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Background: RNA modification plays an important role in many diseases. A
comprehensive study of tumor microenvironment (TME) characteristics mediated by
RNA modification regulators will improve the understanding of TME immune regulation.

Methods: We selected 26 RNA modification “writers” of lung adenocarcinoma (LUAD)
samples and performed unsupervised clustering analysis to explore RNA modification
patterns in LUAD. Differentially expressed genes (DEGs) with RNA modification patterns
were screened to develop a “writers” of RNA modification score (WM score) system. The
infiltration ratio of TME cell subsets was analyzed by CIBERSORT.

Results: We identified two RNA modification modes showing different characteristics of
overall survival (OS) and TME cell infiltration. According to WM score, LUAD patients were
divided into a high-WM score group and a low-WM score group. High-scored patients had
a poor prognosis and higher tumor mutation burden (TMB), they were more sensitive to
four LUAD therapies (erlotinib, XA V939, gefitinib, and KU-55933) and more clinically
responsive to PD-L1 treatment. Those with a low WM score showed higher stromal
scores, ESTIMATE scores, and survival chance.

Conclusion: Our work revealed the potential role of RNA modification patterns in TME,
genetic variation, targeted inhibitor therapy, and immunotherapy. Identifying RNA
modification pattern of LUAD patients help understand the characteristics of TME and
may promote the development of immunotherapy strategies.

Keywords: RNAmodification “writers”, lung adenocarcinoma,WMscore, tumormicroenvironment, immunotherapy

Edited by:
Helen Piontkivska,

Kent State University, United States

Reviewed by:
Lin Zhang,

China University of Mining and
Technology, China

Firoz Ahmed,
Jeddah University, Saudi Arabia

Rayees Mattoo,
Stanford University, United States

*Correspondence:
Xuejia Lin

seta1988@126.com
Wan He

hewanshenzhen@hotmail.com

†These authors have contributed
equally to this work

Specialty section:
This article was submitted to

Computational Genomics,
a section of the journal
Frontiers in Genetics

Received: 23 August 2021
Accepted: 07 January 2022
Published: 28 January 2022

Citation:
HeW, Lin G, Pan C, Li W, Shen J, Liu Y,

Li H, Wu D and Lin X (2022) The
Identification of Two RNA Modification
Patterns and Tumor Microenvironment

Infiltration Characterization of
Lung Adenocarcinoma.

Front. Genet. 13:761681.
doi: 10.3389/fgene.2022.761681

Frontiers in Genetics | www.frontiersin.org January 2022 | Volume 13 | Article 7616811

ORIGINAL RESEARCH
published: 28 January 2022

doi: 10.3389/fgene.2022.761681

http://crossmark.crossref.org/dialog/?doi=10.3389/fgene.2022.761681&domain=pdf&date_stamp=2022-01-28
https://www.frontiersin.org/articles/10.3389/fgene.2022.761681/full
https://www.frontiersin.org/articles/10.3389/fgene.2022.761681/full
https://www.frontiersin.org/articles/10.3389/fgene.2022.761681/full
https://www.frontiersin.org/articles/10.3389/fgene.2022.761681/full
https://www.frontiersin.org/articles/10.3389/fgene.2022.761681/full
http://creativecommons.org/licenses/by/4.0/
mailto:seta1988@126.com
mailto:hewanshenzhen@hotmail.com
https://doi.org/10.3389/fgene.2022.761681
https://www.frontiersin.org/journals/genetics
www.frontiersin.org
https://www.frontiersin.org/journals/genetics#articles
https://www.frontiersin.org/journals/genetics
https://www.frontiersin.org/journals/genetics#editorial-board
https://doi.org/10.3389/fgene.2022.761681


INTRODUCTION

Themortality of lung cancer far exceeds that resulting from breast
cancer, pancreatic cancer, colon cancer, and prostate cancer
(Siegel et al., 2018). Lung adenocarcinoma (LUAD) as a
subtype of lung cancer evolves from mucous glands, and is
found in many areas with scars or chronic inflammation
(Myers and Wallen, 2021). Chronic dry cough, dyspnea,
hemoptysis, and weight loss are main manifestations of LUAD
(Mullangi and Lekkala, 2021). LUAD accounts for almost half of
all lung cancer deaths, with a 5-year survival rate as low as 15%
(Kara et al., 2021; Spella and Stathopoulos, 2021). A large
proportion of LUAD patients have already developed
metastasis by the time of diagnosis (Siegel et al., 2021), but
available treatments for those patients are limited and often
challenging.

Cancer development may be driven by genetic and epigenetic
aberrations and complex crosstalk between different pathways
(Spella and Stathopoulos, 2021). RNA-modification and enzymes
that catalyze RNA modification (including writers, erasers, and
readers) contribute to precursor mRNA splicing, nuclear output,
transcriptional stability, and translation initiation of eukaryotic
cells (Shi et al., 2020). Several types of RNA modifications
affecting the processing and function of different RNA types
have been reported, for example, methylation (N7-
methylguanosine [m7G], N6-methyl-2′-O-methyladenosine
[m6Am], 2′-O-m ethylation [Nm], N6-methyladenosine
[m6A], N1-methyladenosine [m1A], 5-methylcytosine [m5C]
and 5-hydroxymethylcytosine [hm5C]), and RNA editing
[adenosine-to-inosine (A-to-I), pseudo-uridine(Ψ)] (Lobo
et al., 2018). Among a wide range of RNA modifications, on
adenine, including m6A, m1A, alternative polyadenylation (APA)
(Soles and Shi, 2021), and A-to-I, is the most common, and they
are mainly regulated by RNA modified “writers” (Muthusamy,
2020). Among them, M6A modification, which is the most
common modification in transcripts in the common sequence
RRm6ACH (Zhao et al., 2017), refers to the methylation of
adenosine base at the nitrogen-6 position. M1A adds a methyl
and a positive charge to adenosine N1 to block the Watson-Crick
interface, which will change the secondary structure of RNA and
protein-RNA interaction (Xie et al., 2020). APA is an mRNA-
related process that produces multiple transcriptional subtypes
through selecting alternate (proximal or distal) polyadenylation
signals on the 3′-UTR of pre-mRNAs and even proteomic
diversity (Akman and Erson-Bensan, 2014). A-to-I editing
consists of the irreversible conversion of adenosine to inosine
catalyzed by adenosine deaminase acting on RNA (ADAR)
enzymes (Marceca et al., 2021). These RNA modification
patterns participate in various physiological processes and play
important regulatory roles in diseases including cancers,
neurologic and metabolic diseases (Wilkinson et al., 2021).

This study examines the patterns of RNA modification
integrating clinicopathological information and genomic data
from 739 LUAD samples. The relationship between RNA
modification patterns, genetic mutation, and the characteristics
of TME cell infiltration was also analyzed. Moreover, we
developed a scoring system to quantify the RNA modification

of individual LUAD samples for predicting clinical responses of
LUAD patients to chemotherapy and immunotherapy.

MATERIALS AND METHODS

Data Acquisition and Collation
The expression data and clinical data of LUAD patients in the
GSE31210 cohort and GSE72094 cohort were obtained from the
GEO database. Expression data (mRNA expression, miRNA
expression), genomic mutation data (somatic mutation,
somatic copy number change (SCNA), and clinical
information (tumor stage, histological subtype, sex, and total
survival time) of 513 patients with LUAD were downloaded from
TCGA database (https://portal.gdc.cancer.gov/) on 18 May 2021.

Consensus Clustering for 26 RNA
Modification “Writers”
A total of 26 RNA modification “writers”, including 7 m6A
modification enzymes (METTL3, METTL14, WTAP, RBM15,
RBM15B, ZC3H13, and KIAA1429), 4 m1A modification
enzymes (TRMT61A, TRMT61B, TRMT10C, and TRMT6), 12
APA modification enzymes (CPSF1-4, CSTF1/2/3, PCF11, CFI,
CLP1, NUDT21, and PABPN1) and 3 A-I modification enzymes
(ADAR, ADARB1, and ADARB2), were obtained from
previously published studies. ConsensusClusterPlus (maxK =
10, reps = 10, pItem = 0.8, pFeature = 1, clusterAlg = “hc”
innerLinkage = “average”, finalLinkage = “average”, distance =
“pearson”) (Wilkerson and Hayes, 2010) was employed in
unsupervised clustering analysis on the RNA modification
“writers” of the samples in GSE31210 cohort.

Gene Set Variation Analysis and Functional
Annotation
GSVA enrichment analysis was performed in R package “GSVA”
(method = ssgsea, kcdf = Gaussian) (Hanzelmann et al., 2013) to
analyze the biological processes in which different RNA
modification “writers” were enriched. Adjusted P by Benjamini
and Hochberg with a value less than 0.001 was considered to be
statistically significant. The hallmark gene set was downloaded
from the MSigDB database (Liberzon et al., 2015). Functional
annotation of 26 RNA modification “writers” was performed
using clusterProfiler (minGSSize = 10, maxGSSize = 500,
qvalueCutoff = 0.2) (Yu et al., 2012), false discovery rate
(FDR) was adjusted by Benjamini and Hochberg, and the
cutoff value of FDR <0.05 was set.

Immune Cell Abundance Estimation by
CIBERSORT
CIBERSORT (Newman et al., 2015) was employed to predict the
immune score of 22 kinds of immune cells in a LUAD
microenvironment with support vector regression (SVR). In
here, deconvo_cibersort function of R software package
“IOBR” (perm = 1,000, abs_method = “sig.score”) was
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conducted for above analysis. This is a machine learning
approach that improves deconvolution performance through a
combination of feature selection and robust mathematical
optimization techniques (Chen et al., 2018).

Construction of the “Writer” of RNA
Modification Score
To develop a WM scoring system, differentially expressed genes
(DEGs) among different RNA modification patterns using a
linear model with the limma package (the significance criteria
for determining DEGs was set to FDR <0.01 and log fold-change
>1.0), and those related to LUAD survival were identified by
univariate COX regression analysis. Functional enrichment
analysis of survival-related DEGs was carried out using the
clusterProfiler software package (the cutoff value of FDR
<0.05). The coefficients of each gene were determined by
univariate Cox regression analysis, and we developed a
formula for calculating WM score similar to a previous study
(Sotiriou et al., 2006) as follows:

WM score � βi × Xi.

βi was the coefficients of each gene determined by univariate
Cox regression analysis, and Xi was the expression level of the
RNA modification phenotype-related genes.

Analysis of Post-Transcriptional Regulation
of WM Score
The WM score of each LUAD sample was calculated and the
critical score was determined according to surv_cutpoint
function of R software package “survminer” (minprop =
0.1). The LUAD patients were divided into high-WM score
group and low-WM score group. Differential miRNAs
between the two groups were obtained by differential
miRNA analysis, and their targets were predicted by
TargetScan (http://www.targetscan.org/vert_72/). KEGG
was used to analyze the signal pathway in which the
differential miRNA target genes were enriched. The
calculation was conducted with the clusterProfiler package,
and statistical significance was set at 0.05.

Correlation Analysis Between WM Score
and Chemotherapeutic or Immune
Checkpoint Blocking Therapy
Drug sensitivity data of about 1,000 cancer cell lines were
downloaded from Genomics of Drug Sensitivity in Cancer
(GDSC, http://www.cancerrxgene.org). The R package
pRRophetic (drug = erlotinib, tissueType = urogenital_system,
selection = 1, dataset = cgp 2016) was used to examine
chemotherapeutic response determined as the half-maximal
inhibitory concentration (IC50) of each LUAD sample in the
GDSC website. The correlation between drug sensitivity andWM
score was analyzed by Spearman. Two immunotherapy cohorts
[IMvigor210 (Mariathasan et al., 2018) and GSE78220 cohort

(Hugo et al., 2016)] were also included. The relationship between
WM score and patients’ response to immune checkpoint blocking
therapy was analyzed.

Statistical Analysis
All the statistical analyses of this study were conducted in R
program (version R3.6.2). One-way ANOVA and Kruskal–Wallis
tests were applied for comparing differences. The receiver
operating characteristic (ROC) curve was used to determine
the specificity and sensitivity of the WM score. In addition,
independent prognostic factors were screened by multivariate
Cox regression analysis. FDR was adjusted by Benjamini and
Hochberg to reduce te false-positive rate in multiple tests. All
statistical p values were two-sided. p < 0.05 indicated statistical
significance.

RESULTS

TME Characterization of LUAD and Genetic
and Expression Changes of RNA
Modification “Writers”
Considering the dual role of TME in regulating LUAD
development, we analyzed the TME characteristics between
normal tissues and LUAD tissues in TCGA. According to the
results of the ESTIMATE algorithm, the immune score,
stromal score, and ESTIMATE score of LUAD were
significantly lower than those of normal tissues
(Supplementary Figure S1). Then, we studied the somatic
mutation and copy number variations (CNV) of 26 RNA
modification “writers”. Mutations of RNA modification
“writers” were detected in 42 TCGA-LUAD samples.
Among all the mutant RNA modification “writers”, those
with the highest mutation frequency were ZC3H13 (17%),
KIAA1429 (13%), and PCF11 (11%), respectively
(Figure 1A). No significant statistical difference was found
in the overall survival (OS) of LUAD patients with or without
these RNA modification “writer” mutations, suggesting that
“writer” mutations may have a limited effect on the overall
survival of LUAD patients (Figure 1B). GSVA enrichment
analysis showed that the mutant “writers” were mainly
enriched in carcinogenic pathways such as MYC targets,
E2F targets, mTORC1 signaling, and G2M checkpoint,
indicating that the mutation of “writers” could affect the
regulation of multiple signals (Figure 1C). CNV analysis
showed that the amplification in copy number of ADAR
and CPSF1 was the most extensive, while RBM15B,
ZC3H13, ADARB2, and TRMT61A showed great CNV
deletion, and no CNV occurred in KIAA1429 (Figure 1D).
Further study on the expression of RNA modification
“writers” between normal tissues and LUAD tissues
demonstrated that apart from RBM15B and NUDT21,
there were significant differences in the expression of 24
RNA modification “writers” (Figure 1E). According to the
CNV value, the LUAD patients were divided into CNV
amplification group, CNV deletion group, and normal
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FIGURE 1 | Genetic and expression changes of RNA modification “writers” in LUAD. (A): 20 RNA modification “writers” with the highest mutation frequency. (B):
The difference of overall survival between LUAD patients with RNA modification “writers” mutation and those without mutation. (C): GSVA analysis showed the
enrichment pathway of mutant RNA modification “writers”. (D): The frequency of CNV gain, loss, and none CNV of RNA modification “writers” in the TCGA-LUAD
database. (E): Analysis of the difference of 26 RNA modification “writers” between normal and LUAD tissues. (F): The expression of RNA modification “writers” in
LUAD patients was divided into groups based on CNV value. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.
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FIGURE 2 | Identification of the characteristics of TME cell infiltration by two patterns of RNAmodification “writers” and analysis. (A): The forest map showed 9 RNA
modification “writers” significant in the prognosis of LUAD. (B): Correlation analysis among RNA modification “writers”. (C): According to the expression of RNA
modification “writers”, the samples in GSE31210 data sets were clustered. (D): The difference of OS between the two kinds of RNAmodification patterns. (E): Biological
pathway of GSVA enrichment analysis to determine the enrichment of cluster_1 and cluster_2. (F): The immune score difference of TME cells between the two kinds
of RNA modification patterns. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.
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group. Figure 1F showed that the expression of RNA
modification “writers” in the CNV amplification group was
higher than that in the CNV deletion group.

Identification of Two Patterns of RNA
Modification “Writers” and Analysis of the
Characteristics of TME Cell Infiltration
Univariate Cox analysis on the samples from the GSE31210
dataset identified 9 RNA modification “writers” with
prognostic significance in LUAD (Figure 2A). The results
of pairwise correlation analysis showed a significant
correlation between most RNA modification “writers”
(Figure 2B), and their internal connections may have
critical functions in the RNA-modified tumor model.
According to the expression of RNA modification

“writers”, ConsensusClusterPlus was used to classify the
samples in the GSE31210 dataset, and two RNA
modification modes, cluster_1 (148 LUAD patients) and
cluster_2 (78 LUAD patients), were determined
(Figure 2C). From the survival analysis of two RNA
modification subtypes, we found that samples with the
cluster_2 RNA modification pattern showed better survival
results (Figure 2D). The biological pathways of the two
clusters were examined by GSVA enrichment analysis, and
the data revealed that cluster_1 was significantly enriched in
cell cycle, cell division, and metabolic pathways, while
cluster_2 was more associated with diseases such as heart
disease and diabetes (Figure 2E). Then we further analyzed
the correlation between RNA modification “writers” and
TME cells, and each RNA modification “writer” was found
to be related to different immune cells (Supplementary

FIGURE 3 | Development and validation of RNA modification “writers” scores. (A): The heat map of DEGs. (B): WM score differences between different RNA
modification pattern clusters. (C): WM score differences between the two genomic subtypes. (D): In the GSE31210 cohort, OS differences between patients with high
WM scores and patients with lowWM scores. (E): Time-dependent ROC curve of WM score in GSE31210 cohort. (F): In the GSE31210 cohort, Kaplan-Meier curves of
patients with high WM score and low WM score. (G): Time-dependent ROC curve of WM Score in TCGA-LUAD cohort. (H): Univariate Cox analysis to determine
the relationship between clinical variables and OS in patients with LUAD in the GSE31210 cohort. (I): Univariate Cox analysis predicted the correlation between
clinicopathological factors and prognosis of patients with LUAD in TCGA-LUAD data set. **p < 0.01; ****p < 0.0001.
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Figure S2). Additionally, differences in neutrophils,
eosinophils, resting mast cells, M0 macrophages, M1
macrophages, monocytes, gamma delta T cells, regulatory
T cells, activated memory CD4 T cells, memory B cells were
also found between the two RNA modification patterns. The
immune scores of neutrophils, M0 macrophages, M1
macrophages, activated memory CD4 T cells, and memory
B cells were significantly higher in Cluster_1 than in
Cluster_2. However, the immune score of eosinophils,

resting mast cells, monocytes, gamma delta T cells, and
activated memory CD4 T cells was significantly lower than
in cluster_2 (Figure 2F).

Development and Validation of RNA
Modification “Writers” Scores
Although our study analyzed the role of RNA modification
patterns in tumor development and immune infiltration

FIGURE 4 | The relationship betweenWM score and TMEwas characterized. (A): Proportion of 22 kinds of tumor-infiltrating immune cells (TIIC) in LUAD tissue. (B):
The distribution of 22 kinds of TIIC in tumor tissues with highWM scores and lowWM scores. Each bar chart represents the relative proportion of TIIC in an organization.
(C): Box diagram of TIIC ratio between high WM score and lowWM score tumors. Red represents high WM score LUAD organization and red represents lowWM score
LUAD organization. (D): Heatmap of TIIC proportion in tumor tissues with high WM score and those with low WM score. (E): Immune score between patients with
two types ofWM score. (F): Stromal score between LUAD patients with high and lowWM score. (G): The difference of ESTIMATE score between high and lowWM score
tumor tissues. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.
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regulation, the results were based on patient group studies
and may not be able to accurately predict the pattern of RNA
modification “writers” in a single LUAD sample. Therefore,
we developed WM score, a scoring scheme for determining
the RNA modification pattern of a single LUAD sample.
Firstly, 269 differentially expressed genes (DEGs) related
to RNA phenotype were obtained through differential
analysis. According to the results of unsupervised cluster
analysis on the 269 DEGs, consistent with the cluster
grouping of RNA modification pattern, LUAD was divided
into two genomic subtypes (gene.cluster A and gene.cluster
B) (Figure 3A). From the two box diagrams of WM score
between different RNA modification pattern cluster and
genomic subtypes, it could be observed that the WM score
of cluster_1 was significantly higher than that of cluster_2,
and similarly the WM score of gene.cluster A was also
significantly higher than that of gene.cluster B (Figures
3B,C). More importantly, in the GSE31210 cohort, the
prognosis of patients with high WM scores was worse than
those with low scores (Figure 3D). The AUC of time-
dependent ROC curve of WM score in 1 year, 3 years, and
5 years were all greater than 0.65 (Figure 3E). To further
verify the reliability of the WM score model, we used TCGA-
LUAD queues to determine the relationship between WM
score and patients’ OS. Consistent with the results of the
GSE31210 cohort analysis, the survival of patients in the
TCGA-LUAD cohort with high WM scores was significantly
lower than those with low WM scores (Figure 3F). The 1-
year, 3-year, and 5-year AUC of the time-dependent ROC
curve of WM score were 0.7, 0.65, and 0.64, respectively
(Figure 3G). We also introduced the WM score model into
the GSE72094 cohort to calculate the WM score of each
sample. In this cohort, the mortality rate of samples with
high WM scores increased significantly (Supplementary
Figure S3A), and the AUC of the 5-year OS was predicted
to be as high as 0.81 (Supplementary Figure S3B). Univariate
Cox regression analysis on the GSE31210 and the TCGA-
LUAD cohorts demonstrated that WM score could
independently predict the prognosis of LUAD (Figure 3F).
These results indicated that the WM score can reflect the
RNA modification pattern of LUAD patients and effectively
predict the prognosis of LUAD.

The Relationship Between WM Score and
TME was Characterized
The proportion of 22 kinds of tumor-infiltrating immune
cells (TIIC) in LUAD tissue was evaluated to help
characterize the relationship between WM score and TME,
and we found that the proportion of gamma delta T cells was
the highest among 22 kinds of TIICs (Figure 4A). The
infiltration of immune cells with different WM scores in
the GSE31210 data set was studied. From Figure 4B and
Figure 4C, it could be observed that there was a significant
difference in the proportion of 14 kinds of TIICs (plasma
cells, CD8 T cells, resting CD4 memory T cells, activated
memory CD4 T cells, gamma delta T cells, resting NK cells,

activated NK cells, monocytes, M0 macrophage, M1
macrophage, resting mast cells, activated mast cells,
eosinophils and neutrophils) between patients with high-
and low-WM score. From the heatmap of TIIC ratio, the
proportion of most TIIC between high-WM score and low-
TIIC was clearly different (Figure 4D). There was no
statistical difference in immune scores between patients
with two WM scores (Figure 4E). Significant differences
between high and low WM scores were identified, and
stromal score and ESTIMATE score were higher in
patients with low WM scores (Figures 4F,G). These results
indicated that high WM scores and low WM scores showed
different TME characteristics.

Clinical, Somatic Mutation, and
Post-Transcriptional Modification
Characteristics of WM Score
To study WM score in different clinical characteristics, LUAD
were grouped according to the clinical variables of the
GSE31210 and TCGA-LUAD datasets to analyze the WM
score differences in different LUAD subgroups. In AJCC
stage grouping, the WM score of stage II was significantly
higher than that of stage I (Figure 5A). Similarly, in TCGA-
LUAD datasets, the WM score of stage II, stage III, or stage IV
was higher than that of stage I (Figure 5B). According to the
WM score analysis of T stage grouping, the WM score of T2 or
T3 was significantly better than that of T1 (Figure 5C). Patients
with the N1 or N2 stage showed a noticeably higher WM score
than those with the N0 stage (Figure 5D). For M0 and M1, there
was no significant difference in WM score between the two
(Figure 5E).

The difference in TMB between high-WM score and low-
WM score patients in the TCGA-LUAD cohort was also
investigated. From the violin map in Figure 5F, it could be
observed that patients with high WM scores had higher TMB,
and there was a significant positive correlation between TMB
and WM score (Figure 5G). Furthermore, mutated gene
analysis was carried out on LUAD samples with high- and
low-WM scores. The results showed that TP53 (58%), TTN
(53%), and MUC16 (46%) had higher somatic mutation rates in
the high-WM score group. In low-WM score group, the top
genes with the highest mutation frequency were KRAS (26%),
TTN (26%), and MUC16 (24%), showing that the high-WM
score group had more tumor mutation burden than the low-
WM score group (Figure 5H).

Normally, RNA modification “writers” selectively install
the code of the entire transcriptional group and set it as the
upstream of information processing (Wang and He, 2014).
Transcriptional modifications regulated by RNA
modification “writers” affect almost every step of RNA
metabolism, including mRNA processing, mRNA transfer
from nucleus to cytoplasm, mRNA translation, mRNA
decay, and biogenesis of microRNAs (miRNAs) (Dai et al.,
2018). Analysis of the differences of miRNAs between high-
and low-WM scores detected 25 differential miRNAs
(Supplementary Table S1). The relationship between
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miRNA-mRNA and the above 10 pathways between the two
WM score groups was shown. The difference between the
high-WM score and low-WM score target genes of miRNAs
was shown in Figure 5J. The results here suggested that the
WM score was related to molecular mutation, expression of
miRNAs, and the regulation of signal pathways.

WM Score Could Predict the Response of
Cell Line Drug Therapy and Immunotherapy
We also predicted the response of the two WM score groups
to conventional drug therapy. Based on Spearman correlation
analysis, a total of 19 of the responses to drugs were found to

be significantly linked with WM scores in GDSC, specifically,
there were 5 drug sensitivities related to the WM score, and
resistance to 14 drugs was associated with the WM score
(Figure 6A). Analysis of the signaling pathways of the genes
regulated by these drugs demonstrated that drug sensitivity
associated with the WM score mainly regulated EGFR
signaling pathway, and that drug resistance related to the
WM score mainly targeted the regulation of DNA replication,
cell cycle, mitosis, and other processes (Figure 6B). The drug
response was then evaluated based on the half-maximum
inhibitory concentration (IC50) of each TCGA-LUAD sample
in the GDSC database. The estimated IC50 of the four tumor
inhibitors erlotinib, XAV939, gefitinib, and KU-55933

FIGURE 5 | Clinical, somatic mutation and post-transcriptional modification of WM score. (A): In the GSE31210 cohort, the WM score of stage II was significantly
higher than that of stage I. (B): In TCGA-LUAD data sets, theWM score of stage II, stage III, or stage IV was higher than that of stage I. (C): In the TCGA-LUAD cohort, WM
score analysis according to T stage group. (D): In the TCGA-LUAD cohort, WM score analysis according to N stage group. (E): The difference in WM score between
patients with M0 and M1 stage in the TCGA-LUAD data set. (F): Violin pictures of TMB in high WM score and low WM score groups. (G): The correlation between
TMB and WM score. (H): Mutated gene analysis between high WM score and low WM score LUAD samples. (I): KEGG enrichment analysis of target genes of miRNA.
(J): The relationship between miRNA-mRNA and 10 pathways between high WM score group and low WM score group. *p < 0.05; **p < 0.01; ***p < 0.001; ****p <
0.0001.
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showed significant differences between the high-WM score
group and the low-WM score group, and a lower IC50 value
was found in the high-WM score group, suggesting that the
samples with a high WM score were more sensitive to
chemotherapy (Figures 6C–F). The results validated that
WM score was associated with drug sensitivity.

In recent years, a number of clinical studies have reported
that immunotherapy such as immune checkpoint inhibitors
(ICIs) is effective in cancer treatment (Zhu et al., 2020). We
also studied whether WM score can be applied to predict the
response of LUAD patients to ICIs. In the anti-PD-L1 cohort,
patients with a high WM score tended to develop a better
prognosis than those with a low score (Figure 7A). According

to the stratification of patients based on clinical stage, there
was a significant difference in OS between patients with stage
I-II and 2 MW scores, which was similar to that of Figure 7A
(Figure 7B). However, for patients with stage III-IV, there was
no significant difference in OS between high and low WM
scores (Figure 7C). Therefore, WM score may be more suitable
for early clinical prediction of LUAD. Moreover, the
significant therapeutic effects and clinical response to PD-
L1 treatment were confirmed in patients with high WM scores
when compared to those with low WM scores (Figures 7D,E).
These results suggested that WM score was related to LUAD
patients’ response to immunotherapy and can be used to
predict the prognosis of LUAD.

FIGURE 6 | Evaluating the therapeutic response of the different WM score. (A): The relationship between WM score and tumor cell line drug response. (B): Signal
pathways regulated by drugs that are resistant or sensitive to WM score. (C): Erlotinib response based on IC50 available in the GDSC database in different WM scores.
(D): The IC50 of XAV939was compared between the highWMscore and low-WM score group. (E): The IC50 of gefitinib was compared between the highWMscore and
low-WM score group. (F): KU-55933 sensitivity based on IC50 available in the GDSC database in different WM scores. ***p < 0.001; ****p < 0.0001.
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DISCUSSION

RNA modification induced by “writers” is the main contributor
to post-transcriptional regulation of gene expression, and can
occur in all RNA species, including messenger RNAs (mRNAs)
and noncoding RNAs (ncRNAs) (Destefanis et al., 2021). Some
of the known disorders of RNA modification and RNA
modification “writers” have been found to be associated with
various types of cancers, including breast cancer, bladder
cancer, and leukemia (Jonkhout et al., 2017). The present
research studied the genetic variation and expression changes
of four kinds of RNA modification “writers” in LUAD. Two
RNA modification patterns were determined based on 26
known RNA modification “writers”. Cluster_1 was
significantly enriched to the pathways related to cell cycle,
cell proliferation, and metabolism, and the abnormal activity
of these pathways will lead to tumorigenesis (DeBerardinis et al.,
2008; Kroemer and Pouyssegur, 2008; Eymin and Gazzeri, 2010;
Cantor and Sabatini, 2012; Currie et al., 2013). This also
supported the survival results that cluster_1 was worse than
cluster_2 (cluster_2 was associated with heart disease, diabetes,
and other diseases).

We have also developed a WM score to assess the RNA
modification pattern of a single LUAD sample. The WM score

showed a certain degree of independence and accuracy in
predicting LUAD prognosis. LUAD patients with high WM
scores tended to develop a poor prognosis and a higher
proportion of plasma cells, CD8 T cells, activated memory
CD4 T cells, resting NK cells, M0 macrophage, M1
macrophage, activated mast cells, neutrophils. Early studies
showed that activated memory CD4 T cells and M0
macrophages are significantly infiltrated in high-risk
LUAD (Mo et al., 2020). In addition, resting NK cells and
activated plasma cells were also reported to have higher rates
in high-risk non-small cell lung cancer (NSCLC) (Li et al.,
2020). The densities of tumor-associated neutrophils in
NSCLC were related to adverse prognostic factors (Carus
et al., 2013). These studies also support the results of our
analyses. For patients with low WM scores, the proportion of
resting CD4 memory T cells, gamma delta T cells, activated
NK cells, monocytes, resting mast cells and eosinophils were
higher, and they also had higher stromal score and
ESTIMATE score. These results validated that the WM
score was related to TME.

Genetically, LUAD is a highly heterogeneous malignancy.
Studies in the past few years have identified a large number of
somatic mutations in LUAD (Testa et al., 2018). Mutations in
TTN, TP53, and MUC16 are reported to be common in most

FIGURE 7 | The WM score predicts immunotherapeutic benefit from anti-PD-1/L1 immunotherapy. (A): Survival Analysis of high and lowWM score groups in anti-
PD-L1 cohort. (B): Kaplan-Meier curves of two types of WM score in patients at stage I-II. (C): Difference of OS between high and lowWM score in patients with stage III-
IV. (D): Differences of WM scores between different anti-PD-L1 clinical response groups (SD: stable disease; PD: progressive disease; CR: complete response; PR:
partial response). (E): The fraction of patients with response to anti-PD-1 immunotherapy in low or high WM score groups. **p < 0.01.
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types of cancer (Kim et al., 2013). Similarly, we found that
these three genes were frequently mutated in LUAD patients
with high WM scores, and that the TMB of high WM score
samples were also higher at the same time. Evidence
demonstrated that tumor genomic somatic mutations are
associated with immune checkpoint inhibitor (ICI)
treatment response (Samstein et al., 2019). We examined
the responses of different WM score patients to anti-PD-
L1 treatment and confirmed the significant therapeutic effects
of PD-L1 treatment and clinical response of patients with
high WM when compared to those with low WM scores. In
addition, the responses of different patients with WM score to
conventional drug therapy was explored, and the data
revealed that drug sensitivity related to the WM score
mainly involved the EGFR signaling pathway and that
drug resistance related to the WM score mainly targeted
the regulation of DNA replication, cell cycle, mitosis, and
so on. Patients with a high WM score were more sensitive to
four conventional treatments, namely erlotinib, XA V939,
gefitinib, and KU-55933. These results indicated that RNA
modification patterns could affect the therapeutic efficacy of
ICI and cell line drug therapy.

In summary, our study developed a WM score based on
differences in RNA modification patterns, and it can be used
to evaluate RNA modification patterns, TME cell infiltration
characteristics, clinical characteristics (AJCC stage, T stage,
and N stage), genetic variation, and the response of patients
with LUAD to ICI therapy. The current discoveries
demonstrated the great potential of RNA modification
patterns in predicting LUAD prognosis and in studying
cancer cells in the future.

DATA AVAILABILITY STATEMENT

The datasets presented in this study can be found in online
repositories. The names of the repository/repositories and accession
number(s) can be found in the article/Supplementary Material.

AUTHOR CONTRIBUTIONS

WH, JS, and XL designed the research. YL, GL, and WL acquired
the data. DW, CP, and HL performed the statistical analysis and
interpreted the data. WH drafted the manuscript. XL revised the
manuscript for important intellectual content.

FUNDING

This study was supported by Shenzhen Science and Technology
Innovation Commission (JCYJ20190807150403655), the Health,
Population and Family Planning Commission of Shenzhen
Municipality (SZXJ2018023), Young and Middle-aged Scientific
Research Backbone Cultivation Project of Shenzhen People’s
Hospital (SYKYPY201919) and Guangdong Finance Foundation
for Industrial Technology Research and Development (20160907).

SUPPLEMENTARY MATERIAL

The SupplementaryMaterial for this article can be found online at:
https://www.frontiersin.org/articles/10.3389/fgene.2022.761681/
full#supplementary-material

REFERENCES

B. Akman, H., and E. Erson-Bensan, A. (2014). Alternative Polyadenylation and its
Impact on Cellular Processes. Mirna 3 (1), 2–9. doi:10.2174/
2211536602666131210001152

Cantor, J. R., and Sabatini, D. M. (2012). Cancer Cell Metabolism: One Hallmark,
many Faces. Cancer Discov. 2 (10), 881–898. doi:10.1158/2159-8290.CD-12-
0345

Carus, A., Ladekarl, M., Hager, H., Pilegaard, H., Nielsen, P. S., and Donskov, F.
(2013). Tumor-associated Neutrophils and Macrophages in Non-small Cell
Lung Cancer: No Immediate Impact on Patient Outcome. Lung Cancer 81 (1),
130–137. doi:10.1016/j.lungcan.2013.03.003

Chen, B., Khodadoust, M. S., Liu, C. L., Newman, A.M., and Alizadeh, A. A. (2018).
Profiling Tumor Infiltrating Immune Cells with CIBERSORT. Methods Mol.
Biol. 1711, 243–259. doi:10.1007/978-1-4939-7493-1_12

Currie, E., Schulze, A., Zechner, R., Walther, T. C., and Farese, R. V., Jr. (2013).
Cellular Fatty Acid Metabolism and Cancer. Cel Metab. 18 (2), 153–161. doi:10.
1016/j.cmet.2013.05.017

Dai, D., Wang, H., Zhu, L., Jin, H., and Wang, X. (2018). N6-methyladenosine
Links RNAMetabolism to Cancer Progression. Cell Death Dis 9 (2), 124. doi:10.
1038/s41419-017-0129-x

DeBerardinis, R. J., Lum, J. J., Hatzivassiliou, G., and Thompson, C. B. (2008). The
Biology of Cancer: Metabolic Reprogramming Fuels Cell Growth and
Proliferation. Cel Metab. 7 (1), 11–20. doi:10.1016/j.cmet.2007.10.002

Destefanis, E., Avşar, G., Groza, P., Romitelli, A., Torrini, S., Pir, P., et al. (2021). A
Mark of Disease: How mRNA Modifications Shape Genetic and Acquired
Pathologies. RNA 27 (4), 367–389. doi:10.1261/rna.077271.120

Eymin, B., and Gazzeri, S. (2010). Role of Cell Cycle Regulators in Lung
Carcinogenesis. Cell Adhes. Migration 4 (1), 114–123. doi:10.4161/cam.4.1.
10977

Hänzelmann, S., Castelo, R., and Guinney, J. (2013). GSVA: Gene Set Variation
Analysis for Microarray and RNA-Seq Data. BMC Bioinformatics 14, 7. doi:10.
1186/1471-2105-14-7

Hugo, W., Zaretsky, J. M., Sun, L., Song, C., Moreno, B. H., Hu-Lieskovan, S., et al.
(2016). Genomic and Transcriptomic Features of Response to Anti-PD-1
Therapy in Metastatic Melanoma. Cell 165 (1), 35–44. doi:10.1016/j.cell.
2016.02.065

Jonkhout, N., Tran, J., Smith, M. A., Schonrock, N., Mattick, J. S., and Novoa, E. M.
(2017). The RNA Modification Landscape in Human Disease. RNA 23 (12),
1754–1769. doi:10.1261/rna.063503.117

Kara, A., Özgür, A., Nalbantoğlu, S., and Karadağ, A. (2021). DNA Repair
Pathways and Their Roles in Drug Resistance for Lung Adenocarcinoma.
Mol. Biol. Rep. 48 (4), 3813–3825. doi:10.1007/s11033-021-06314-z

Kim, N., Hong, Y., Kwon, D., and Yoon, S. (2013). Somatic Mutaome Profile in
Human Cancer Tissues. Genomics Inform. 11 (4), 239–244. doi:10.5808/GI.
2013.11.4.239

Kroemer, G., and Pouyssegur, J. (2008). Tumor Cell Metabolism: Cancer’s Achilles’
Heel. Cancer Cell 13 (6), 472–482. doi:10.1016/j.ccr.2008.05.005

Li, J., Li, X., Zhang, C., Zhang, C., and Wang, H. (2020). A Signature of
Tumor Immune Microenvironment Genes Associated with the Prognosis
of Non-small C-ell L-ung C-ancer. Oncol. Rep. 43 (3), 795–806. doi:10.
3892/or.2020.7464

Liberzon, A., Birger, C., Thorvaldsdóttir, H., Ghandi, M., Mesirov, J. P., and
Tamayo, P. (2015). The Molecular Signatures Database Hallmark Gene Set
Collection. Cel Syst. 1 (6), 417–425. doi:10.1016/j.cels.2015.12.004

Frontiers in Genetics | www.frontiersin.org January 2022 | Volume 13 | Article 76168112

He et al. RNA Modification Characterizes Tumor Microenvironment

https://www.frontiersin.org/articles/10.3389/fgene.2022.761681/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fgene.2022.761681/full#supplementary-material
https://doi.org/10.2174/2211536602666131210001152
https://doi.org/10.2174/2211536602666131210001152
https://doi.org/10.1158/2159-8290.CD-12-0345
https://doi.org/10.1158/2159-8290.CD-12-0345
https://doi.org/10.1016/j.lungcan.2013.03.003
https://doi.org/10.1007/978-1-4939-7493-1_12
https://doi.org/10.1016/j.cmet.2013.05.017
https://doi.org/10.1016/j.cmet.2013.05.017
https://doi.org/10.1038/s41419-017-0129-x
https://doi.org/10.1038/s41419-017-0129-x
https://doi.org/10.1016/j.cmet.2007.10.002
https://doi.org/10.1261/rna.077271.120
https://doi.org/10.4161/cam.4.1.10977
https://doi.org/10.4161/cam.4.1.10977
https://doi.org/10.1186/1471-2105-14-7
https://doi.org/10.1186/1471-2105-14-7
https://doi.org/10.1016/j.cell.2016.02.065
https://doi.org/10.1016/j.cell.2016.02.065
https://doi.org/10.1261/rna.063503.117
https://doi.org/10.1007/s11033-021-06314-z
https://doi.org/10.5808/GI.2013.11.4.239
https://doi.org/10.5808/GI.2013.11.4.239
https://doi.org/10.1016/j.ccr.2008.05.005
https://doi.org/10.3892/or.2020.7464
https://doi.org/10.3892/or.2020.7464
https://doi.org/10.1016/j.cels.2015.12.004
https://www.frontiersin.org/journals/genetics
www.frontiersin.org
https://www.frontiersin.org/journals/genetics#articles


Lobo, J., Barros-Silva, D., Henrique, R., and Jerónimo, C. (2018). The Emerging
Role of Epitranscriptomics in Cancer: Focus on Urological Tumors. Genes 9
(11), 552. doi:10.3390/genes9110552

Marceca, G. P., Tomasello, L., Distefano, R., Acunzo, M., Croce, C. M., and Nigita,
G. (2021). Detecting and Characterizing A-To-I microRNA Editing in Cancer.
Cancers 13 (7), 1699. doi:10.3390/cancers13071699

Mariathasan, S., Turley, S. J., Nickles, D., Castiglioni, A., Yuen, K., Wang, Y., et al.
(2018). TGFβ Attenuates Tumour Response to PD-L1 Blockade by
Contributing to Exclusion of T Cells. Nature 554 (7693), 544–548. doi:10.
1038/nature25501

Mo, Z., Yu, L., Cao, Z., Hu, H., Luo, S., and Zhang, S. (2020). Identification of a
Hypoxia-Associated Signature for Lung Adenocarcinoma. Front. Genet. 11,
647. doi:10.3389/fgene.2020.00647

Mullangi, S., and Lekkala, M. R. (2021). “Adenocarcinoma,” in StatPearls (Treasure
Island (FL)).

Muthusamy, S. (2020). m6A mRNA Methylation: A Pleiotropic Regulator of
Cancer. Gene 736, 144415. doi:10.1016/j.gene.2020.144415

Myers, D.J., and Wallen, J.M. (2021). "Lung Adenocarcinoma," in StatPearls.
(Treasure Island (FL)).

Newman, A. M., Liu, C. L., Green, M. R., Gentles, A. J., Feng, W., Xu, Y., et al.
(2015). Robust Enumeration of Cell Subsets from Tissue Expression Profiles.
Nat. Methods 12 (5), 453–457. doi:10.1038/nmeth.3337

Samstein, R. M., Lee, C.-H., Shoushtari, A. N., Hellmann, M. D., Shen, R., Janjigian,
Y. Y., et al. (2019). Tumor Mutational Load Predicts Survival after
Immunotherapy across Multiple Cancer Types. Nat. Genet. 51 (2), 202–206.
doi:10.1038/s41588-018-0312-8

Shi, H., Chai, P., Jia, R., and Fan, X. (2020). Novel Insight into the Regulatory
Roles of Diverse RNA Modifications: Re-defining the Bridge between
Transcription and Translation. Mol. Cancer 19 (1), 78. doi:10.1186/
s12943-020-01194-6

Siegel, R. L., Miller, K. D., and Jemal, A. (2018). Cancer Statistics, 2018. CA: A
Cancer J. Clinicians 68 (1), 7–30. doi:10.3322/caac.21442

Siegel, R. L., Miller, K. D., Fuchs, H. E., and Jemal, A. (2021). Cancer Statistics,
2021. CA A. Cancer J. Clin. 71 (1), 7–33. doi:10.3322/caac.21654

Soles, L. V., and Shi, Y. (2021). Crosstalk between mRNA 3’-End Processing
and Epigenetics. Front. Genet. 12, 637705. doi:10.3389/fgene.2021.
637705

Sotiriou, C., Wirapati, P., Loi, S., Harris, A., Fox, S., Smeds, J., et al. (2006). Gene
Expression Profiling in Breast Cancer: Understanding the Molecular Basis of
Histologic Grade to Improve Prognosis. J. Natl. Cancer Inst. 98 (4), 262–272.
doi:10.1093/jnci/djj052

Spella, M., and Stathopoulos, G. T. (2021). Immune Resistance in Lung
Adenocarcinoma. Cancers 13 (3), 384. doi:10.3390/cancers13030384

Testa, U., Castelli, G., and Pelosi, E. (2018). Lung Cancers: Molecular
Characterization, Clonal Heterogeneity and Evolution, and Cancer Stem
Cells. Cancers 10 (8), 248. doi:10.3390/cancers10080248

Wang, X., and He, C. (2014). Dynamic RNA Modifications in Posttranscriptional
Regulation. Mol. Cel 56 (1), 5–12. doi:10.1016/j.molcel.2014.09.001

Wilkerson, M. D., and Hayes, D. N. (2010). ConsensusClusterPlus: a Class
Discovery Tool with Confidence Assessments and Item Tracking.
Bioinformatics 26 (12), 1572–1573. doi:10.1093/bioinformatics/btq170

Wilkinson, E., Cui, Y.-H., and He, Y.-Y. (2021). Context-Dependent Roles of RNA
Modifications in Stress Responses and Diseases. Ijms 22 (4), 1949. doi:10.3390/
ijms22041949

Xie, S., Chen, W., Chen, K., Chang, Y., Yang, F., Lin, A., et al. (2020). Emerging
Roles of RNA Methylation in Gastrointestinal Cancers. Cancer Cel Int 20 (1),
585. doi:10.1186/s12935-020-01679-w

Yu, G., Wang, L.-G., Han, Y., and He, Q.-Y. (2012). clusterProfiler: an R Package
for Comparing Biological Themes Among Gene Clusters. OMICS: A J. Integr.
Biol. 16 (5), 284–287. doi:10.1089/omi.2011.0118

Zhao, B. S., Roundtree, I. A., and He, C. (2017). Post-transcriptional Gene
Regulation by mRNA Modifications. Nat. Rev. Mol. Cel Biol 18 (1), 31–42.
doi:10.1038/nrm.2016.132

Zhu, J., Xiao, J., Wang, M., and Hu, D. (2020). Pan-Cancer Molecular Characterization of
m6A Regulators and Immunogenomic Perspective on the TumorMicroenvironment.
Front. Oncol. 10, 618374. doi:10.3389/fonc.2020.618374

Conflict of Interest: DW was employed by YuceBio Technology Co., Ltd.

The remaining authors declare that the research was conducted in the absence of
any commercial or financial relationships that could be construed as a potential
conflict of interest.

Publisher’s Note: All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations, or those of
the publisher, the editors and the reviewers. Any product that may be evaluated in
this article, or claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Copyright © 2022 He, Lin, Pan, Li, Shen, Liu, Li, Wu and Lin. This is an open-access
article distributed under the terms of the Creative Commons Attribution License (CC
BY). The use, distribution or reproduction in other forums is permitted, provided the
original author(s) and the copyright owner(s) are credited and that the original
publication in this journal is cited, in accordance with accepted academic practice.
No use, distribution or reproduction is permitted which does not comply with
these terms.

Frontiers in Genetics | www.frontiersin.org January 2022 | Volume 13 | Article 76168113

He et al. RNA Modification Characterizes Tumor Microenvironment

https://doi.org/10.3390/genes9110552
https://doi.org/10.3390/cancers13071699
https://doi.org/10.1038/nature25501
https://doi.org/10.1038/nature25501
https://doi.org/10.3389/fgene.2020.00647
https://doi.org/10.1016/j.gene.2020.144415
https://doi.org/10.1038/nmeth.3337
https://doi.org/10.1038/s41588-018-0312-8
https://doi.org/10.1186/s12943-020-01194-6
https://doi.org/10.1186/s12943-020-01194-6
https://doi.org/10.3322/caac.21442
https://doi.org/10.3322/caac.21654
https://doi.org/10.3389/fgene.2021.637705
https://doi.org/10.3389/fgene.2021.637705
https://doi.org/10.1093/jnci/djj052
https://doi.org/10.3390/cancers13030384
https://doi.org/10.3390/cancers10080248
https://doi.org/10.1016/j.molcel.2014.09.001
https://doi.org/10.1093/bioinformatics/btq170
https://doi.org/10.3390/ijms22041949
https://doi.org/10.3390/ijms22041949
https://doi.org/10.1186/s12935-020-01679-w
https://doi.org/10.1089/omi.2011.0118
https://doi.org/10.1038/nrm.2016.132
https://doi.org/10.3389/fonc.2020.618374
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/genetics
www.frontiersin.org
https://www.frontiersin.org/journals/genetics#articles

	The Identification of Two RNA Modification Patterns and Tumor Microenvironment Infiltration Characterization of Lung Adenoc ...
	Introduction
	Materials and Methods
	Data Acquisition and Collation
	Consensus Clustering for 26 RNA Modification “Writers”
	Gene Set Variation Analysis and Functional Annotation
	Immune Cell Abundance Estimation by CIBERSORT
	Construction of the “Writer” of RNA Modification Score
	Analysis of Post-Transcriptional Regulation of WM Score
	Correlation Analysis Between WM Score and Chemotherapeutic or Immune Checkpoint Blocking Therapy
	Statistical Analysis

	Results
	TME Characterization of LUAD and Genetic and Expression Changes of RNA Modification “Writers”
	Identification of Two Patterns of RNA Modification “Writers” and Analysis of the Characteristics of TME Cell Infiltration
	Development and Validation of RNA Modification “Writers” Scores
	The Relationship Between WM Score and TME was Characterized
	Clinical, Somatic Mutation, and Post-Transcriptional Modification Characteristics of WM Score
	WM Score Could Predict the Response of Cell Line Drug Therapy and Immunotherapy

	Discussion
	Data Availability Statement
	Author Contributions
	Funding
	Supplementary Material
	References


