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RNA modification writer expression profiles predict
clinical outcomes and guide neoadjuvant
immunotherapy in non-small cell lung cancer
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Summary

Background RNA modifications, including adenosine-to-inosine RNA editing, alternative polyadenylation, m'A and
m°PA, play a significant role in tumorigenesis and tumor immunity. However, the functions of RNA modification
enzymes (writers) in immunotherapy and tumor microenvironment (TME) remain unknown.

Methods Nonnegative matrix factorization clustering was applied to identify RNA modification clusters in lung ade-
nocarcinoma, one of the most prevalent subtypes of non-small cell lung cancer (NSCLC). CIBERSORT and ESTI-
MATE algorithms were performed to depict TME characteristics. Additionally, a scoring system called Writer-Score
was established to quantify RNA modification patterns and subsequently predict clinical outcomes. We subsequently
used RNA sequencing, targeted DNA sequencing and multiplex immunofluorescence to further evaluate the efficacy
of Writer-Score in NSCLC patients receiving neoadjuvant immunotherapy.

Findings We identified three distinct RNA modification clusters and two DEGclusters, which were shown to be
strongly associated with a variety of TME features and biological processes. Additionally, the Writer-Score served as
an important factor in post-transcriptional events and immunotherapy. The Writer-Score was capable of properly
predicting the prognosis of NSCLC patients receiving neoadjuvant PD-1 inhibitor therapy.

Interpretation Our work systematically analyzed four types of RNA modifications and constructed a scoring system
to guide neoadjuvant immunotherapy in NSCLC, which highlighted the writers’ roles in post-transcriptional events,
TME and neoadjuvant immunotherapy.

Funding A full list of funding bodies that supported this study can be found in the Acknowledgements section.
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Introduction regulation, RNA modification, serves as a crucial factor

Lung cancer is one of the most fatal and widespread  in a variety of pathological processes, including cancer
cancers worldwide, with non-small cell lung cancer progression.*

(NSCLC) accounting for around eighty percent of all Generally, more than one hundred types of modifica-
occurrences.” Previously published research revealed  tions exist in RNA levels, but it is hard to enroll all of
that the accumulation of genetic mutations, such as ~ them in one individual study. The most heavily modi-
EGFR, KRAS, and ALK, contributed to the development  fled nucleotide on RNA is adenine and the most preva-
of NSCLC.} Apart from these, epigenetic alterations in ~ lent RNA modification is m°A.>° Some interactions
certain genes may also contribute to the progression of ~ also possibly exist among m°A and other RNA modifica-

NSCLC. And one of the essential parts of epigenetic ~ tions. One previous study has revealed that the A-to-]
modification can be negatively regulated by the m®A

modification writer.” Herein, we focused on adenine-
*Corresponding authors. _ related RNA modifications, including A-to-I RNA edit-
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Research in context

Evidence before this study

We have searched the terms “[(“model” OR “prediction”
OR “immune model” OR “predictive model” OR “RNA
modification” OR “RNA modification model” OR “prog-
nostic model” OR “prognosis” OR “signature” OR
“immune signature” OR “prognostic signature” OR “RNA
modification signature”) AND (“NSCLC” OR “non-small
cell lung cancer” OR “lung cancer”)]” via the PubMed on
Jan.8, 2022. Some of the studies have investigated and
constructed an immune-related model in NSCLC. How-
ever, none of the studies have focused on the relation-
ship between RNA modification and tumor immunity,
and no study has developed a prognostic scoring sys-
tem for patients receiving neoadjuvant immunotherapy.

Added value of this study

Our study reveals distinct TME characteristics of differ-
ent phenotypes classified by the RNA modification, sug-
gesting a robust interaction between RNA modification
and tumor immunity in NSCLC. We presented the RNA-
seq data of NSCLC patients undergoing neoadjuvant
PD-1 inhibitor treatment with a longtime follow-up, and
assessed the function of RNA modification in neoadju-
vant immunotherapy. Furthermore, we established a
scoring system to quantify the RNA modification pat-
terns and the immune infiltrating levels in individual
cohorts, which could predict the clinical outcomes of
patients receiving neoadjuvant immunotherapy.

Implications of all the available evidence

Our work provides a comprehensive assessment of the
relationship between RNA modification writers and
immune infiltration and constructs a reliable and accu-
rate model to predict the prognosis of NSCLC patients
receiving neoadjuvant PD-1 inhibitor treatment, provid-
ing important insights into the development of neoad-
juvant immunotherapy.

particular enzymes (also called “writers”). The m°A
modification usually functions in regulating translation,
splicing and processing of the RNA, and has been
linked to a variety of physiological and pathological pro-
cesses.” The m'A can affect the stability and function of
tRNA and rRNA, as well as hinder the translation of
associated proteins.” The A-to-I RNA editing (adeno-
sine-to-inosine) can alter RNA transcripts’ nucleotides,
increasing the complexity of the transcriptome.” And
the APA has the potential to control oncogene expres-
sion, remodel specific cellular pathways and interact
with other biological processes." However, the interplay
of these four types of RNA modification writers in
NSCLC is yet unknown, especially in the neoadjuvant
immunotherapy cohort.

Immunotherapies involving immune checkpoint
inhibitors (ICIs) have been conducted and shown to
assist NSCLC patients.”*" Recently, clinical studies of
neoadjuvant ICI treatment were initiated to gain insight
into its applicability in resectable lung cancer."*"
Although the efficacy of neoadjuvant mono-immuno-
therapy has been reported throughout the years, no
study has indicated the long-term prognosis for NSCLC
patients. Numerous patients who underwent neoadju-
vant immunotherapy experienced poor clinical out-
comes, and we currently lack the prognostic biomarkers
for their prognoses. Thus, extensively investigating the
mechanisms underlying the tumor microenvironment
(TME) in NSCLC patients is significant.® Previous
studies have established a striking correlation of TME
with diverse types of RNA modifications. For example,
Wang et al. have demonstrated that depleting METTL3/
14 could increase the immune responses of anti-PD-1
therapy, as well as the secretion of CXCL10 and IFN-y
of the TME.” Thus, it is worthwhile to explore the
mechanism by which various RNA modification writers
impact immune infiltrating cells of the TME, as this
may aid in the improvement of efficient immunothera-
peutic strategies.

In the present study, using genomic data of 1317
lung adenocarcinoma (LUAD) samples from the GEO
and TCGA database and 30 NSCLC patients receiving
neoadjuvant PD-1 inhibitor therapy from our hospital,
we comprehensively evaluated the phenotypes of RNA
modification and the correlation of multiple related
writers with the TME. Three diverse RNA modification
patterns related to different immune infiltrating levels
were identified, suggesting RNA modification signifi-
cantly affects the TME. The Writer-Score scoring system
was established and performed well in the normal
cohorts and NSCLC cohort receiving neoadjuvant PD-1
inhibitor therapy. To conclude, we showed the indis-
pensable utility of the Writer-Score in differentiating
the post-transcriptional events and its applicability in
immunotherapy.

Methods

Ethics

The Ethics Committee and Institutional Review Boards
of National Cancer Center/Cancer Hospital, Chinese
Academy of Medical Sciences and Peking Union Medi-
cal College approved this study (Approval No.ry-151/
1407), and the signed informed consents were obtained
from all patients.

Collect and process available datasets

We got access to the TCGA database via UCSC Xena
(https://xena.ucsc.edu/) and the GEO database (http://
www.ncbi.nlm.nih.gov/geo/) to download genomic data
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and clinical annotations of LUAD patients. The copy
number alteration data of the TCGA-LUAD cohort were
obtained from the cBioportal database (https://www.
cbioportal.org/). A total of 1317 patients from TCGA-
LUAD and seven GEO cohorts were included® **
(Table S1). The RNA-seq data were transformed to the
transcripts per kilobase million (TPM) and log2(TPM
+1) format. The same microarray platform was used in
five GEO datasets (GSE29013, GSE30219, GSE31210,
GSE37745 and GSE50081), and we used the “gcrma” R
package (version 2.62.0) and the sva R package (version
3.38.0) to normalize and combine the five datasets into
a meta-GEO cohort.

We also enrolled forty NSCLC patients receiving neo-
adjuvant PD-1 inhibitor and following surgery in the
National Cancer Center in a clinical trial (ChiCTR-OIC-
17013726)."* The detailed information about this cohort
has been previously published.”* Thirty patients with
RNA-seq data were enrolled in the NCC (National Can-
cer Center) cohort in this study.

Consensus clustering with NMF

The first nonnegative matrix factorization (NMF) clus-
tering was performed using 25 RNA modification writ-
ers’ expression levels (Table S2). The second NMF
clustering was conducted according to overlapping dif-
ferentially expressed genes (DEGs) among three clus-
ters of the first clustering, which subsequently resulted
in the DEGclusters. We utilized the “NMF” R package
(version 0.23.0) with the lee algorithm. Next, a multivar-
iate Cox regression analysis was conducted using the
“survival” R package (version: 3.2-10) to investigate the
correlations of different clinical parameters with prog-
nosis. And principal component analysis (PCA) was per-
formed using the “psych” R package (version 2.0.12)
based on the expression of RNA modification writers.

GSEA and functional enrichment analysis

We performed the Gene Set Enrichment Analysis
(GSEA) via the “clusterProfiler” R package (version
3.18.1). The functional enrichment analysis was con-
ducted using the “clusterProfiler” R package (version
3.18.1). P.adjust < o.05 was statistically significant in
the Gene Ontology (GO) analysis and GSEA, and P <
0.05&P.adjust < 0.2 in the Kyoto Encyclopedia of
Genes and Genomes (KEGG) analysis.

Evaluation of immune infiltration

We utilized ESTIMATE algorithm to analyze the
immune infiltrating levels, which was also capable of
inferring the stromal score and immune score.”> We
quantified the StromalScore, ImmuneScore and ESTI-
MATEScore to show the different immune characteris-
tics of these clusters. We used the CIBERSORT to
evaluate the proportion of 22 immune infiltrating cells
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(http://cibersort.stanford.edu/). We calculated the
Immunophenoscore (IPS) and showed intratumoral
immune features and cancer antigenomes.>®

Establishment and validation of Writer-Score scoring
system
According to the first NMF clustering in the meta-GEO
cohort, we used the “limma” R package (version 3.46.0)
to identify DEGs between every two clusters.”” P.adjust
< 0.05 and |fold change| > 1 were set as the statistically
significant threshold. We then identify the overlapping
DEGs by intersecting DEGs between every two clusters.
In order to select overlapping DEGs correlated with
prognosis, we used the “survival” R package (version:
3.2-10) to conduct the univariate Cox regression analysis
in the meta-GEO cohort. Next, we used the LASSO
regression analysis and screened for the genes enrolled
in the Writer-Score scoring system. And the following
formula was the Writer-Score: Writer-Score = ) _(Coefi *
Expri), where i indicates the number of hub genes, Coef;
refers to each gene’s coefficient from the LASSO analy-
sis and Expr; refers to the expression level of each gene.
The format of RNA-seq data used in the establishment
and validation of the scoring system was log2(TPM+1).
The cut-off value of high- and low-score groups was
defined using the “survminer” R package (version
0.4.9). We then got Kaplan—Meier curves with the Log-
rank test in the training dataset (meta-GEO cohort) and
validation datasets.

The relationship between Writer-Score and miRNA

We downloaded the miRNA expression profiles from
the TCGA via UCSC Xena. We then used the “limma”
R package (version 3.46.0) to identify differentially
expressed miRNAs between the high- and low-score
groups.”” P.adjust < 0.05 and |fold change| > 1.5 were
set as the statistically significant threshold. And KEGG
enrichment analysis was conducted to screen for tar-
geted pathways among the targeted genes of the differ-
entially expressed miRNAs.

RNA sequencing

A total of 30 NSCLC patients’ tissue samples were proc-
essed into FFPE tissue using formalin fixation. The
truXTRAC FFPE total na Kit (Covaris) was used to
extract and purify total RNA from FFPE samples.

Based on [llumina HiSeq X Ten platform, total RNA
was collected and subjected to high-throughput
sequencing to generate RNA expression profile data. As
the manufacturer’s instruction previously reported, we
used the Qiagen AllPrep DNA/RNA Mini Kit to isolate
the total RNA from tumor tissue samples.*® The Life
Invitrogen Qubit3.o/4.0 was used to quantify the RNA
and the Agilent 2100 Bioanalyzer system assay was
used to assess the RNA. Then, based on the low-
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throughput protocol, 50 ng of total RNA was utilized
with the SMARTer Stranded Total RNA-Seq Kit vz
(Takara). Using PCR amplification and SMART®
(Switching Mechanism At 5 End of RNA Template)
cDNA synthesis technology, this kit builds Illumina-
compatible libraries. The strand orientation of the origi-
nal RNA was preserved by the template-switching reac-
tion’s directionality. The library containing adapters
was determined using the Life Invitrogen Qubit3.o/4.0
and evaluated using the Agilent 2100 Bioanalyzer sys-
tem assay. After that, the Illumina HiSeq X Ten
Sequencing System was used to sequence the RNA.

Sequential data pre-processing and mapping

We removed rRNA removal, de-junction contamination,
low quality sequences, etc to preprocess raw reads, in
order to get high-quality sequences, which were then
used in all following analyses. Using the ENSEMBL
database, genome annotation files and reference genes
were obtained. We used the HISAT2 to aligne clean
data to the reference genome.?® We used HTSeq to cal-
culate gene expression levels (http://www.huber.embl.
de/users/anders/HTSeq/doc/overview.html). The
FPKM (Fragments Per Kilobase Million Mapped Reads)
technique was used to calculate gene expression levels.

Targeted DNA sequencing

According to previous publication, we conducted DNA
extraction, library preparation, sequencing, and somatic
mutation calling.*® With the formula: Absolute muta-
tion count x 1000000/Panel exonic base num, we cal-
culated TMB using the absolute mutation counts of
the tumor samples. TMB was measured in mutations
per Mb.

Multiplex immunofluorescence (mlIF) staining assay

On paraffin-embedded NSCLC tissue blocks serially sec-
tioned into 3 um sections, multiplex immunohis-
tochemistry staining was conducted. We deparaffinized,
rehydrated, and then boiled the slides for 20 minutes at
97°C in TrisEDTA buffer (pH = 9; Klinipath #6439o01,
the Netherlands). We then used Antibody Diluent/Block
(PerkinElmer #72424205, USA) to inhibit endogenous
peroxidase for 10 minutes. We detected only one anti-
gen in every round, and labeling of the subsequent anti-
body following epitope retrieval and protein blocking as
previously. At room temperature, we incubated primary
antibodies for CD4 (1:50; ZMo0418; ZSGB-Bio, China),
CD8 (1:50; ZA-0508; ZSGB-Bio, China), LAG3(1:100;
abg0466; Abcam), TIM3(r:too; CST45208S; CST),
FOXP3 (1:400; ab20034; Abcam) and PD-1 (1:100;
ZMo381; ZSGB-Bio, China) for 1 h. Following that, sam-
ples were incubated with the antibody at 37°C for 10
minutes using the Opal ploymer anti-rabbit/mouse
horseradish peroxidase (HRP) Kit (PerkinElmer

#2414515, USA). The opal multiplex immunohis-
tochemistry kit (NEL797Boo1KT, PerkinElmer, USA)
was subsequently used to visualize the TSA, which con-
tains TSA Coumarin system (NEL703001KT, Perki-
nElmer, Massachusetts, USA), Opal 650 (FOXP3, PD-
1), Opal 620 (CD4, LAG3), Opal 540 (CD8), Opal 690
(TIM3) and fluorophores (DAPI). After labeling each
panel’s antigens, we conducted microwave treatment
(MWT) for 20 minutes at 97°C to eliminate the TSA-
antibody complex with Tris-EDTA buffer (pH = 9; Klini-
path #643901, the Netherlands). Using 4’,6-Diamidino-
2- Phenylindole (DAPI), we counterstained all slides for
five minutes and used NobleRyder Antifade Mounting
Medium (NobleRyder #Ioos2, China) to prepare for
imaging. Each staining batch contained a quality control
sample of tonsil tissue from the autopsy as a positive
control and to measure interexperimental repeatability.

Tissue imaging

The PerkinElmer Vectra imaging system (Vectra 3.0.5;
PerkinElmer, USA) was used to scan the slides. After a
low resolution (4x or 10x) scan, we used the Phenochart
viewer (Akoya Bioscience) to select regions of interest
(ROI). Next, at a higher resolution (20x), we scanned
these ROIs and subjected them to inForm analysis.
Using inForm Advanced Image Analysis software
(inForm 2.3.0; PerkinElmer, Massachusetts, USA), we
unmixed multispectral images based on spectral images
constructed from images of tissues stained individually
with each reagent. Using a selection of 5—10 representa-
tive original multispectral images, TheinForm software
was trained. We estimated the percentage of positively
stained cells by dividing the number of positively
stained cells by the total number of nucleated cells.

Reagent validation

All the antibodies have been validated and the relevant
documentation was provided in the Supplemental Data
(Reagent Validation file).

Statistical analysis

All statistical analyses were performed using R (version
4.0.4) software. To compare the difference between the
two groups, the Wilcoxon rank sum test was used. To
assess the difference between three or more groups, the
Kruskal—Wallis test was used. The correlation was ana-
lyzed using Spearman’s technique of correlation. P <
0.05 was regarded as the threshold for statistical signifi-
cance.

Role of funding source
The funders played no role in the design of the research,
collection, analysis and interpretation of data, the
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writing of the paper and the decision to submit the
manuscript for publication.

Results

The genetic landscape of 25 RNA modification writers
in LUAD

According to recent studies, we enrolled 25 RNA modifi-
cation writers in our study.’' >* We first analyzed the
somatic mutation frequency of these writers in LUAD.
Of the 355 LUADs samples, 131 (36.9%) had somatic
mutations of these writers (Figure 1a). Next, we evalu-
ated the copy number alterations (CNAs) of the 25 RNA
modification writers (Figure 1b). Specifically, ZC3Hi3
had the highest mutation frequency (4%), followed by
PCF11 (3%) and RBMi1j5 (2%). Moreover, the principal
component analysis (PCA) was used and the results
revealed that these 25 RNA modification writers strati-
fied LUAD samples from normal samples (Figure 1c).
Besides, we calculated correlations among 25 writers
expression and the results showed that the majority of
the correlations were positive (Figure 1d). Our results
revealed that most of writers expression were elevated
in the tumor samples (Figure 1e-h). In detail, we found
that expression levels of writers with CNA gain were rel-
atively high in tumor samples, suggesting that CNA
may serve as an essential factor in regulating writers
expression.

Identification of distinct patterns and correlated
immune features based on RNA modification writers
In order to classify patients into distinct RNA modifica-
tion phenotypes, we conducted the NMF clustering
based on 25 RNA modification writers’ expression in
the meta-GEO cohort (Figure S1a-b). Three distinct clus-
ters were identified, including Cluster: (n = 192), Clus-
terz (n = 191) and Cluster3 (n = 162) (Table S3). The
expression levels of these writers were different
(Figure 2a).The Kaplan-Meier curves revealed that
patients of Cluster1 were correlated with the prominent
survival advantage, whereas patients of Cluster3 had an
unfavorable prognosis (Figure 2b, P = 0.012, Log-rank
test). Furthermore, we utilized the multivariate Cox
regression analysis and found that these clusters were
associated with patients prognosis (Figure Sic).

The RNA modification clusters correlated with distinct
immune features

We explored the immune landscape among the three
clusters (Figure 2c, Table S4). According to the results,
the proportion of T cells follicular helper, mast cells
resting, T cells CD4 memory resting were the highest
in Clustert; the proportion of T cells CD4 naive, macro-
phages Mo, mast cells activated and T cells CD4 mem-
ory activated were the highest in Cluster2; the
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proportion of dendritic cells resting and neutrophils
were the highest in Cluster3 (Figure 2d). We then
accessed the immune-related score through the ESTI-
MATE algorithm (Table Ss). Compared with Cluster2,
the results indicated that all of the scores of the Cluster:
and Cluster3 were relatively higher (Figure 2e).

Construction and validation of the Writer-Score
scoring system

Among the three clusters, we subsequently found that
466 overlapping DEGs (Figure 3a). GO enrichment
analysis was performed based on the DEGs (Figure 3b).
We then performed NMF clustering in the meta-GEO
cohort based on overlapping DEGs, and stratified
patients into two phenotypes: DEGclusterr and
DEGcluster2 (Figure S2a-b). The results showed that
patients with pathological stage IA were mostly enrolled
in DEGclusterr, whereas patients with pathological
stage II were predominantly classified by DEGcluster2
(Figure S2c). As for the prognostic value of these two
DEGclusters, the Kaplan-Meier curves showed that
patients in DEGclusert had a more favorable prognosis
than patients in DEGcluster2 (Figure 3c). And we con-
ducted the multivariate Cox regression analysis, indicat-
ing that pathological stage, age and DEGcluster were
related to prognosis (Figure S2c). Furthermore, we com-
pared the expression levels of PD-Li and CTLA-4
between DEGclustert and DEGcluster2, indicating that
expression of these immune checkpoints were remark-
edly higher in DEGcluster2 (Figure 3d).

Due to the complexity of the clusters based on the
RNA modification writers, we established a scoring sys-
tem (Writer-Score) based on the overlapping DEGs,
aiming to quantify the RNA modification phenotypes of
independent cohorts. 123 out of 243 patients in the Clus-
ter2 overlap with the high-score group and 148 out of
302 patients in the Cluster: overlap with the low-score
group (Figure 3e). 180 out of 243 patients in the
DEGcluster2 overlap with the high-score group and 270
out of 302 patients in the DEGcluster1 overlap with the
low-score group (Figure 3f). The relationships among
Cluster, DEGcluster and Writer-Score were analyzed
(Figure 4a). We compared the distribution of Writer-
Score in different clusters, which revealed that Writer-
Score of Cluster2 was the highest and Writer-Score of
Cluster: was the lowest (Figure 4b). And the DEGclus-
terz had a predominantly higher Writer-Score than
DEGclusterr (Figure 4c). The Writer-Score was estab-
lished according to the results of the univariate Cox
regression analysis (Table S6) and LASSO regression
analysis (Figure 4d). The coefficients of the Writer-
Score scoring system were obtained from the LASSO
regression analysis (Table Sy).

Next, we stratified patients into high- and low-score
subgroups. We used the meta-GEO cohort as the train-
ing cohort and the results indicated that patients of the
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Figure 1. The transcriptional and genetic features of 25 RNA modification writers in LUAD (TCGA cohort). (a) 131 of 355 LUAD patients

had genetic alterations of the above writers. The fraction of every variant type was presented in the right bar graph and the proportion of
conversions was presented in the bottom bar graph. (b) The CNV mutation features of 25 RNA modification writers were shown in the

bar graph. CNV loss referred to hemizygous and homozygous deletion, CNV gain referred to gain and high-level amplification. (c) Classifi-
cation of cancer and normal samples via the principal component analysis of 25 RNA modification writers. (d) The Spearman correlation

analysis among the 25 RNA modification writers. *P < 0.05, **P < 0.01, and ***P < 0.001. (e-h) The expression distribution of four kinds

of RNA modification writers (m'A, m®A, A-l and APA) between tumor and normal samples.
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Figure 2. Different clusters according to 25 RNA modification writers and associated immune characteristics in the meta-GEO
cohort. (a) The box plot revealed the expression levels of 25 RNA modification writers in three different clusters. Kruskal-Wallis H
test was applied to compare the statistical difference of these clusters. *P < 0.05, **P < 0.01, and ***P < 0.001. (b) Log-rank test was
used to compare the overall survival among three different clusters and the results was visualized via the Kaplan-Meier curves. 192,
191 and 162 patients belonged to Cluster1, Cluster2 and Cluster3, respectively. (c) The estimated fraction of various immune infiltrat-
ing cells was calculated by the CIBERSORT algorithm. (d) The box plot revealed the estimated proportion of different immune infil-
trating cells via the CIBERSORT algorithm among three clusters. The difference of the estimated fraction was compared using the
Kruskal-Wallis H test. The scattered dots represented the fraction of different immune cells. The median proportion was represented
by the thick line. The 25th and 75th percentiles were symbolized by the top and bottom of each box. *P < 0.05; **P < 0.01; ***P <
0.001. (e) The comparison of ESTIMATEScore, ImmuneScore and StromalScore in three distinct clusters.

high-score subgroup revealed an unfavorable prognosis
(Figure 4e). We then applied it in TCGA, GSEy2094
and GSE13213 cohorts (Table S8-10). The results dem-
onstrated that patients of the low-score subgroups were
correlated with prominent survival benefits in all three
cohorts (Figure 4f-h). According to recent publications,
TMB may serve as a significant factor in predicting
immunotherapy’s response.”> The results showed that
the TMB of the high-score subgroup was remarkedly
higher than the low-score subgroup (Figure 4i). In addi-
tion, we found that the mutation frequency was rela-
tively higher in the high-score group than the other
(Figure 4j-k).

www.thelancet.com Vol 84, 2022

The role of Writer-Score in post-transcriptional
regulation

We analyzed the association between the Writer-Score
and processes related to RNA modification. We evalu-
ated the pathways enriched by the miRNA-targeted
genes, which showed that the miRNA-targeted genes
were differentially expressed between the low- and high-
score groups (Figure S3a). And we have noticed that
MAPK signaling pathway, PD-L1 expression and PD-1
checkpoint pathway, microRNAs in cancer, PI3K-Akt
signaling pathway and others were significantly corre-
lated with the differentially expressed miRNA-targeted
genes (Table Si1). GO enrichment showed that these
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genes were significantly correlated with biological pro-
cesses related to the development and regulation of den-
drite (Figure S3b). In addition, our findings
demonstrated that 63 miRNAs expressed differentially
between the high- and low-score groups in the TCGA
cohort (Figure S3c).

The role of Writer-Score in predicting the
immunotherapeutic effect

IPS has been considered as a crucial factor to predict
immunotherapeutic responses in some publications.
Due to the close relationship between tumor microenvi-
ronment and Writer-Score, we further investigated
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Figure 4. The construction and evaluation of the Writer-Score model. (a) The alluvial diagram of different clusters with various GSE
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whether the Writer-Score can act as an important factor
in predicting immunotherapeutic responses. We found
that the Writer-Score was strongly correlated with the
expression levels of PD-L1 and CTLA-4 (Figure 5a). And
the expression levels of CTLA-4 and PD-L1 in the high-
score subgroup were relatively higher in the meta-GEO
cohort (Figure 5b). The differences of the IPS were also
compared and the results replied that the IPS was
higher in the low-score subgroup than the other
(Figure 5¢). In addition, GSEA in the high-score

www.thelancet.com Vol 84, 2022

subgroup revealed that chromosome segregation,
mitotic cell cycle and cell cycle were the top three biolog-
ical processes (Figure 5d).

Validation of Writer-Score in NCC cohort with
neoadjuvant immunotherapy

Based on the RNA-seq data of the NSCLC patients
receiving neoadjuvant PD-1 inhibitor treatment, we
used the Writer-Score to predict the prognosis of these
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group.

patients (Figure 6a). Patients in the low-score group had
more favorable disease-free survival (DFS), suggesting
the good performance of the Writer-Score in NSCLC
patients  receiving neoadjuvant immunotherapy
(P = 0.021, Figure 6b, Log-rank test). Responders or the
patients with major pathological response (MPR) had
relatively lower scores (Figure Gc-d). Furthermore, we
evaluated the relationship between Writer-Score and
various ICIs, implying Writer-Score was negatively cor-
related with most ICIs, such as PDCD1 and CD2y
(Figure Ge). We also compared the mutation profiles of
high- and low-score groups. TP53, POLD1 and KMT2D
were the top genes in the high-score group, while TPs3,
NFEz2L2 and CUL3 were those in another group
(Figure 6f). In addition, the tumor mutation burden
(TMB) was negatively correlated with Writer-Score in
NCC cohort (Figure 6g).

To further reveal the TME of the high- and low-score
groups, we used paraffin-embedded NSCLC tissues and
conducted the multiplex immunofluorescence (mIF)
immunohistochemical staining (Figure 7a). Our results
showed that the proportion of CD8" T cells of tumor
was much higher in the low-score group. Particularly,
the proportion of the non-exhausted CD8" T cells
(CD8'LAG3 ™, CD8'TIM3~ and CD8"PD1") was signifi-
cantly higher in the low-score group with better progno-
sis, whereas exhausted CD8" T cells (CD8"LAG3",
CD8'TIM3* and CD&'PD1") were insignificant. The

proportion of other immune cells, including CD4" T
cells and Tregs (CD4"FOXP3"), did not show any differ-
ence between low- and high-score groups (Figure 7D,
Wilcoxon rank sum test).

Discussion
Emerging studies indicate that RNA modification plays
a pivotal role in tumor immunity through multiple
RNA modification writers.’® For example, we have
known that m®A, as the prevalent epigenetic modifica-
tion of RNA, could modify tumor immunogenicity and
immune infiltrating cells within the TME, hence affect-
ing the responses and prognosis of patients receiving
immunotherapy.’” However, previous publications have
concentrated on a small number of RNA modification
writers, leaving the complex interaction among various
RNA modification writers poorly understood. Further-
more, a major barrier to immunotherapy, especially
neoadjuvant immunotherapy, is the absence of predic-
tive biological markers that may be used to identify cer-
tain subpopulations with superior therapeutic
outcomes. In neoadjuvant immunotherapy, the prog-
nostic value of RNA modification remains largely
unknown.

In the present study, we categorized three clusters
related to RNA modification and developed a scoring
system called the Writer-Score, which could stratify

www.thelancet.com Vol 84, 2022
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immune checkpoint inhibitors. (f) Mutational landscape of the top
the NCC cohort. (g) The correlation of Writer-Score with TMB in the

patients into high- and low-score subgroups correlated
with contrasting clinical outcomes and TME characteris-
tics. Furthermore, Writer-Score performed well in pre-
dicting the prognosis of NSCLC patients receiving
neoadjuvant immunotherapy and subsequent surgery.
Additionally, the proportion of non-exhausted CD8*
T cells was considerably greater in low-score subgroup
with better clinical outcomes, indicating the high accu-
racy and good performance of Writer-Score. Our
research uncovers a previously unknown link between

www.thelancet.com Vol 84, 2022

mutational genes between high and low Writer-Score groups in
NCC cohort. TMB, tumor mutation burden.

RNA modification and tumor immunity, which aids to
inform the clinical management of NSCLC.

Recent studies have implied that immune infiltrat-
ing cells of the TME may play a substantial role in carci-
nogenesis and influence immunotherapy responses.*®
And three different clusters in our study exhibit differ-
ent immunological characteristics. Previous research
has established a link between several kinds of immune
infiltrating cells and various clinical outcomes in cancer.
In patients with lung cancer receiving anti-PD-1

1
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therapy, it was revealed that circulating T follicular  patients’ response rate and survival time.>® Clusterr was
helper cells increased the antibody production via pro-  proven to have a prominent survival advantage, which
moting the activation of B cells, hence elevating  matched the findings of this investigation. Additionally,
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neutrophils*® and regulatory T cells*' could promote
the progression and metastasis of lung cancer, which
are related to unfavorable prognosis. Clusters had the
same TME characteristics and poor clinical outcomes,
indicating the potential power of the RNA modification
clusters to predict the prognosis.** In summary, our
RNA modification patterns with specific immunological
characteristics were proven to be reliable in LUAD,
which might aid in the development of immunother-
apy.

In contrast to Clusteri-3, we developed two DEGclus-
ters using DEGs. Between the two DEGclusters, the dif-
ference in prognosis and immune characteristics was
more significant. Moreover, we established the Writer-
Score scoring system to stratify patients into two distinct
subgroups with unique TME characteristics and con-
verse clinical outcomes. The Writer-Score of Clusters3
with an unfavorable prognosis was higher than the
score of Clusterr with the best clinical outcome. Fur-
thermore, we examine the predictive value of the
Writer-Score in four independent cohorts, including
our NCC cohort receiving neoadjuvant immunotherapy.
The Writer-Score was found to be significantly effective
in predicting prognosis of patients in validation cohorts.
In addition, Chae et al. have discovered that TMB of the
circulating tumor DNA was predominantly correlated
with unfavorable clinical outcomes in NSCLC
patients.** And we found that TMB was relatively higher
in the high-risk subgroup of the TCGA cohort. Interest-
ingly, we discovered that TMB was inversely correlated
with Writer-Score in NCC cohort, implying TMB may
be related to favorable prognosis among patients receiv-
ing immunotherapy. A research demonstrated that
blood-based TMB was linked with good clinical out-
comes in NSCLC patients treated with atezolizumab (a
PD-L1 inhibitor), indicating that the predictive value of
TMB may vary across NSCLC patients with and without
immunotherapy.** Besides, differences in clincal char-
acteristics of the two cohorts, such as race and sample
size, may also lead to contradictory results.

Neoadjuvant immunotherapy using ICIs has
recently emerged as an unique treatment for a variety of
malignancies, including NSCLC. In comparison to che-
motherapy, ICIs cause less adverse events and improve
1-year survival by 10% in patients with NSCLC.* Several
clinical trials evaluating the efficacy of neoadjuvant
immunotherapy for patients with resectable NSCLC
have been completed, such as Checkmate-159,”
LCMC3*® and ChiCTR-OIC-t7013726."* However, few
study has uncovered the long-term follow-up, let along
effective predictive biomarkers to identify patients with
better prognosis. And the precise link between RNA
modification and efficacy of immunotherapy, particu-
larly neoadjuvant immunotherapy, is still poorly under-
stood.”” Herein, we developed Writer-Score based on
the cross-talk of four different types of RNA modifica-
tion writers, which could accurately predict the clinical
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outcomes of NSCLC patients receiving neoadjuvant
immunotherapy. CD8" T cells are the cornerstone of
current efficient immunotherapies for cancer.*’ Addi-
tionally, we found non-exhausted CD8" T cells were con-
siderably concentrated in both stroma and tumor regions
of low-score subgroups associated with favorable clinical
outcomes, implying the reliability and high accuracy of
Writer-Score. In addition, we found a negative correlation
of Writer-Score with a variety of ICIs expression, indicat-
ing higher expression of ICIs was related to better prog-
nosis for NSCLC patients receiving neoadjuvant
immunotherapy. However, recent publications have only
concentrated on the predictive value of limited number
of ICI, such as PD-L1."*"> And many other ICIs have not
been examined, which might be potential predive bio-
markers for neoadjuvant immunotherapy and warrant
further investigation.

In addition, we found RNA modification writers
played a significant role in regulating post-transcrip-
tional events in LUAD. The results demonstrated that
miRNAs expressed differentially in high- and low-score
subgroups, which targeted multiple genes correlated
with numerous pathways. In the low-score subgroup,
the PI3K-Akt, Ras and MAPK signaling pathways were
predominantly activated, while cGMP-PKG and mTOR
signaling pathways were highly activated in the high-
score subgroup. The low-score subgroup was mostly
associated with cell cycle and normal cell growth,
whereas the high-score subgroup was notably correlated
with the regulation of vascular smooth muscle cells, cell
apoptosis and tumor metabolism.

Certainly, this research also possesses several draw-
backs that warrant consideration. First, although we
used RNA-seq data from one of the largest cohort of
NSCLC patients receiving neoadjuvant immunotherapy,
more patients are needed for future study. Second, we
used the retrospective FFPE specimens in the NCC
cohort and fresh specimens are supposed to be collected
in future study. Third, inevitable bias may exist in our
retrospective study and prospective study is needed for
further validation.

To summarize, we comprehensively analyzed the
exact role of four different kinds of RNA modification
writers, revealing the intricate interactions among them
and their correlations with patients’ prognosis and TME
features in NSCLC. The Writer-Score also performed
well in predicting prognosis of NSCLC patients receiv-
ing neoadjuvant anti-PD-1 treatment.
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