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ABSTRACT

Background Recent studies have focused on the
correlation between N6-methyladenosine (m°A)
modification and specific tumor-infiltrating immune cells.
wamnmemmmmnm%oﬂfAmMWMMnmme
tumor immune landscape remain elusive.

Methods We comprehensively evaluated the m®A
modification patterns and tumor immune landscape of
513 clear cell renal cell carcinoma (ccRCC) patients, and
correlated the m°A modification patterns with the immune
landscape. The m6Ascore was established using principal
component analysis. Multivariate Cox regression analysis
was performed to evaluate the prognostic value of the
m6Ascore.

Results We identified three m6Aclusters—characterized
by differences in Th17 signature, extent of intratumor
heterogeneity, overall cell proliferation, aneuploidy,
expression of immunomodulatory genes, overall somatic
copy number alterations, and prognosis. The m6Ascore
was established to quantify the m°A modification pattern
of individual ccRCC patients. Further analyses revealed
that the m6Ascore was an independent prognostic factor
of ccRCC. Finally, we verified the prognostic value of the
m6Ascore in the programmed cell death protein 1 (PD-1)
blockade therapy of patients with advanced ccRCC.
Conclusions This study demonstrated the correlation
between m°A modification and the tumor immune
landscape in ccRCC. The comprehensive evaluation of
m°®A modification patterns in individual ccRCC patients
enhances our understanding of the tumor immune
landscape and provides a new approach toward new
and improved immunotherapeutic strategies for ccRCC
patients

BACKGROUND

Methylation of N6 adenosine to produce
N6-methyladenosine (m°A) is the most
common type of RNA modification'; it is
thought to regulate multiple RNA-related
processes, such as RNA stability,” transla-
tion,” alternative splicing* ° and nuclear
export.” m°A modification is a dynamic and
reversible process which is regulated by m°A
methyltransferases (‘writers’), m°A demeth-
ylases (‘erasers’) and m°A-binding proteins
(‘readers’).7 The m°A methyltransferases—
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VIRMA—catalyze m°A modification as m°A
writers, while a set of m°A demethylases—
including ALKBH5 and FTO—mediate the
reversal of m°A modification of RNA as m°A
erasers.”? Moreover, m°A-binding proteins—
such as IGF2BP1,/2/3, YTHDF1/2/3 and
YITHDC1/2—recognize and bind to the
m°A methylation sites in RNA as m°A
readers.”  m°A is an essential RNA modifi-
cation that regulates multiple key cellular
processes including cellular differentiation,
stem cell renewal and response to DNA
damage."’ Evidently, aberrant expression of
m°A regulators is associated with tumorigen-
esis, malignant tumor progression and immu-
nomodulatory abnormality.m 1

checkpoint therapy (ICT)—
such as programmed cell death protein
1 (PD-1)/PD ligand 1 (PD-L1) blockade
therapy—is transformative in the treat-
ment of advanced clear cell renal cell carci-
noma (ccRCC).'"* ® However, there remains
a considerable proportion of patients
with no response or resistance to ICT." In
solid malignant tumors, the PD-1 blocking
response is associated with numerous tumor-
intrinsic’® ' and tumor immune microen-
vironment (TIME)
common paradigm in the immunology of
solid tumors is that effective responses to
anti-PD-1 therapy occur when the TIME is
characterized by high infiltration of CD8+ T
cells and that resistance to this therapy occurs
when the TIME is characterized by the lack
of such an infiltration.'” * Understanding
the biology of the TIME that drives the ICT
response is crucial to the design of immuno-
therapeutic strategies.”' **

Several studies have recently focused on
the special relationship between m°A regula-
tors and immune cells. Wang et al*® reported
that METTL3-mediated m°A modification
increased the translation of certain immune
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DC-based T-cell responses. Li et al** showed that deletion
of METTL3 in T cells disrupted the homeostasis and
differentiation of T cells. Han et af® found that deletion
of YTHDF1 elevated the antitumor response of antigen-
specific CD8+ T cells and enhanced the efficacy of anti-
PD-L1 therapy. However, limited by existing experimental
technology, the above research is confined to a limited
number of m°A regulators and cell types, while the devel-
opment and progression of cancers depend on cross-talk
among multiple m®A regulators of RNA methylation.’
Therefore, a comprehensive evaluation of the immune
landscape mediated by a variety of m°A regulators will
enhance our overall understanding of the immunomodu-
latory effect of m®A regulators on the TIME. Recently, the
m°A modification patterns of gastric cancer were compre-
hensively evaluated based on multiple m°A regulators
and systematically correlated with the tumor immune
landscape, indicating the important role of m°A modifi-
cation in TIME diversity in gastric cancer.”®

In the present study, we integrated the molecular
and clinical data of 513 ccRCC patients to comprehen-
sively evaluate the m®A modification patterns and tumor
immune landscape and correlated the m®A modification
patterns with the immune landscape. We identified three
distinct m°A modification patterns and were surprised to
find that they had distinct immune landscapes and prog-
noses, indicating the crucial roles of m°A modification in
the formation of individual tumor immune landscapes in
ccRCC patients. We went on to quantify the m°A modi-
fication patterns of individual ccRCC patients by estab-
lishing the gene signature of m°A regulators.

METHODS

Molecular and clinical data

The workflow of our study is shown in online supple-
mental figure S1. RNA sequencing data (count values) for
gene expression analysis, genetic mutations (VarScan),
and clinical data were downloaded from the Genomic
Data  Commons  (https://portal.gdc.cancer.gov/).?’
The count values were transformed into transcripts per
kilobase million (TPM) values (the gene lengths used for
the above transformation were measured as total non-
overlapping exon length) and the Ensembl gene IDs
of the RNA-seq data were converted to gene symbols by
referring to the annotation file (https://www.gencode-
genes.org/human/release_22.html). The copy number
variation (CNV) data were downloaded from the Broad
GDAC Firehose (https://gdac.broadinstitute.org/). The
normalized data from another ccRCC cohort (91 cases)
were downloaded from the International Cancer Genome
Consortium (ICGC, https://dcc.icgc.org/).

Model-based clustering analysis for m®A regulators

Gene expression levels were quantified using the metric
log2 (TPM +1), then used to identify m°A modification
patterns based on the expression of 24 m°A regulators
by model-based clustering analysis implemented in the R

package ‘mclust’.*® The optimal number of clusters was
determined based on the Bayesian information criterion.

Immune cellular fraction estimates

CIBERSORT—a deconvolution algorithm reported by
Newman et al* and verified by fluorescence-activated cell
sorting—was used to quantify the 22 infiltrated immune
cells according to normalized gene expression profiles.
The 22 immune cells included memory B cells, naive B
cells, plasma cells, resting/activated DCs, resting/acti-
vated natural killer (NK) cells, resting/activated mast
cells, eosinophils, neutrophils, monocytes, MO-M2 macro-
phages, and seven T-cell types (CD8+ T cells, regulatory
T cells (Tregs), resting/activated memory CD4+ T cells,
follicular helper T cells, naive CD4+ T cells and gammad-
elta T cells (Y0 T cells)) For each sample, the sum of all
estimated values for the proportion of immune cells was
equal to 1. CIBERSORT results were obtained from the
following website: https://gdc.cancer.gov/about-data/
publications/panimmune (online supplemental table
Sl).30 The relative abundance of Thl/Th2/Thl17 cell
infiltration in the ccRCC TIME was quantified by single-
sample gene-set enrichment analysis. The gene sets for
marking the Th1/Th2/Thl17 cell types were obtained
from a study published by Thorsson et al*® The prog-
nostic value of infiltrated immune cells was assessed by
univariate Cox regression analysis.

Evaluation of values of key immune characteristics and
measures of DNA damage among m6Aclusters

Values of key immune characteristics (including leuko-
cyte fraction, Th1/Th2/Thl7 cells, single nucleotide
variant neoantigens, indel neoantigens, proliferation,
aneuploidy score, intratumor heterogeneity (ITH), B-cell
receptor (BCR) evenness, T-cell receptor (TCR) evenness
and cancer testis antigens (CTA) score) and measures
of DNA damage (including CNV burden (number of
segments and fraction of genome alterations, respec-
tively), loss of heterozygosity (LOH; number of segments
with LOH events, and fraction of bases with LOH events,
respectively), homologous recombination deficiency,
and mutation load (non-silent mutation)) were obtained
from the following website: https://gdc.cancer.gov/
about-data/publications/panimmune (online supple-
mental table S1).

Correlations between the expression characteristics of m°A
regulators and inmunomodulators

A list of 78 immunomodulators (IMs) was obtained
(online supplemental table $2),% three of which (HLA-
DRB3, HLA-DRB4 and KIR2DL2) had no corresponding
mRNA expression and were excluded from subsequent
analysis. The median expression levels of the samples were
used to represent the expression of each ccRCC subtype.
In order to examine the differences in IM expression
among different subtypes, we carried out the Kruskal-
Wallis test on the gene expression levels for each ccRCC
subtype. CNVs for each IM gene were obtained from the
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following website: https://gdc.cancer.gov/about-data/
publications/panimmune.”’ We calculated the differ-
ence between the observed and expected amplification
frequencies (deletions) for each IM gene in each ccRCC
subtype, where the expected frequency is the overall
amplification frequency (deletions) of all ccRCC cases.

Gene set variation analysis

Gene set variation analysis (GSVA)—a non-parametric
and unsupervised method commonly used for estimating
pathway variations in the samples of expression datasets—
was performed to explore the differences in biological
processes among m°A modification patterns.” The ‘c2.cp.
kegg.v6.2.symbols’ gene sets for GSVA were downloaded
from the Molecular Signatures Database (MSigDB). A
p<0.05 was considered statistically significant.

Identification of differentially expressed genes among
m6Aclusters

To identify genes related to m°A modification patterns,
we classified patients into m6Aclusters based on the
expression of 24 m°A regulators. Differentially expressed
genes (DEGs) among these clusters were determined
using the R package ‘DESeq2’, which was applied using
the raw count values of RNA sequencing data. Genes with
adjusted p<0.01and at least two-fold changes in expres-
sion were identified as DEGs.

Construction of the m°®A gene signature

We applied a methodology to quantify the m°A modifi-
cation pattern (m6Ascore) of individual ccRCC patients.
The mo6Ascore was established as follows. First, we
extracted the overlapping DEGs among m6Aclusters and
classified the ccRCC patients into several groups using
model-based clustering to analyze overlapping DEGs.
Univariate Cox regression analysis was performed to
evaluate the prognosis of each overlapping DEG. Genes
with a significant prognosis (p<0.05) were extracted for
further analysis. Next, principal component analysis
(PCA) was performed to establish the m°A gene signa-
ture. We selected both principal components 1 and 2 as
signature scores. Finally, the m6Ascore was defined using
a method similar to Genomic Grade Index*® ****;

méAscore = Y (PC1; + PC2))

where i is the expression of overlapping genes with a
significant prognosis of DEGs among m6Aclusters.

Correlation between m6Ascore and other relevant biological
processes

Spearman’s correlation analysis was performed to inves-
tigate the correlation between m6Ascore and other rele-
vant biological processes using the gene sets reported
by Mariathasan et al (online supplemental table S3),"
including (1) antigen processing machinery (APM), (2)
effector CD8 T-cell signature, (3) immune checkpoint,
(4) nucleotide excision repair, (5) mismatch repair, (6)
DNA replication, (7) DNA damage repair, (8) epithelial-
mesenchymal transition markers, (9) Wnt targets, (10)

pan-fibroblast transforming growth factor-} response
signature, and (11) angiogenesis signature.

Genomic and clinical data with anti-PD-1 therapy for ccRGC

A systematic search for the genomic and transcriptomic
datasets of ccRCC patients treated with anti-PD-1 therapy
was performed. We ultimately included one immunother-
apeutic cohort—advanced ccRCC with treatment of PD-1
blockade and mammalian target of rapamycin (mTOR)
inhibition—obtaining the genomic, transcriptomic and
clinical data (online supplemental table S4) from the
online supplemental data appended to the published
paper.**

Statistical analysis

Statistical significance for three or more groups was
estimated using the Kruskal-Wallis test and association
between categorical variables was explored using the ¥
test. The correlation coefficient was calculated via Spear-
man’s correlation analysis. Continuous variables were
dichotomized for patient survival using optimal cut-off
values determined by ‘survminer’ R package. The Kaplan-
Meier method was used to generate survival curves and
the log-rank test was used to determine the statistical
significance of differences. The independent prognostic
factors, determined by multivariate Cox regression anal-
ysis, were visualized by ‘forestplot’ R package. The ‘onco-
plot’ function of R package ‘maftools’ was used to depict
the mutation landscape of The Cancer Genome Atlas
Kidney Renal Clear Cell Carcinoma (TCGA-KIRC) cohort
and immunotherapeutic cohort. The protein—protein
interaction (PPI) networks among m°A regulators were
identified based on the STRING interaction database™
and visualized by Cytoscape.”® All tests were two sided,
and p<0.05 was regarded as significant. All analyses were
performed with R software V.3.62 (http://www.R-project.

org).

RESULTS

Molecular characteristics and clinical relevance of m°A
regulators in ccRCC

On reviewing the literature, we identified 24 genes that
mainly regulate RNA methylation including 8 writers
(RBM15/RBM15B, METTL14, METTL3, WTAP, CBLL1,
VIRMA and ZC3H13), 2 erasers (FTO and ALKBH5) and
14 readers (FMRI1, ELAVL1, HNRNPC, HNRNPA2B1,
YTHDF1/2/3, YTHDC1/2, RBMX, IGF2BP1/2/3 and
LRPPPRC). Somatic mutations and CNVs were integrated
to explore the prevalence of m®A regulator variations in
ccRCC. The overall average mutation frequency of m°A
regulators was low, with only 27 of 336 samples having m°A
regulator mutations (figure 1A). We then studied the CNV
alteration frequency of the m°A regulators and demon-
strated that CNV alterations were prevalent (figure 1B).
The mRNA expression levels of m°A regulators in ccRCC
and adjacent tissues were also explored, revealing that
21 out of 24 m°A regulators were differentially expressed

Zhong J, et al. J Immunother Cancer 2021;9:001646. doi:10.1136/jitc-2020-001646

3


https://gdc.cancer.gov/about-data/publications/panimmune
https://gdc.cancer.gov/about-data/publications/panimmune
https://dx.doi.org/10.1136/jitc-2020-001646
https://dx.doi.org/10.1136/jitc-2020-001646
https://dx.doi.org/10.1136/jitc-2020-001646
http://www.R-project.org
http://www.R-project.org

Altered in 27 (8.04%) of 336 samples.
536 ® Type
. Amplication
o 5 0759 @ Deletion
0 - BB nlmn_ . }
vruocz [IENRN 1% [
YTHDC1 /] 1% [ >
ZC3H13 m 1% [ e
wrar n v . 8 050
VIRMA [1 ] 1% =
LRPPRC 11 1% [l g
IGF28P2 [ ] 0% W =
IGF2BP3 0%
YTHDF1 Il 0% = = Missense_Mutation %
HNRNPA2B1 [ | o W = Nonsense_Mutation o
YTHDF2 [ ] % Ml = Splice_Site 0.25 4
HNRNPC [ ] % M ® Frame_Shift_Ins
METT&S II g; = = Frame_Shift_Del
METTL14 N o
RBM15 I o W ® Multi_Hit : . .
FTO o W 8 :
FMR1 Hox W .
1GF28P1 % 0.00 ©)
O DN DO N O MV O D L0 & N v >
RBM158 0% Qv4v$Q&¢q§Q$§e¢V@\@§q§«vgoon &
9 g & S LK F & S L & P X
“caits o FOF ¢ L LFFEE S ETEELELE
ELAVLT 0% &
O Readers
Type B3 Normal g8 Tumor Writers
Erasers
10.0

e e wen L

75

50 |

log2(TPM+1)

Tk
ﬁ++ N - m;’

IGF2BP1

HNRNPC

HNRNPAZBI

% ©

YTHDF1 FMR1

©

YTHDF3 FTO

o
ALKBHS

® Risk factors for OS
CBLLI
© Favorable factors for OS

2 L 3
A O P %
Q\_(\_(\ ‘2_(&‘2?

Figure 1

N D Ao L0 % > R D50 0 N
QOQ"(Q\S\‘\/\&?‘&\\@'\Q‘\/
O e@é\(o\/$4\q~§“§%<<\/<b\r

ME ZC3M13
°
N O N METTL3 o o °WTAP
NN
N R v RBMI5 VIRMA
RPN RBMISB Posttive correlation with P < 0.0001
&F < Negative correlation with P < 0.0001

P value
Qoos Oo.m1©1e-os©e-oa

Molecular characteristics and clinical relevance of m°A regulators in ccRCC. (A) The mutation frequency of m°A

regulators in ccRCC. (B) Dumbbell plot depicted the CNV alteration frequency of mPA regulators in ccRCC. The deletion
(amplification) frequency was marked with blue (red) dot. (C) The gene expression alterations among m®A regulators. (D)
Interaction of m°A regulators in ccRCC. Readers, yellow; Writers, blue; Erasers, red. The size of each circle represented survival
impact of each m®A regulator, calculation used the formula log10 (unicox p values indicated). Green (black) dots represented
favorable (risk) factors of overall survival. The lines connecting m°A regulators presented their interactions, and thickness of the
lines represented the correlation strength among regulators. Positive (negative) correlation was indicated in red (blue). ccRCC,
clear cell renal cell carcinoma; CNV, copy number variation; m°®A, N6-methyladenosine; OS, overall survival.

(figure 1C). The above analyses showed that the genetic
and expressional variations in m°A regulators were highly
heterogeneous between ccRCC and adjacent tissues,
suggesting a crucial role for the imbalance of m°A regu-
lator expression in the development and progression of
ccRCC. Moreover, the function of genes is not isolated,
in that it has been shown that collaboration among m°A
regulators exists in the context of cancer.”” *® Thus, the
correlation of mRNA expression among m°A regulators
was explored. We identified that writers, erasers, and
readers had a high expression correlation (figure 1D,
(online supplemental table S5) and interacted with each
other frequently in PPI networks (online supplemental
figure S2). Taken together, these results indicate crucial
cross-talk roles among m°A regulators of RNA methylation
in the formation of distinct m°A modification patterns.

Next, the clinical relevance of m°A regulators in ccRCC
patients was explored. We found that many m°A regu-
lators were related to prognosis in patients with ccRCC
(figure 1D). Several m°A regulators (eg, IGF2BP1 and
IGF2BP3) presented oncogenic characteristics, with
higher expression levels of these genes related to poor
prognosis in ccRCC patients. In contrast, we found that
several m°A regulators (eg, LRPPRC and METTL14)
presented characteristics of tumor suppressors, with
higher expression levels of these genes correlated with
favorable prognosis in ccRCC patients.

m°®A modification patterns mediated by 24 m°®A regulators

Model-based clustering was performed to classify ccRCC
patients based on the expression of 24 m°A regula-
tors. We ultimately uncovered three distinct methyla-
tion modification patterns (identified as mo6Aclusters
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Figure 2 m°A modification patterns in ccRCC and biological characteristics of m°A subtypes. (A) Model-based clustering of
ccRCC yields three subtypes in the TCGA-KIRC dataset. C1, cluster1; C2, cluster2; C3, cluster3. (B) Comparison of prognosis
among ccRCC subtypes (Kaplan-Meier analysis). (C, D) The heatmap depicted the activation states of biological processes
(evaluated by GSVA) among m6Aclusters, and activated and inhibited biological processes were marked with red and green,
respectively. (C) m®Acluster-C1 vs mBAcluster-C3; (D) m6Acluster-C2 vs m6Acluster-C3. ccRCC, clear cell renal cell carcinoma;

GSVA, gene set variation analysis; m°A, N6-methyladenosine.

C1-C3), including 118 cases in m6Acluster-C1, 110
cases in mb6Acluster-C2, and 285 cases in m6Acluster-C3
(figure 2A). The expression of m°A regulators with the
greatest differences among subtypes (p<10™'?) included
two risk factors for overall survival (OS) (IGF2BP2 and
IGF2BP3) and four favorable factors for OS (YTHDCI,
RBMX, METTLI14 and FTO) (online supplemental figure
S3). mb6Acluster-C3 was characterized by low expression
levels of IGF2BP2 and IGF2BP3 and high expression
levels of YTHDC1, RBMX, METTL14 and FTO (online
supplemental figure S3). Therefore, it was not surprizing

that m6Acluster-C3 had the most favorable prognosis
(figure 2B).

GSVA was performed to investigate the activity of
biological processes among these distinct m°A modifica-
tion patterns. As shown in figure 2C-D and online supple-
mental table S6, m6Aclusters-C1 and -C3 were markedly
enriched in pathways related to immune activation,
including the activation of cytokine—cytokine receptor
interaction and the chemokine signaling pathway, TCR
signaling pathway and BCR signaling pathway. Meanwhile,
m6Acluster-C1 showed enrichment in stromal activation
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pathways such as cell adhesion and ECM receptor interac-
tion. In contrast, m6Acluster-C2 was predominantly asso-
ciated with the biological process of immunosuppression.

Immune characteristics in distinct m®A modification patterns
Thorsson et af explored the pan-cancer immune land-
scape and finally identified six immune subtypes (C1-C6)
covering 30 cancer types that were assumed to define
immune response patterns with implications for further
exploration of immunotherapy. Immune subtype C3—
characterized by elevated Th17, low to moderate tumor
cell proliferation, and lower levels of overall CNVs and
aneuploidy than the other immune subtypes—was
enriched in most ccRCC patients. Strikingly, the three
distinct methylation modification patterns had distinct
proportions of the C3 immune subtype, with m6Aclus-
ter-C3 having the highest (96.14%), followed by m6Aclus-
ter-C1 (90.68%) and C2 (57.27%) (p<0.001) (figure 2A).
We then explored the detailed immune characteris-
tics in distinct m°A modification patterns. As shown in
figure 3A—C, m6Acluster-C1 had a high proliferation rate,
ITH, and lower levels of aneuploidy and overall CNVs.
mb6Acluster-C2 had the highest aneuploidy score and
overall CNVs, as well as a high proliferation rate and ITH,
and presented a more prominent macrophage signature
dominated by MO macrophages (online supplemental
figure S4). m6Acluster-C3 was defined by elevated Th17,
low tumor cell proliferation, ITH and lower levels of
aneuploidy and overall CNVs.

IMs are essential for cancer immunotherapy with
multiple IM agonists and antagonists being investigated
in clinical oncology.” To advance this research, an under-
standing of their expression in different m°A modifica-
tion patterns is needed. We explored IM gene expression
and CNVs among the m°A subtypes (figure 3D). IM
gene expression varied across m°A subtypes and genes
with the greatest differences between subtypes (p<107"°)
including ADORA2A, CX3CLI, EDNRB, ENTPDI,
HMGB1, TNFRSF4, VEGFA and Cl0orf54 were most
highly expressed in m6Acluster-C3 (online supplemental
figure S5). CNVs affected numerous IMs and varied across
m°A subtypes. m6Acluster-C1 and G2 exhibited frequent
amplification and deletion of most IM genes.

Immune landscape was significantly associated with the
expression of m°A regulators

Spearman’s correlation analysis was performed to explore
the specific correlation between each m°A regulator and
immune cell infiltration. As shown in online supple-
mental figure S6, there was a widespread correlation
between the expression of m°A regulators and immune
cell infiltration. We focused on the regulator IGF2BP3—
an m°A reader—demonstrating its association with poor
survival in ccRCC patients (figure 4A). We revealed that
ccRCC samples with high expression levels of IGF2BP3
demonstrated greater Th2-cell infiltration enrichment
in both the TCGA-KIRC dataset and the immunother-
apeutic cohort (figure 4B). Consistent with a previous

study,” Th2 cells were associated with negative outcomes
in ccRCC patients (figure 4C). Furthermore, we explored
whether the expression of IGF2BP3 and Th2-cell infiltra-
tion affected the efficacy of anti-PD-1 therapy. In the anti-
PD-1 cohort, a trend in impaired survival was observed
in patients with high expression levels of IGF2BP3
(figure 4D). As expected, high Th2-cell infiltration was
also associated with poor survival with PD-1 blockade
(figure 4E).

Construction of the m°A gene signature

We applied a methodology (known as m6Ascore) to accu-
rately evaluate the m®A modification pattern in individual
ccRCC patients. 299 m°A subtype-related DEGs (figure 5A,
(online supplemental table S6) were identified using the
DESeq2 package of R software. Univariate Cox regression
analysis was performed to evaluate the prognosis of each
gene in the m°A subtype-related DEGs; 190 genes confer-
ring significant prognoses were extracted for further PCA
to establish the m®A gene signature. Changes in the attri-
butes of individual ccRCC patients were visualized with
an alluvial diagram which showed that m6Acluster-C2 had
the lowest proportion of the C3 immune subtype and was
linked to a high m6Ascore (figure 5B).

The correlation between m6Ascore and the known
biological processes was analyzed to better demonstrate
the features of the m°A gene signature (figure 5C, online
supplemental table S8). It was shown that m6Ascore was
negatively correlated with APM (r = -0.22, p<0.001), but
positively correlated with mismatch repair-relevant signa-
tures, including mismatch repair, DNA damage repair
and DNA replication. Furthermore, the Kruskal-Wallis
test showed a significant difference in m6Ascore among
mb6Aclusters (figure 5D). Next, the prognostic value of
the m6Ascore in patients with ccRCC was explored. The
patients were divided into high or low m6Ascore groups,
with optimal cut-off values determined by the ‘survminer’
R package. Patients with high m6Ascores demonstrated
significant survival impairment (figure 5E). We further
performed multivariate Cox regression analysis (with
factors related to patient sex, age, grade and TNM status
included) to investigate the independent prognostic
value of m6Ascore, revealing that m6Ascore serves as an
independent prognostic biomarker for ccRCC patients
(figure 5F). The prognostic value of m6Ascore in ccRCC
was validated in another cohort (91 cases) from the
ICGC database (figure 5G). The differences in the distri-
bution of somatic mutations between the high and low
mo6Ascores in the TCGA-KIRC cohort were explored
using the maftools package (figure 5H,I). We also found
that high m6Ascore was relatively depleted for PBRM1
mutations (26% vs 44%) (p=0.009).

m°®A modification patterns in the role of anti-PD-1 therapy

ICTs (eg, anti-PD-1/PD-L1 therapies) have emerged as a
critical breakthrough in the field of tumor therapy. We
explored the prognostic value of the m°A modification
signature in the anti-PD-1 therapy of patients with ccRCC
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Figure 3 The immune landscape in distinct m®A modification patterns. (A) Key characteristics of m6Aclusters. (B) Values of
key immune characteristics in m6Aclusters. (C) DNA damage measures of m6Aclusters, including non-silent mutation rate, copy
number burden scores (hnumber of segments, and fraction of genome alterations. respectively), homologous recombination
deficiency and loss of heterozygosity (LOH; fraction of bases with LOH events, and number of segments with LOH events,
respectively). (D) Regulation of Immunomodulators in distinct m6Aclusters. From top to bottom: mRNA expression (median
normalized expression levels); amplification frequency (the difference between the fraction of samples in which an IM is
amplified in a particular subtype and the amplification fraction in all samples); and the deletion frequency (as amplifications) for
75 IM genes by m6Aclusters. IM, immunomodulator; m®A, N6-methyladenosine; ns, not significant. The asterisks represented
the statistical p value (*P < 0.05; **P < 0.01; ***P < 0.001).
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Figure 4 Relationship between the expression of m®A regulators and immune cell infiltration. (A) Kaplan-Meier curves

for patients with high or low IGF2BP3 expression in the TCGA-KIRC cohort. (B) The correlation between IGF2BP3 and the
infiltration of Th2 cell in the TCGA-KIRC cohort (Left) and anti-PD-1 therapy cohort (Right). (C) Kaplan-Meier curves for patients
with high or low Th2 cell infiltration in the TCGA-KIRC cohort. (D, E) Kaplan-Meier curves depicted the survival differences
between patients with high and low IGF2BP3 expression (D) and Th2 cell infiltration (E) in the anti-PD-1 therapy cohort. m°A,

N6-methyladenosine.

based on one immunotherapeutic cohort. In the anti-PD-1
cohort, the low m6Ascore group presented a markedly
prolonged survival (figure 6A,B). In addition, we found
that high m6Ascore was relatively depleted for PBRM1
mutations (29% vs 62%) (p<0.001) (figure 6C,D).

DISCUSSION

Increasing evidence reveals that m°A modification plays
critical roles in tumorigenesis, therapeutic resistance and
immune response via collaboration among m°A regu-
lators."! Recently, the role of m°A modification in the
tumor immune landscape was comprehensively explored
in gastric cancer.”® In this study, we focused on the role
of m°A modification in the immune landscape in ccRCC
to enhance our understanding of the TIME antitumor
immune response and provide more effective immuno-
therapeutic strategies for patients with ccRCC.

Many previous studies have identified ccRCC subtypes
based on genomic profiling,”** improving the future
application of precision-focused, personalized treatments
for ccRCC. A 4-mRNA pattern with significant differences
in patient survival was identified by unsupervised analyses

based on mRNA expression data.*” In the present study—
based on 24 m°A regulators—we identified three m°A
modification patterns with significantly distinct immune
landscapes, characterized by differences in Th17 signa-
ture, extent of ITH, overall cell proliferation, aneuploidy,
overall somatic copy number alterations, expression of
immunomodulatory genes and prognosis. m6Acluster-C3
was the lowest in both proliferation and ITH, suggesting
low tumor growth rates in C3. In addition, C3 presented
enrichment pathways related to full immune activation
and demonstrated the most pronounced Thl7 signa-
ture, consistent with a previous study demonstrating that
Th17 expression is generally related to improved prog-
nosis.”” m6Acluster-C1 also presented enrichment path-
ways related to full immune activation and relatively high
infiltration of CD8+ T cells, while exhibiting high prolif-
eration and ITH, suggesting high tumor growth rates in
C1. Consequently, it was not surprizing that Cl exhibited
activated immunity but poor survival. m6Acluster-C2
was predominantly associated with immune suppression
of biological processes and relatively low infiltration of
CD8+ T cells, exhibiting high proliferation and ITH.
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Figure 5 Construction of the m®A gene signature. (A) 299 mPA subtype-related genes shown in venn diagram. (B) The
changes of m6Aclusters, immune subtypes and m6Ascore depicted by alluvial diagram. (C) Correlations between m6Ascore
and the known biological processes in the TCGA-KIRC cohort. (D) Differences in m6Ascore among m6Aclusters. The statistical
difference among the clusters was tested by Kruskal-Wallis test. (E) Kaplan-Meier curves depicted the survival difference
between low and high m6Ascore patient groups. (F) Multivariate Cox regression analysis for m6Ascore in the TCGA-KIRC
cohort shown by the forest plot. (G) Kaplan-Meier curves depicted the survival difference between low and high m6Ascore
patient groups in the ICGC dataset. (H, |) The waterfall plot depicted tumor somatic mutation of those with low m6Ascore (H)
and high m6Ascore (I). Individual patients represented in each column. The numbers and bar plot on the right showed the
mutation frequency of each gene and the proportion of each variant type, respectively. The top bar plot showed tumor mutation
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Consortium; mPA, N6-methyladenosine.
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Figure 6 mPA modification patterns in the role of anti-PD-1 therapy. m6Ascore was related to improved progression-free
survival (A) and overall survival (B) following anti-PD-1 and mTOR inhibition therapies. (C, D) The waterfall plot depicted tumor
somatic mutation of those with low m6Ascore (C) and high m6Ascore (D) in the anti-PD-1 cohort. Individual patients represented
in each column. The numbers and bar plot on the right showed the mutation frequency of each gene and the proportion of each
variant type, respectively. The top bar plot showed tumor mutation burden. m®A, N6-methyladenosine.

In addition, the correlation between each m°A regu-
lator and each TIME infiltration cell type was explored.
Our results revealed that high expression levels of
IGF2BP3 demonstrated significantly greater enrich-
ment of Th2-cell infiltration. Strikingly, the high infiltra-
tion of Th2 cells and expression of IGF2BP3 were both
associated with poor survival with PD-1 blockade. It has
been reported that Th2-mediated immunosuppression
reduced protective cellular immunity and was found to
be related to tumor progression.*® Based on the results
described above, we speculated that IGF2BP3-mediated
m°A modification may promote the infiltration of Th2
cells, thus decreasing the intratumoral antitumor immune
response.

Considering the individual heterogeneity of m°A modi-
fication, we applied a methodology to accurately eval-
uate the m°A methylation pattern of individual ccRCC
patients known as m6Ascore. Integrated analyses revealed

that m6Ascore is a robust and independent prognostic
factor for ccRCC. Our study also found that m6Ascore
was negatively correlated with APM and high m6Ascore
was relatively depleted for PBRM1 mutations. It has been
shown that APM was elevated in patients with a partial
or complete response to anti-PD-1 therapy but decreased
in those with progressive disease on anti-PD-1 therapy.*’
PBRMI mutations were found to be related to improved
response, progression-free survival (PFS) and OS with
anti-PD-1 therapy in patients with advanced ccRCC.*
Therefore, the above results indirectly revealed that m°A
modification may be a critical factor mediating the clin-
ical response to immunotherapy and indirectly confirmed
the value of m6Ascore in predicting immunotherapeutic
outcomes.

ICTs (such as anti-PD-1/PD-L1 therapies) have revo-
lutionized the treatment of multiple advanced cancers,
including c¢cRCC." " Although significant clinical
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benefits are achievable in ccRCC patients receiving ICTs,
the immunotherapeutic outcomes exhibited individual
heterogeneity.14 Therefore, it is of clinical significance
to search for markers to predict the outcomes of immu-
notherapy. The common paradigm in solid tumor immu-
nology is that pre-existing CD8+ T cell infiltration, coupled
with a high number of non-synonymous mutations, drives
the response to anti-PD-1 therapy."” '° ' *7* However, in
contrast to other cancer types, neoantigen load, tumor
mutation burden and HLA zygosity were not related to
anti-PD-1 therapy response in advanced ccRCC.* Impor-
tantly, it was found that there were no statistical differ-
ences in response to or survival following anti-PD-1
therapy between immune infiltrated tumors and immune
deserts/excluded tumors in advanced ccRCC.* In this
study, we verified the prognostic value of the m6Ascore in
the anti-PD-1 therapy of patients with advanced ccRCC.
Thus, the m6Ascore may serve as a predictive strategy for
anti-PD-1 therapy.

Consequently, we herein provided a new perspective of
immuno-oncology and individualized immunotherapy in
ccRCC. However, several limitations should be addressed
in our study. First, the infiltration of tumor immune cells
was obtained based on algorithms owing to technical
limitations. Our analyses were also limited by the lack
of clinical cohorts to verify the correlation between m°A
modification and tumor immune landscape and the prog-
nostic value of m6Ascore in ccRCC. Therefore, further
validation based on large-cohort prospective clinical trials
are warranted in the future.

In conclusion, this study revealed the correlation
between m°A modification and the tumor immune
landscape in ccRCC. Our comprehensive evaluation of
m°A modification patterns in individual ccRCC patients
enhances our understanding of the tumor immune
landscape and provides a new approach toward new
and improved immunotherapeutic strategies for ccRCC
patients.
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