS)
information; (II) patients with WHO grade IV; and (1II)
patients with primary GBM (not recurrent nor secondary).
Finally, we obtained 153,218 primary GBM patients from
TCGA and CGGA databases, respectively. For the 3 RNA-
seq cohorts, the fragments per kilobase of transcript per
million data values will be converted to transcripts per
kilobase million values according to the algorithm described
in the previous study (21). The “SVA” R package was used to
remove the batch effects among TCGA, CGGA datasets (22).
The study was conducted in accordance with the
Declaration of Helsinki (as revised in 2013).

Consensus clustering of m6A regulators

We first selected 23 m6A RNA methylation regulators
from previously published articles (23). The expression
level of VIRMA was not included in the CGGA cohorts,
therefore it was excluded in the subsequent analysis. The
remaining 22 m6A regulators included 7 writers (METTL3,
METTL14, METTL16, WTAP, ZC3H13, RBM15,
RBM15B), 2 erasers (ALKBHS5, FTO), and 13 readers
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(YTHDCI, YTHDC2, YTHDF1, YTHDF2, YTHDF3,
HNRNPC, FMR1, LRPPRC, HNRNPA2B1, IGFBPI,
IGFBP2, IGFBP3, RBMX). Based on the expression of the
22 m6A modulators, patients were classified into 2 groups
according to the results of optimal k-means clustering
(“kmeans” function in R) and cumulative distribution
function (CDF). Cluster analysis was performed using the
ConsensusClusterPlus R package with cycle computation
1,000 times to ensure stability and reliability (24). Principal
component analysis (PCA) was carried out using “princomp”
in R package to validate the molecular subtype. The OS
between different clusters was calculated using the Kaplan-
Meier method.

Immune infiltration analysis and function analysis of
m6A cluster subgroups based on single-sample gene set
enrichment analysis (ssGSEA)

"To investigate the immune infiltration landscape of primary
GBM, ssGSEA was introduced to assess the level of
immune infiltration. The enrichment scores representing
relative immunocyte abundance were normalized to unity
distribution from 0 to 1. Gene set variation analysis (GSVA)
was performed with “gsva” in R package to calculate the
enrichment score of the pathways for different clusters (25).
The Kyoto Encyclopedia of Genes and Genomes (KEGGQG)
pathway gene set and HALLMARKS pathway gene set
were download from the MSigDB database. Functional
enrichment analysis was performed based on Gene
Ontology (GO) and KEGG databases.

Identification of DEGs in 2 m6A cluster subgroups

DEGs between 2 m6A cluster subgroups were screened out
individually using the limma package. The threshold for the
expression of DEGs was false discovery rate (FDR) <0.05
and | logFC (fold change) | >1. Furthermore, univariate
Cox analysis was performed to identified prognostic DEGs.

Construction of the m6A score

We established an m6A scoring scheme to quantify the level
of m6A modification in individual patients by PCA. The
expression profile of prognostic DEGs was then collated
for PCA, and principal component (PC) 1 and PC 2 were
extracted as signature scores. Based on a previous study,
we adopted the following formula to define the m6A score:
mo6A score =3, (PCli + PC2i), where “i” is the expression of
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mo6A phenotype-related prognostic DEGs (26).

Immune response prediction

To explore the role of m6A score in predicting
immunotherapeutic benefits, we used an
immunophenoscore from The Cancer Immunome Atlas
(https://tcia.at/). Immunophenoscore is a superior predictor
of response to anti-cytotoxic T-lymphocyte antigen-4
(CTLA-4) and anti-PD-1 antibodies in 2 independent
validation cohorts (27). Furthermore, we compared the
expression of some common immune checkpoints among
high- and low-mo6A score groups, such as programmed cell
death-ligand 1 (PD-L1), programmed cell death-ligand 2
(PD-L2), CDA47, Signal regulatory protein alpha (SIRPa),
Lymphocyte Activating 3 (LAG-3), T-cell immunoglobulin
and mucin domain-containing protein 3 (Tim-3), and T-cell
immunoglobulin and I'TIM domain (TIGIT).

Evaluation of chemotberapeutic drug sensitivity

To predict the half-inhibitory concentration (IC;,) of
gemcitabine chemotherapy drugs in the high- and low-
moA score groups of primary GBM patients, we used the
“pRRophetic” package in R. The pRRophetic package can be
used for the prediction of clinical chemotherapeutic response
from gene expression microarray data by creating statistical
models from the gene expression and drug sensitivity data
from cell lines in the Cancer Genome Project (28).

Statistical analysis

The statistical analysis and visualization of this study were
obtained by R 3.6.1 with the SVA, ConsensusClusterPlus,
gsva, princomp, limma, pRRophetic packages. The
statistical methods are based on the recommended methods
built into the respective software packages for different
data types. Kaplan-Meier survival curves were drawn and
compared between subgroups using the survival package.
All tests were bilateral, and statistical significance was

defined as P<0.05.

Results

Correlation of m6A regulators with prognosis in primary
GBM

To evaluate the effect of m6A regulators on primary GBM
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patients, we performed Kaplan-Meier survival analysis
using the data from TCGA and CGGA database. As shown
in Figure 14-1P, we found that m6A regulatory genes
had an effect on patient survival. Of these, ALKBHS,
HNRNPA2B1, HNRNPC, IGFBP2, IGFBP3, RBM15B,
WTAP, YTHDF1, YTHDF2, and YTHDF3 were
remarkably correlated to worse prognosis in patients with
primary GBM. On the contrary, FMR1, FTO, LRPPRC,
METTL3, RBMX, and ZC3H13 were associated with
better prognosis. The prognostic network showed the
interaction and correlation between the 22 m6A regulators

(Figure 1Q).

Identification of 2 clusters of primary GBM with different
clinical characteristics following consensus clustering of
m6A regulators

Next, consensus cluster analysis was performed based on the
expression profiles of 22 m6A RNA regulators in the TCGA
and CGGA datasets. Due to the expression similarity of
moA regulators, the consensus clustering analysis would
classify the samples into different clusters. After comparing
the relative change in the area under the CDF curve,
consensus heatmap, and the area under the CDF curve,
k=2 was found to be most optimal, with clustering stability
datasets increasing from k=2 to 9 (Figure 2A-2C).

A total of 371 primary GBM samples from TCGA
and CGGA datasets were then divided into 2 groups
(219 samples in 1 group labeled as “m6A cluster A” and
152 samples in another group labeled as “m6A cluster
B”). PCA was performed to elucidate the difference in
transcriptional profiles between the m6A cluster A and
moOA cluster B subgroups. The results indicated that most
of the expressions of the m6A regulators expressions mostly
showed clear distinction and significant differences in the 2
cluster subgroups (Figure 2D).

The Kaplan-Meier survival analysis revealed that the
mo6A cluster B subgroup had a better prognosis than the
moOA cluster A subgroup (Figure 2E). To assess the roles
of each of the 22 key m6A RNA regulators in primary
GBM, we designed a heatmap to visualize the associations
between the expression levels of the 22 m6A regulators and
clinical characteristics, including age, sex, and survival status
(Figure 2F).

Functional annotation

The findings indicated that the consensus clustering results
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were associated with primary GBM patient outcomes. To
better understand the association between primary GBM
malignancy and the 22 m6A regulators, we assessed the
infiltration of immune cells between the m6A cluster A and
moOA cluster B subgroups. As is shown in Figure 34, immune
cells, including activated B cells, activated CD4 T cells,
activated dendritic cells, CD56dim natural killer (NK) cells,
gamma delta T cells, immature B cells, immature dendritic
cells, MDSCs, macrophages, mast cells, NK T cells, NK
cells, neutrophils, plasmacytoid dendritic cells, regulatory T
cells, T follicular helper cells, and type 1 helper T cells have
different immune cell infiltration.

Although primary GBM patients were classified into 2
m6A modification phenotypes according to the consensus
clustering algorithms based on m6A regulator expression,
the underlying patterns of gene expression within these
phenotypes remain unclear. Furthermore, we analyzed
DEGs between 2 m6A cluster subgroups, which could be
considered m6A-related genes. We then annotated their
function through GSVA, GO function analysis, and KEGG
pathway analysis for biological processes (Figure 3B-3E).
The results indicated that m6A phenotype-related DEGs
are enriched in immune-related biological processes,
including IL2/STATS, IL6/JAK/STAT3, and the P53
signaling pathway and PI3K-Akt signaling pathway, which
are involved in the complex function of the tumor.

Identification of 3 clusters of primary GBM with different
clinical characteristics following consensus clustering of
132 prognostic DEGs

We further screened out prognostic DEGs by survival
analysis and obtained 132 genes. Considering that
prognostic 132 m6A phenotype-related genes were
associated with the prognosis of primary GBM patients and
were involved in the critical malignancy-related biological
regulatory network, we further performed consensus
clustering analysis based on their expressions. According
to a comprehensive assessment of CDF curve, consensus
heatmap and the area under the CDF curve, we obtained 3
stable transcriptomic phenotypes (Figure 44-4C).

Primary GBM samples from TCGA and CGGA datasets
were classified into 3 gene cluster groups (129 samples labeled
as “gene cluster A”, 157 samples labeled as “gene cluster
B”, and 85 samples labeled as “gene cluster C”) through
consensus cluster analysis. The Kaplan-Meier survival curve
demonstrated that gene cluster C subgroup had a better
prognosis than the other 2 subgroups (Figure 4D). All m6A

Ann Transl Med 2021;9(15):1241 | https://dx.doi.org/10.21037/atm-21-3139



Annals of Translational Medicine, Vol 9, No 15 August 2021

ALKBHS i high il low

FMR1 i high [l low

FTO i high [l low

Page 5 of 16

HNRNPA2B1 i high il low

1.00 1.00 1.00
Sor7s S o075 S o5 Sors
H H H 2
3 2 2 3
2 050 2 050 2 050 2 050
3 3 3 s
g g g 2
S025] p g S 0251 p_gq 50251 p_g Q) S 025
0.00 0.00 0.00 0.00
01 2 3 45 67 8 9 1011 12 01 2 3 45 67 8 9 1011 12 01 2 3 45 67 8 9 1011 12 3 4 5 67 8 11 12
Time (years) Time (years) Time (years) _ Time (years)
o
0
%-E mghlZEA 107 42 25 1412 5 4 3 3 2 1 1 E highd 73 46 25 12 8 6 3 2 2 2 11 1 O highd 48 28 21 14 3 2 2 11 1 ghvgh1325 176 67 34 19 15 7 5 3 1 0 0 0
5 lowq 147 oo 4 151 Bl o o T+ E Tow 160 _60 3 i19 10 8 3 1 1 0 0 LT_V 178 64 33 TB 15 9 Sl 10 0 E lowd 45 _30 18 1 10 10 &6 2 > G
< 012 3 45 67 8 9 1011 12 0123 4567 8 9 1011 12 0123 4567 891112 2 012 3 45 67 8 9 101 12
Time (years) Time (years) Time (years) x Time (years)
E I F - G - H ——
1.00 1.00 1.00 1.00
Sors So7s So7s So7s
H H H H
s s 5 5
2 050 2 050 2 050 2 050
g g g g
g ¢ ¢ ¢
3025 5025 3025 3025
P=0.01 P<0.01 P<0.0 P=0.0
0.00 0.00 0.00 0.00
4 5 67 8 9 10 11 12 3 4 5 6 7 8 9 1011 12 3 4 5 67 8 10 11 12 01 2 3 45 67 8 9 1011 12
Time (years) Time (years) Time (years) Time (years)
2 I 2 2
Z highy332 183 71 37 21 17 8 6 3 1 0 0 0O highd 322 166 57 28 156 13 5 5 2 1 1.0 0 high{ 305 163 53 33 18 ‘5 6 5 2 1 1 0 0 highd 89 62 25 13 10 9 6 4 3 2 1 1 1
g 8 K5 2 0% 4 2 ] g (o i A AR 3 11 ?; e 8 2 %R A L L W Sl h g 218 %% ¢ 1100
z 012 3 45 67 8 9 1011 12 = 012 3 45 67 8 9101 12 < 0123456789101112_1 012 3 45 67 8 9 1011 12
Time (years) Time (years) Time (years) Time (years)
| METTLS e righ i fow J REM1SE al high i low K REMX il high i ow L WIAP i high i low
1.00 1.00 1.00 1.00
So7s So7s So7s So7s
H H H H
s s s s
2 050 2 050 2 050 2 050
H H H H
2 2 2 2
8025 p_g o 80251 p_g) 3025 3025
0.00 0.00 0.00 0.00
01 2 3 45 67 8 9 1011 12 012 3 45 67 8 9 1011 12 2 3 45 67 8 9 1011 12 2 3 45 67 8 10 11 12
Time (years) Time (years) Time (years) Time (years)
o o
Emgn 54 36 22 13 8 6 2 1 0 0 0 0 0 fmgnlzm 151 56 29 1814 6 3 2 1 1 0 0 §h1gh1319 184 78 41 25 22 11 8 3 1 0 0 0 %mgnim 43 10 3 0 0 0 0 0 0 0 0 0O
o lowd 317 170 63 34 21 19 11 9 5 3 2 1 1 E lowg 84 55 29 18 11 4 7 7 3 2 1 1 hl m low: S 4 3 1 1 E low 34 163 44 29 13 _10 5 3 1 il
-3
2 01234567 8910112 < 0012 3 45 67 8 9 1011 12 01 2 3 45 67 8 9 1011 12 001 2 3 45 67 8 9 1011 12
Time (years) Time (years) Time (years) Time (years)
M B— N BO— e) BI— ) ol e
1.00 1.00 1.00 1.00
T o075 Sors S o7s Sors
H H H H
s s s s
2 050 2 050 2 050 2 050
S H H M
2 2 2 2
3025 5025 5025 S 025
P=0.0 P=0.
0.00 0.00 0.00 0.00
4 5 67 8 10 11 12 012 3 45 67 8 9 1011 12 012 3 45 67 8 9 1011 12 2 3 45 67 8 9 1011 12
Time (years) Time (years) Time (years) Time (years)
T N o ©
I'Dl-mgh 176 99 34 14 7 6 3 1 1 1 0 0 0 hmghlﬂﬂ" 182 69 37 24 20 10 8 3 1 0 0 O Ehlgh 65 27 8 3 3 3 0 0 0 0 0 0 O Ehlgh’ 38 27 16 9 5 5 1 1 11 1 11
I lowdd 21 2. 19 10 o 4 2 1 1 T lowq37 24 16 10 5 5 3 2 2 2 2 1 1 )E low 179 77 44 26 22 1 10 3 2 1 1 8 lowq333 179 69 38 24 20 1 94 il 90
; 0 1t 2 3 4 5 6 7 8 9 10 11 12 ; 0 1 2 3 4 5 6 7 8 9 10 11 12 > 0 1t 2 3 4 5 6 7 8 9 10 11 12 N 0 1t 2 3 4 5 6 7 8 9 10 11 12
Time (years) Time (years) Time (years) Time (years)
Q ® FErasers
- ©® Readers
[ ] ® Writers
LRPPRC \ YTHDCA
® e Risk factors
HNRNPA2BS \ akers @ Favorable factors
ot
/ IR
IGFBP ' ’ FTO
s '
[ ] / } { J
/ o/ /
p - 74 4
‘ 7
IGFBP2
- Cox test, P value
J
IGFBP3 R /PBM 58 .16_04. 0.001 .0 01
[ = e @005 @1
RBMX Vzcww
Postive correlation with P<0.0001
METTL1Z @ @® wveTTLIE

METTL14 RBM15

esm» Negative correlation with P<0.0001

Figure 1 Screening of prognostic N6-methyladenosine (m6A) regulatory genes using the data from The Cancer Genome Atlas (TCGA) and
Chinese Glioma Genome Atlas (CGGA) databases. (A-P) Kaplan-Meier survival analysis of 16 prognostic m6A regulatory genes (ALKBHS,
FMRI1, FTO, HNRNPA2B1, HNRNPC, IGFBP2, IGFBP3, LRPPRC, METTL3, RBM15B, RBMX, WTAP, YTHDF1, YTHDF2,

YTHDEF3, ZC3H13); (Q) prognostic network of 22 m6A regulatory genes.

© Annals of Translational Medicine. All rights reserved.

Ann Transl Med 2021;9(15):1241 | https://dx.doi.org/10.21037/atm-21-3139



Page 6 of 16

CDF

PC2

F

Consensus CDF

B

Consensus matrix k=2

Cai et al.

0

Prognostic signature for primary GBM

Delta area

. B
o] S
5 0.4
[=} o
o
2
S 0.3 1
8
-2 s
25 $ 02
=) g’
o6 S
-7 o
me 201+ \
3 O
= \oia
T T T T T T T T T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0 2 3 4 5 6 7 8 9
Consensus index k
° 1.00
° . m6Acluster
.. LY L] - A
. . £0.75 =B
. oo e g
‘ ‘ :o ° N '; .0.- e ° ¢ §
e AU . So0s0] -
I .'Bf.-‘. .. 5 )
*es o° ., % o o o o . ® m6Acluster = 1
0% o 680 %, o . >
%0 °5. 8800 ee? 5 °| eA 5 !
A R S SRR 3025 o4
. o 00 l.:‘. . ‘. .‘.. 'o . o B =i
@° o o g © !
S X n"-'},*""-". .’ 0.00 '
L ] L) L]
o oo LA 0o 1 2 3 4 5 6 7 8 9 10 11 12
. °® o Time (years)
. o 5 Number at risk
° 2 Al219 110 40 22 12 10 3 3 2 1 1 0 0
. 2 B]152 96 45 25 17 15 10 7 3 2 1 1 1
€ 0 1 2 3 4 5 6 7 8 8 10 11 12
-4 0 4 Time (years)

Fustat
Gender

Age
Project

— meAcluster

hll | II‘U

lll‘llll

i

mf "if'.i'

II l‘ I|I| |
N .'.‘y

||"f|

| ||||
'lﬂ |||'||||4f||>\
e

|\

i

it
IIII||

l‘ II|I | | |l ||
IHW ‘II
ik

I||‘I

||I Il[
’I‘ |

*i

|||
|"uh”' i
n lw' I

|H||

I |I IIM

II‘ I| Illll , ||
[

i

|Ih

i

i

!IIII

i

| IMI | IllllI

JII

[

i

i
[ ...'g i

il 'p,i\'

METTL14

i

METTL16
WTAP
ZC3H13
RBM15

RBM15B

' l

2

° l

-2

-4

Fustat
Alive
Dead

Gender

Age

Female
Male

<60
>60

Project

CGGA

TCGA
mBAcluster

A

B

” | YTHDC1

!\.

M -o--
HNRNPC

(]~

| | I | LRPPRC

HNRNPA2B1
IGFBP1
IGFBP2

IGFBP3

1|||

Il

RBMX

ALKBH5

Figure 2 Consensus clustering of N6-methyladenosine (m6A) genes. (A) Consensus clustering cumulative distribution function (CDF) k=2—
9. (B) Consensus clustering matrix for k=2. (C) Relative change in area under CDF curve for k=2-9. (D) Principal components analysis (PCA)
for the transcriptome profiles of 2 m6A subtypes, showing a significant difference in transcriptome between different cluster subgroups.
Primary glioblastomas (GBM) in the m6A cluster A subgroup are in blue. (E) Kaplan-Meier overall survival curves for 371 primary GBM
patients of different clusters. (F) Heatmap of 2 clusters defined by 22 m6A regulatory genes.

© Annals of Translational Medicine. All rights reserved.

Ann Transl Med 2021;9(15):1241 | https://dx.doi.org/10.21037/atm-21-3139



Annals of Translational Medicine, Vol 9, No 15 August 2021

A

méAcluster E5 A £4 B

100] ™ " ns ons e ong e+ e owmowmoww g e e s owee oo ong g
K
L[] : e .. [ ]
[] [} L4 L4
0.75 A . ‘ .,
< L]
S ] .
] .
= s . .
z . 3 0 . .
£ 0509 ¢ ° . . !
o . H
=3 ° L] L]
E
£ . (] e
0.25 . .
.
0.00 .
O D D DDA DD D0 @D NN NN N N N NN
) () () () ) () ) Q" Q" ) () 1) () Q¥ @ () Q2 ()
FhEE E F & FhFeP FF B TE & & PP F P F S
QD v o &N L LY F O L NS @
P SN F @ Y R (S8 & o oo o8
GO0 @ C & WO @ ¥ @ (S
‘?sjé 5@6 é&b oF 5 & @9 ~ '&@e"’& 5 ng 5 N (\.
PRI NSRS &N S o Q~
FFF S & & ER & o
Nall o & & & é\@ @
v %60 § S &
S Q

| [ —— mBAcluster
[ I  Project
KEGG_BETA_AUANINE METABOLISH

I K250 AU ASPTITE A AN L
H KEGG_PROXIMAL_TUBULE_BICARBONATE_ RECLAMATION

KEGG_BLADDER CANCER

mBACluster
> WA
B
1 Project

‘ KEGG P53 SIGNALING PATHVAY
KEGG ECM RECEPTOR INTERACTION
KEGG_FOCAL ADHESION

KEGG_SMALL CELL LUNG_ CANCER

i
‘|”\‘l | “

KEGG_PATHWAYS_IN_CANGER

N
'J \{ \Il |]
| ”l“‘\‘\\ H‘\
~‘“ i

Extracellular structure organization
Extracellular matrix organization
Negative regulation of hydrolase activity
Regulation of peptidase activity
Cell-substrate adhesion

Connective tissue development
Collagen fibril organization

Endoderm development

Endodermal cell differentiation
formation

KEGG_GALACTOSE_METABOLISM

KEGG_STARCH AND_SUCROSE METABOLISIM

d8

Collagen-containing extracellular matrix
Endoplasmic reticulum lumen

Collagen trimer

Cytoplasmic vesicle lumen

Vesicle lumen

Basement membrane |

Extracellular matrix component
Complex of collagen trimers

Fibrillar collagen trimer

Banded collagen fibril

Extracellular matrix structural constituent

Enzyme inhibitor activity

Extracellular matrix structural constituent conferring tensile strength
Collagen binding

Growth factor binding

Peptidase regulator activity

Integrin binding

Extracellular matrix binding

Protease binding

Platelet-derived growth factor binding

20

E

005 0.10 0.15

GeneRatio

0.20

KEGG_GLYCOSAMINOGLYGAN. BIOSYNTHESIS KERATAN SULFATE

Page 7 of 16

[ m6Acluster

[ ——
(i [
CGGA
ofl — i T
oo \ \ ([T—
-2 I m Ap—
} ‘ | H e s s o
| \ | [
‘ | \‘ \ [ PS——
F i s 1 e o
i | H e e e
Il \ Il || (1l J—
F’ ’ i H‘ \ Il U
\ \ | ‘ il P ——
| u il \ H [P —
L] H| ’” \H s o s
\ 11 \ e o s s
E‘ ‘ \ | [ESE——
FALLUATI PO AT TR SONALING
E Human papillomavirus infection
PI3K-Akt signaling pathway
qualue ECM-receptor interaction [ ]
Count
000008 Focal adhesion{ [ ] ® 50
0.00010 @5
0.00015 — N
ot Protein digestion and absorptiond ) [ ] :2 2
Proteoglycans in cancer- [ ] . 15.0
Count
@ 10 AGE-RAGE signaling pathway in diabetic complications { ° qualue
@ 5
@ Amoebiasis { [ ] 0.01
[ 25 o 0.02
Relaxin signaling pathway [ ]
[ &) 0.03
@ Phagosome{ @
C and lati d [ )
Small cell lung cancer{ ®
0.10 0.15 0.20
GeneRatio

Figure 3 Interaction and correlation between clusters. (A) Comparison of immune infiltration level of primary glioblastoma patients

between N6-methyladenosine (m6A) cluster A and B groups, based on single-sample gene set enrichment analysis algorithm. Data are

presented as mean +

SD; ns P>0.05, *P<0.05, **P<0.01, **P < 0.001. (B,C) Differences in Kyoto Encyclopedia of Genes (KEGG) and

HALLMARKS pathways between2 subgroups. (D,E) The Gene Ontology and KEGG analysis of 132 prognostic DEGs between m6A

cluster A and m6A cluster B.

© Annals of Translational Medicine. All rights reserved.

Ann Transl Med 2021;9(15):1241 | https://dx.doi.org/10.21037/atm-21-3139



Page 8 of 16 Cai et al. Prognostic signature for primary GBM

A Consensus CDF B Consensus matrix k=3 C Delta area
1.0 4 % —
I G 0.4 4
‘ a2 w
0.8 1 — ®3 5
| [5]
©0.34
0.6 s
w ©
a - <
© 0.4 8 3 'E 0.24
e g \
& <
0.2 a5 0.1 \
=9 2 o
3 N
0.0 1 o T——
0.0 0.2 0.4 0.6 0.8 1.0 2 3 4 5 6 7 8 9
Consensus index k
1.00 geneCluster geneCluster E3 A EIB E3 C
=-=A PR L T T war wx kk B T T
= =B 10.0
= 0.75 == C . N
K . K
<) c X
5 0.50 IR P gi I I ™
3 § o T h;‘# 38 .-l.||.'.l
S . o o D
S 0.25 3 (" a# T . e olle
[} L o L )
0 ) . ) . ol
1 5 o5/ ° ] * . N ¢ o
0.00 ! o - ‘e . “ *
0 1 2 3 4 5 6 7 8 9 10 11 12
Time (years) 0.0 ! .
& Number at risk
S A © R 2ON2 D N N A N O XD 0 P
s E ] % B8 58 18468 8 LR ELSSE TS SE SR E L
3 C 60 37 25 15 13 8 5 21 1 P NSRRI CEFFFE €
g 0 1 2 3 4 5 6 7 8 9 10 11 12 @@v‘é& PELLECLEL \’e@ SN v
Time (years) RS
F NN 1 1N IS I N I I N NN N NN O NN NN N N NN NN N NN OO NN N NI N NN W Fustat
NN N NN T IR T IR TN W W T T OO I T I TN TN N T TINT NN AN NINTE ] Gender
T R [T M N T A T T W] I i Age
! Project
m6Acluster
geneCluster
Fustat
4 Alive
| Dead
Gender
5 [ Female

Male
Age
<60
0
= >60

Project
[ caea
TCGA

m6Acluster
A
B

geneCluster

: ik
; ,,::{-,I‘ngt._. '4f

o

Figure 4 Consensus clustering of 132 prognostic differentially expressed genes (DEGs) between N6-methyladenosine (m6A) cluster A
and m6A cluster B. (A) Consensus clustering cumulative distribution function k=2-9. (B) Consensus clustering matrix for k=3. (C) Relative
change in area under CDF curve for k=2-9. (D) Kaplan-Meier overall survival curves for 371 primary glioblastoma patients of different
clusters. (E) Differential expression of 22 m6A regulatory genes in 3 gene clusters. (F) Heatmap showing the correlation between the
expression levels of the DEGs derived from 2 m6A clusters and sex, age, m6A clusters and gene clusters. *P<0.05, **P<0.01, and ***P<0.001.

© Annals of Translational Medicine. All rights reserved. Ann Transl Med 2021;9(15):1241 | https://dx.doi.org/10.21037/atm-21-3139



Annals of Translational Medicine, Vol 9, No 15 August 2021

regulators had remarkable differences in expression
among the 3 gene cluster groups, except for METTL3,
METTLI14, YTHDC2, and HNRNPC (Figure 4E),
which verified the diversity of m6A modification modes
in primary GBM. We also designed a heatmap to visualize
the correlation between the expression levels of the DEGs
derived from 2 m6A clusters and sex, age, m6A clusters, and
gene clusters (Figure 4F).

Construction of the m6A score and exploration of its
clinical velevance

These findings only confirm that m6A modification
affects patients’ prognosis and the regulation of immune
infiltration. These analyses are based on patient populations
only and cannot precisely predict the pattern of m6A
methylation in individual tumors. Therefore, we developed
an mOA score scoring scheme based on the identified m6A
phenotype-related signature genes to quantify the m6A
modification pattern of individual primary GBM.

As shown in Figure 5A, patients in the high-m6A score
group exhibited significantly longer survival time than
those in the low-m6A score group. We further analyzed
the relationship between m6A score and immune cells
and found that m6A score was negatively correlated
with immune cells (Figure 5B). Sankey diagram showed
the complex connections between m6A cluster, m6A
phenotype-related gene cluster, m6A score, and prognosis
(Figure 5C). The findings indicated that m6A cluster A was
linked to gene cluster B and gene cluster C. Furthermore,
gene cluster B and gene cluster C were linked to a lower
mo6A score, which has a worse prognosis. Figure SD-5G
shows the relationship between m6A cluster, gene cluster,
prognosis, and m6A score in detail.

Role of m6A score in predicting immunotherapeutic
benefits

Immune checkpoint inhibitors, such as PD-1/PD-L1 and
CTLA-4 inhibitors, have been approved for clinical use in
tumors. Other co-inhibitory immune checkpoint molecules
have been identified, such as PD-L.2, CD47, SIRPa, LAG-3,
Tim-3, and TIGIT, which are widely used to evaluate immune
response. Our analysis showed that PD-1/PD-L1, PD-L2,
CTLA-4, and Tim-3 were downregulated in the high-m6A
score group, whereas SIRPa was upregulated (Figure 64-
61). There was no significant difference in the expression of
CD47, LAG-3, and TIGIT between the 2 groups.

© Annals of Translational Medicine. All rights reserved.
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Immunophenoscore is a superior predictor of response
to anti-CTLA-4 and anti-PD-1 antibodies, which could
identify determinants of tumor immunogenicity (27).
We found that the CTLA-4-negative and PD-1-negative
groups had a high immunophenoscore, resulting in
better immunotherapeutic benefits (Figure 67). In the
other groups, there was no significant difference in
immunophenoscore (Figure 6K-6M).

Role of m6A score in predicting chemotberapeutic effect

ATP binding cassette (ABC) transporters, such as
P-glycoprotein (P-gp), breast cancer resistance protein
(BCRP), and multidrug resistance-associated proteins
(MRPs) play important roles in drug or multidrug resistance
in various cancers. We compared their expression levels in
the high- and low-m6A score groups. P-gp and BCRP were
overexpressed in the high group, whereas the MRP family
showed a complex expression pattern (Figure 74-7H).
According to the pRRophetic algorithm, we predicted
the IC;, of 12 common chemotherapeutic agents (gefitinib,
cisplatin, docetaxel, bleomycin, paclitaxel, etoposide,
tipifarnib, doxorubicin, rapamycin, erlotinib, gemcitabine,
vinblastine) in high- and low-m6A score patients, and found
that almost all drugs had a higher IC;, in high-m6A score
patients, except for gefitinib (Figure 7I-7T). This indicates
that the low-m6A score patients were more sensitive to

these 11 drugs.

Discussion

In the current study, we evaluated the prognostic value of
m6A RNA regulators in primary GBM using the data from
TCGA and CGGA databases. In particular, consensus
clustering of 22 m6A RNA regulators classified primary
GBM patients into the following 2 subgroups: m6A cluster
A and m6A cluster B. m6A cluster subgroups influence OS,
tumor immune cell infiltration, and key signaling pathways.
Moreover, we developed an m6A scoring scheme to quantify
the level of m6A modification in individual patients by PCA
based on 132 prognostic m6A phenotype-related DEGs
between the 2 m6A cluster subgroups. The m6A score could
be used to predict clinical prognosis, immunotherapeutic
benefits, and chemotherapy effect.

Compelling evidence has shown that m6A modification
is involved in the TME, tumor progression, and
therapy responses (29-31). Although many studies have
demonstrated the epigenetic regulatory role of m6A
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Figure 6 Prediction of immunotherapy effect. (A-I) Expression level of immune checkpoint molecules, including programmed cell death
protein (PD)-1, programmed cell death-ligand 1 (PD-L1), programmed cell death-ligand 2 (PD-L2), cytotoxic T-lymphocyte antigen-4
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group patients. (J-M) Immune response of high- and low-m6A score groups associated with CTLA-4 and PD-1.
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Figure 7 Prediction of chemotherapeutic effect. (A-H) Expression level of drug resistance-related genes,
cancer resistance protein, and multidrug resistance-associated protein (MPR)1, MPR2, MPR3, MPR4, MPRS5, and MRP7, in high- and
low-N6 methyladenosine score group patients. (I-T) Sensitivity analysis of 12 common chemotherapy drugs in patients in the high- and

low-m6A score groups.
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regulatory factor in tumor development and progression,
the tumor promotion and tumor inhibition mediated by
integrated m6A RNA methylation regulators factor have
not been comprehensively understood. Therefore, the
identification of different m6A modification patterns in
tumors will provide insight into the role of m6A RNA
methylation in tumor pathogenesis, and facilitate more
effective immunotherapy or chemotherapy.

Most LGG will progress to GBM with a very poor
prognosis within months (32). Some researchers have
explored the value of m6A methylation regulators in
GBM (12). Considering the huge pathological differences
between primary GBM and secondary or recurrent GBM,
we specifically analyzed the value of m6A methylation
regulators in primary GBM (14,33,34).

In the present study, we identified 2 distinct m6A
methylation modification patterns characterized by different
clinical outcome, which were correlated with different
immune phenotypes and signaling pathways. Previous
studies have shown that the TME contexture is involved
in facilitating immunosuppression and limiting anti-
cancer immune responses (35). m6A modification can also
modulate tumor immune response. For example, METTL3
deficiency-mediated m6A modification suppresses
macrophage activation (36).

To quantify the m6A modification pattern of individual
primary GBM, we established an m6A scoring scheme for
precise therapeutic strategies. As a result, the high-m6A
score group had a better outcome, while the low-m6A
score group demonstrated poor prognosis. Further analyses
showed that m6A score was significantly associated with the
expression level of immune checkpoint molecules, including
PD-1, PD-L1, PD-L2, CTLA-4, SIRPa, and Tim-3,
implying that m6A modification could affect the efficacy
of immunotherapy. However, the expressions of LAG-
3, CD47, and TIGIT were also compared between high-
and low-m6A score groups, and did not show significant
differences. PD-1/PD-L1 serves as the major immune
checkpoint due to its efficacy in highly aggressive tumors
through the negative regulation of T-cell-mediated immune
response (37). Activation of the PD-1/PD-L1 axis is a key
factor in the immunosuppression of the TME. Specifically,
PD-1/PD-L1 signaling reduced T-cell activation,
cytotoxicity, and proliferation, and increased Tregs
survival (38). Similarly, CTLA-4 was found to be inherently
expressed in immune cells, leading to attenuated immune
responses (39). Tim-3 is associated with dysfunctional/
failing T cells, and blocking Tim-3 can improve the function
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of these cells (40). In summary, the high-m6A score group,
which had good prognosis, had low expressions of common
immune checkpoint molecules, such as PD-1, PD-LI,
CTLA-4, and Tim-3, which demonstrated relatively weak
immunosuppression.

We also compared the protein expression levels of several
common multidrug resistance-associated ABC transporter
families in the 2 groups. The ABC transporter superfamily
consists of 7 (A-G) subfamilies with a total of 48 members,
and their overexpression is an important cause of multidrug
resistance to chemotherapy (41). Among them, P-gp, BCRP,
and MRPs are the recognized molecules that contribute
to the development of multidrug resistance (42,43). In the
present study, P-gp and BCRP were highly expressed in the
high-mo6A score group, while the expression of the MRP
family was more complex. MRP2, MRP4, and MRP5 were
highly expressed in the high-m6A score group, whereas
MRP1, MRP3, and MRP7 had low expression. As these
genes associated with multidrug resistance were expressed
differently in the high- and low-m6A score groups, this
model may be useful for evaluating chemotherapeutic drug
response. We further applied the m6A score model to the
prediction of chemotherapy response and found that there
were significant differences in the IC;, of chemotherapy
drugs between the high- and low-m6A score groups.
Among the 12 common chemotherapeutic agents (gefitinib,
cisplatin, docetaxel, bleomycin, paclitaxel, etoposide,
tipifarnib, doxorubicin, rapamycin, erlotinib, gemcitabine,
vinblastine), the high-m6A score group was more sensitive
to gefitinib, while for most of the other chemotherapy
drugs, the low-m6A score group showed higher sensitivity.
Unfortunately, using pRRophetic package, we did not obtain
the results of temozolomide, the first-line chemotherapy
drug for glioma. ABC transporters perform the function of
multidrug resistance by expelling chemotherapy drugs inside
the cells. P-gp has a wide spectrum of specific substrates,
and can produce cross-resistance to different cytotoxic
drugs, such as paclitaxel and doxorubicin (44,45). BCRP
also has a variety of substrates, including doxorubicin (46).
In the case of the MRP family, MRP1 and MRP7 expel
intracellular doxorubicin and reduce its potency (47). The
high-m6A score group was more sensitive to gefitinib,
while for most of the other chemotherapy drugs, the low-
mo6A score group showed higher sensitivity. The high-m6A
score group had a high expression of P-gp and BCRP, and
a low expression of MRP1 and MRP7, which exhibited the
characteristics of resistance to doxorubicin. Therefore, the
effect of the high- and low-m6A score groups on IC;; of
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chemotherapy drugs may be the result of multiple factors

In conclusion, we evaluated the m6A modification
patterns of 371 primary GBM patients based on 22 m6A
regulators. Moreover, we developed an m6A scoring scheme
to evaluate the m6A modification pattern in individual
tumors, which will help improve our understanding of
the characteristics of TME cell infiltration, and predict
clinical prognosis, and provide important insight into
immunotherapeutic benefits and chemotherapy effect.
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