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RNA modification has become an exciting underexplored field in recent years. In lung adenocarcinoma (LUAD), m6A was the
best characterized and most studied RNA modification, while knowledge about other kinds of RNA modifications in LUAD is
limited. In our study, we included a total of 100 RNA modification regulators of eight types of cancer-related RNA modifications
(m6A, m1A, m5C, Nm,m7G,Ψ, A-to-I, andmcm5s2U) to systematically profile their specific roles in LUAD. By gene mutation and
expression analysis, we identified extensive dysregulations and complicated interactions of 100 RNA modification regulators in
LUAD. Based on unsupervised clustering analysis, gene set variation analysis (GSVA), and single-sample gene-set enrichment
analysis (ssGSEA), two RNAmodification patterns in LUADwere defined to show distinct biological characteristics.)e favorable
prognostic pattern was enriched with infiltrated immune cells, including activated B cells, CD8 Tcells, eosinophil cells, dendritic
cells, and natural killer cells, while the unfavorable prognostic pattern was enriched with cancer hallmarks, including hypoxia,
epithelial-mesenchymal transition (EMT), angiogenesis, PI3K-AKT-mTOR pathway, MYC pathway, and glycolysis pathway. We
also constructed an RNA modification score (RMScore) based on five critical genes (CYP17A1, NTSR1, PITX3, KRT6A, and
ANLN) to evaluate the RNAmodification status of individual LUAD patients. RMScore was revealed to be related to the infiltrated
immune cells and cancer hallmarks and was an independent prognostic factor in the TCGA-LUAD cohort and two external GEO-
LUAD cohorts. Our study was the first to comprehensively investigate the dysregulations, crosstalk, and potential prognostic value
of eight types of RNA modifications in LUAD. Our results highlighted the significance of eight types of RNA modifications in
tumor microenvironments and cancer hallmarks and provided novel prognostic biomarkers and potential therapeutic targets in
the management of LUAD patients in the future.

1. Introduction

Lung cancer, one of the most prevalent cancers, is the
leading killer and represents one of the most challenging
health problems worldwide [1, 2]. Lung cancer is divided
into two main pathological subtypes, including nonsmall
cell lung cancer (NSCLC) and small cell lung cancer
(SCLC), which account for about 85% and 15% of all lung
cancer cases, respectively [3]. Among all pathological
subtypes of NSCLC, lung adenocarcinoma (LUAD) is the
most predominant one [3]. Recent studies about the

molecular biological characteristics and the tumor mi-
croenvironments have revolutionized the management of
LUAD patients, leading to a transition from traditional
chemotherapy to novel target therapy and immuno-
therapy, which significantly improved patient outcomes
[4, 5]. However, only a small fraction of LUAD patients
can benefit from these novel therapeutics, and some
patients inevitably suffer from drug resistance, leading to
the disappointing survival of some LUAD patients [6].
)us, further efforts are still needed to excavate the
underlying molecular biological mechanisms and
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potential drug targets to improve the outcomes of LUAD
patients.

RNA modification is an important post-transcriptional
program, which has become an exciting underexplored field
in recent years because of the development of novel tech-
nologies. )ere are over 170 kinds of RNA modifications
found in eukaryotes [7], many of which were revealed to
show strong connections with various cancers, including
LUAD. Among all LUAD-related RNA modifications, m6A
(N6-methyladenosine) is the best characterized one. For
example, the m6A modification of circIGF2BP3 mediated by
METTL3 could increase the level of PD-L1 in NSCLC and
facilitate the immune escape of NSCLC by blocking the
CD8+ T cell response [8]. M6A-modified long noncoding
RNA (lncRNA) LCAT3 promoted LUAD tumor growth and
metastasis by activating the c-MYC pathway [9]. M6A eraser
ALKBH5 functioned as an antitumor effector in LUAD by
reducing the m6A modification and downregulating the
expression of YAP [10]. Except for m6A modification, m5C
(5-methylcytosin), m1A (N1-methyladenosine), Nm (2′-O-
methylation), and other types of RNA modifications have
also been documented to have critical roles in lung cancer or
other cancers [11–13]. However, these studies just focused
on the function of one regulator with the comprehensive
roles, and the interactions between different regulators re-
main unknown. Recently, a few studies paid attention to one
kind of RNA regulator and analyzed the crosstalk of different
regulators within one type of RNA modification. Liu et al.
constructed a prognostic model based on 13 m6A regulators
to predict the survival of LUAD patients [14]. Xu et al.
analyzed m6A-related lncRNA and built a risk model that
was an independent prognostic factor and could predict the
response of immunotherapy in LUAD [15]. Chen also
identified two m5C modification patterns in LUAD patients
and calculated them5C score, which was related to the tumor
microenvironments and LUAD patient outcomes [16].
However, these studies ignored the potential functions of
other types of RNA modifications and could not elucidate
the relationships and interactions between different types of
RNA regulators. Systematically profiling the comprehensive
roles and interactions of different kinds of RNA regulators is
needed to improve our knowledge about RNAmodifications
in LUAD, and it might help to reveal novel molecular
mechanisms to improve the outcomes of LUAD patients.

)us, in our research, we systematically profiled a total of
100 RNA regulators of eight types of RNA modifications in
LUAD for the first time. We revealed the extensive dysre-
gulations and comprehensive interactions among eight types
of RNA modifications and found two LUAD-related RNA
modification patterns with different cancer hallmarks,
infiltrated immune cells, and different prognoses. We also
constructed an RNAmodification score (RMScore) based on
five RNA modification-related genes, which could predict
the survival of LUAD patients, and it was validated to be an
independent prognostic factor in different LUAD cohorts.
Our study underlined the importance of eight types of RNA
modifications in LUAD for the first time and provided
potential therapeutic targets for the management of LUAD
patients in the future.

2. Materials and Methods

2.1. LUAD Datasets Curation and Processing. Level-three
RNA-seq data, raw count data, gene mutation data, copy
number variation (CNV) data, and clinical data of the LUAD
cohort were downloaded from the TCGA database. Frag-
ments per kilobase of transcript per million fragments
mapped (FPKM) values were log2 transformed to represent
the mRNA expression levels of genes. Raw count data was
used for differential expression gene analysis. Patients
lacking age, gender, TNM stage, and survival information
were excluded from our study. Genes with FPKM value
below 1 in more than half of patients were also excluded
from our study.

)emicroarray datasets of LUAD patients were obtained
from the gene expression omnibus (GEO). Log2 transfor-
mation followed by quantile normalization was used to
process microarray data. A total of three GEO-LUAD
datasets (GSE40419, GSE41271, and GSE50081) were in-
cluded in this study, with GSE40419 containing 87 LUAD
tumors and 77 adjacent normal tissues, GSE41271 con-
taining 178 tumor samples, and GSE50081 containing 127
tumor samples. Detailed information about TCGA-LUAD
and three GEO-LUAD datasets were summarized in
Table S1. )e CLIP-seq data of TRM10A, FTO, ZCCHC4,
YTHDC2, METTL3, and YTHDF3 was obtained from the
GEO database with the GEO accession numbers GSE146207,
GSE102336, GSE98085, GSE191170, and GSE86214,
respectively.

Because of the huge number of RNA regulators and their
physiological effects in eukaryotes, we limited our study to
cancer-related RNA regulators that have been widely
documented to show critical roles in LUAD or other cancers
[11–13]. Finally, a total of 100 RNA regulators that belong to
8 kinds of RNA modifications (m6A, m1A, m5C, Nm, m7G
(7-methylguanosine), Ψ (uridine-to-pseudouridine), A-to-I
(adenosine-to-inosine transition), and mcm5s2U (5-
methoxycarbonylmethyl-2-thiouridine)) were included in
our study. )e 100 RNA regulators were listed in Table S2.

2.2. Expression and Prognostic Analysis of 100 RNA
Regulators. )e mutation pattern of 100 RNA regulators in
8 types of RNA modifications was analyzed by the Maftools
R package. Paired t-test and unpaired t-test were used in the
TCGA-LUAD cohort (including 56 paired LUAD tumors
and adjacent normal tissues) and GSE40419 dataset (in-
cluding 87 LUAD tumors and 77 normal tissues), respec-
tively, to find dysregulated RNA regulators. Detailed
information about the 56 tumor samples and matched
normal tissues of the TCGA-LUAD cohort was summarized
in Table S3. RNA regulators with adjusted p value< 0.05 and
log2 (fold change)≥ 1 or log2 (fold change)≤−1 were
identified as differentially expressed genes.

Univariate cox regression analysis was performed to find
survival-associated RNA regulators in 8 types of RNA
modifications. RNA regulators with adjusted p value< 0.05
in univariate cox regression analysis together with clinical
characteristics (age, gender, and TNM stage) were included
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in multivariate cox regression analysis to find independent
prognostic regulators in LUAD patients. Forest plot and
Kaplan–Meier curves were used to show the prognostic
value of RNA regulators. )e crosstalk and correlation
within one kind of RNA regulator and among different kinds
of RNA regulators were analyzed using the Spearman
correlation algorithm. Correlations with adjusted p val-
ue< 0.05 and |correlation coefficient> 0.5 were shown using
Cytoscape software 3.8.0.

2.3. Clustering Pattern Analysis of 100 RNA Regulators.
)e Consensus-Clusterplus R package was utilized to con-
duct an unsupervised clustering analysis in LUAD patients
based on the expression of 100 RNA regulators. To enhance
the stability of clusters, they were repeated a total of 1000
times.

To clarify the biological significance of different clusters
determined by 100 RNA regulators, the gene set variation
analysis (GSVA) was performed using the GSVA R package.
)e hallmark gene set “h.all.v7.4.symbols.gmt” was down-
loaded from MSigDB datasets and was used for GSVA
analysis. )e single-sample gene-set enrichment analysis
(ssGSEA) method was used to calculate the quantity of
infiltrated immune cells in different clusters of LUAD pa-
tients. )e immune scores and stromal scores of LUAD
patients in different clusters were compared by the estimate
R package.

2.4. RNA Modification Score (RMScore) Construction. To
evaluate the RNA modification status for an individual
patient, we construct the RMScore following the steps below.

(1) Differentially expressed genes (DEGs) between dif-
ferent RNA modification clusters were identified
using the DESeq2 R package. Raw count data was
used for DEG analysis. Genes with adjusted p val-
ue< 0.05 and log2(fold change)≥ 1 or log2(fold
change)≤−1 were identified as DEGs.

(2) )e univariate cox regression analysis was per-
formed to find survival-associated DEGs.

(3) Rbsurv R package was utilized to perform robust
likelihood-based survival analysis and further select
survival-associated DEGs, which made the selected
target genes more reliable.

Multivariate cox regression analysis was conducted to
construct the final prognostic model. Genes with a p val-
ue< 0.05 in multivariate cox regression analysis were used to
construct the RMScore using the following formula:
RMScore� coefi ∗ genei.

2.5. Clinical Significance Analysis of RMScore. To illuminate
the clinical significance of RMScore constructed in our
study, we divide LUAD patients into two groups based on
the median value of RMScore. GSVA and ssGSEA methods
were used to compare tumor-specific hallmark pathways and
infiltrated immune cells in the RMScore-high group and
RMScore-low group. Spearman correlation analysis was

performed to reveal the correlations between the individual
RNA modification regulator and the RMScore.
Kaplan–Meier curves, together with ROC curves, were
plotted to show the prognostic value in the training cohort
(TCGA dataset) and the validation cohorts (GEO datasets).
All analyses were performed on RStudio 1.4.1106. )e
protocol of this study was approved by the ethics committee
of our institute and the study was conducted in accordance
with the Declaration of Helsinki. Considering that only
publicly available data were used in this study, the re-
quirement for informed consent from patients was waived
by the ethics committee.∗p< 0.05; ∗∗p< 0.01; ∗∗∗p< 0.001;
∗∗∗∗p< 0.0001; ns, not significant.

3. Results

3.1. Mutation and Dysregulation of Eight Types of RNA
Regulators in LUAD. According to the published data until
now, a total of 100 RNA modification regulators that have
been documented to be related to at least one kind of cancer
have been included in our study. 100 RNA regulators belong
to eight types of RNAmodifications, including 33 regulators
in m6A, 16 regulators in m5C, 15 regulators in Nm, 11
regulators in Ψ, 9 regulators in m1A, 6 regulators in m7G, 5
regulators in A-to-I, and 5 regulators in mcm5s2U (Table S2).

To evaluate the genetic alternations of different types of
RNA regulators in LUAD, we accessed the mutation profiles
of eight types of RNA regulators in the TCGA-LUAD co-
hort, respectively. As shown in Figure S1, RNA regulators in
m6A showed the highest mutation rate (33.16%, Figure S1A),
followed by RNA regulators in m5C (20.63%, Figure S1B),
Nm (12.17%, Figure S1C), Ψ (6.53%, Figure S1D), m1A
(5.64%, Figure S1E), A-to-I (5.47%, Figure S1F), and m7G
(3.53%, Figure S1G). RNA regulators in mcm5s2U showed
the lowest mutation rate (1.41%, Figure S1H). We also
compared the mutations of RNA regulators in diverse RNA
modifications and showed the mutation profiles of genes
with mutation rates≥ 2% (Figure 1(a)). As a result, about a
quarter of 100 RNA regulators in eight types of RNA
modifications have a mutation rate≥ 2%. Nmwriter CMTR2
showed the highest mutation rate (5%) followed by m6A
writer ZC3H13, m5C writer DNMT3A, and m5C eraser
TET1 (4%) (Figure 1(a)). M6A writer KIAA1429, m6A reader
PRRC2A, IGF2BP1, and m5C eraser TET3 also showed
pretty high mutations with a mutation rate of 3% in LUAD
patients (Figure 1(a)). Genetic interaction analysis identified
that the mutations of m5C eraser TET3 were positively
correlated with the mutations of m6A reader IGF2BP1 and
IGF2BP2.)emutations of m6A reader IGF2BP2 and FMR1
were positively correlated with the mutations of m6A writer
KIAA1429 and m5C eraser TET1, respectively (Figure 1(b)),
which underlined the mutual exclusion or co-occurrence of
mutations of different types of RNA regulators.

To evaluate the dysregulation of 100 RNA regulators, we
conducted differentially expressed gene analysis in 56
TCGA-LUAD tumors and 56 paired normal samples, as well
as in GSE40419 datasets, which contained 87 LUAD tumors
and 77 adjacent normal lung tissues. RNA regulators with
adjusted p value< 0.05 and log2(fold change)≥ 1 or log2
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Altered in 228 (40.21%) of 567 samples.
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(fold change)≤−1 were considered differentially expressed
genes. As a result, IGF2BP1 and IGF2BP3 of m6A,
DNMT3B, and TET1 of m5C, METTL1 of m7G, SNORD48
andMRM1 of Nm, and PUS7 and PUS7L ofΨwere found to
be significantly upregulated in TCGA-LUAD tumors, while
ADARB1 and ADARB2 of A-to-I were found to be sig-
nificantly downregulated (Figure 1(c)). Consistent with
TCGA-LUAD cohorts, differentially expressed gene analysis
in GSE40419 found the same results, except for METTL1,
SNORD48, and PUS7, which were not detected in GSE40419
datasets (Figure 1(d)). We also analyzed the copy number
variation (CNV) of 100 RNA regulators in TCGA-LUAD
cohorts. )e top 15 RNA regulators with a gain of CNV or
loss of CNV are shown in Figures 1(e) and 1(f).)e writer of
A-to-I ADAR and writer of Nm HENMT1 showed the
highest frequency of gain of CNV and loss of CNV, re-
spectively (Figures 1(e) and 1(f)). As for the differentially
expressed RNA regulators, all of the upregulated genes
showed a gain of CNV, which might explain their upre-
gulation partially, while the downregulation of ADARB1 and
ADARB2 might not be correlated with their alternations of
CNV (Figure 1(g)).

3.2. Prognostic Value and Crosstalk of Eight Types of RNA
Regulators in LUAD. To evaluate the prognostic value of 100
RNA regulators in LUAD, we conducted a univariate cox
regression analysis in TCGA-LUAD cohorts to find survival-
associated RNA regulators. As shown in Figure S2, a total of
18 RNA regulators were identified to be significantly related
to the overall survival (OS) of LUAD patients, including
METTL5, IGF2BP3, IGF2BP2, IGF2BP1, HNPNPC,
HNRNPA2B1, and G3BP1, in m6A (Figure S2A), TRMT10B,
TRMT10A, and ALKBH3 in m1A (Figure S2B), WDR4 in
m7G (Figure S2C), TRDMT1, NSUN7, NSUN4, NOP2,

ALYREF in m5C (Figure S2D), FTSJ3 in Nm (Figure S2E),
and PUS10 inΨ (Figure S2F), while RNA regulators in A-to-
I and mcm5s2U were found to have no correlations with the
prognosis of LUAD patients (Figures S2G and S2H). To
further determine the independent prognostic value of RNA
regulators, we performed a multivariate cox regression
analysis on the above 18 regulators and patient clinical
characteristics. As a result, TRMT10A, IGF2BP1, and patient
TNM stage were identified as the independent unfavorable
prognostic factors, while NSUN4, NSUN7, and TRDMT1
were identified as the independent favorable prognostic
factors in LUAD patients (Figure 2(a), Table S4).
Kaplan–Meier curves also showed that LUAD patients with
a low expression of IGF2BP1 and TRMT10A or with a high
expression of NSUN4, NSUN7, and TRDMT1 have longer
overall survival (Figures 2(b)–2(f)). Furthermore, we used
another GEO dataset (GSE50081) as an external validation
cohort to further validate the prognostic value of RNA
regulators in LUAD. As shown in Figure S3, the prognosis of
LUAD patients with a low expression of IGF2BP1 or
TRMT10A was significantly better than those with a high
expression of IGF2BP1 or TRMT10A (Figures S3A and
3(b)). )e prognosis of LUAD patients with a low expres-
sion of NSUN4, NSUN7, or TRDMT1 was significantly
poorer than those with a high expression of NSUN4,
NSUN7, or TRDMT1 (Figures S3C and 3(e)).

We also explored the relationships among eight types of
RNA regulators in LUAD. As a result, extensive interactions
were found within one kind of RNA regulator and between
different kinds of RNA regulators (Table S5). Correlations
with adjusted p value< 0.05 and r≥ 0.5 or r≤−0.5 were
shown in Figure 2(g) (no correlations with r≤−0.5 were
found).We can see that the RNA regulators of m6A andm5C
showed positive correlations with each other. )e RNA
regulators of m6A also showed significant correlations with
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Figure 1: )e mutation and dysregulation of eight types of RNA modification regulators in LUAD. (a) )e mutation spectrum of RNA
regulators with mutation rates ≥2% in the TCGA-LUAD cohort, with each column representing one patient and the percentage on the right
side representing the corresponding gene mutation rate. (b) )e crosstalk of gene mutations with mutation rates ≥2% in the TCGA-LUAD
cohort. (c) )e relative expressions of differentially expressed RNA regulators in TCGA-LUAD tumor and paired normal lung tissues. (d)
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Figure 2: Continued.
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the RNA regulators of Ψ, m1A, m7G, and Nm (Figure 2(g)).
Besides, the RNA regulators of m5C,Ψ, mcm5s2U, and A-to-
I were also found to have interactions with each other
(Figure 2(g)). Correlations with the top 10 correlation co-
efficients were shown in Figures 2(h) and 2(i) and Figure S4.
)e YTHDF3 of m6A showed the strongest positive cor-
relation with the TGS1 of m7G (Figure 2(h)), followed by the
DNMT3A and TET3 of m5C (Figure 2(i)), KIAA1429 of

m6A, TGS1 of m7G (Figure S4A), KIAA1429 and YTHDF3
of m6A (Figure S4B), NOP2 ofm5C, PUS1 ofΨ (Figure S4C),
PUS3 and RPUSD4 of Ψ (Figure S4D), YTHDC1 of m6A,
TET2 of m5C (Figure S4E), DNMT3A and DNMT3B of m5C
(Figure S4F), NSUN5 of m5C, BUD23 of m7G (Figure S4G),
CBLL1 of m6A, and PUS7 ofΨ (Figure S4H). All of the above
implied that eight types of RNA regulators might interact
with each other to play critical roles in LUAD.
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Figure 2: )e prognostic value and interactions of eight types of RNA regulators in LUAD. (a) Multivariate cox regression analysis
identified the TNM stage, IGF2BP1, TRMT10A, NSUN4, NSUN7, and TRDMT1 as independent prognostic factors in LUAD. )e dotted
horizontal line represents the hazard ratios and the 95% confidence interval of each gene, with the color of dot point representing the statical
significance. (b)–(f) Kaplan–Meier curves showed the overall survival of LUAD patients in IGF2BP1-low or IGF2BP1-high group (b),
TRMT10A-low or TRMT10A-high group (c), NSUN4-low or NSUN4-high group (d), NSUN7-low or NSUN7-high group, (e) and
TRDMT1-low or TRDMT1-high group (f). (g) )e interactions of eight types of RNA regulators with p value <0.05 and correlation
coefficient ≥0.5 in LUAD. )e color of the node represents RNA modification type of each gene and the shape of the node represents the
working pattern of each regulator.)e lines between the gene nodes represent their correlation coefficients. (h))e level of YTHDF3 of m6A
was positively correlated with the level of TGS1 of m7G in LUAD. (i))e level of DNMT3A of m5Cwas positively correlated with the level of
TET3 of m5C in LUAD.
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3.3. Distinct RNA Modification Patterns Showed Different
Cancer Hallmarks and Tumor Microenvironments. To ex-
cavate the RNA modification patterns of LUAD, an unsu-
pervised clustering analysis was performed in TCGA-LUAD
patients based on 100 RNA regulators. As a result, two
different RNA modification patterns were defined, with
Cluster A having 226 LUAD patients and Cluster B having
245 LUAD patients (Table S6). We compared the mutation
and expression patterns of 100 RNA regulators in Cluster A
and Cluster B. As shown in Figures S5A and S5B, the
mutation rate of RNA regulators in Cluster B was signifi-
cantly higher than that in Cluster A. RNA regulators with
mutation rates> 2% were also different in the two clusters.
TET1 showed the highest mutation rate in Cluster A, fol-
lowed by ZC3H13, CMTR2, and HNRNPA2B1
(Figure S5A). In Cluster B, CMTR2 showed the highest
mutation rate, followed by ZC3H13, KIAA1429, and
DNMT3A (Figure S5B).)e expression patterns of 100 RNA
regulators in two Clusters were also significantly different
(Figure S5C). )e prognostic analysis showed that LUAD
patients in Cluster A had a longer OS than those in Cluster B
(Figure 3(a)). To further determine the underlying biological
characteristics of two different RNA modification clusters,
GSVA and ssGSEA enrichment analyses were conducted to
analyze cancer hallmarks and infiltrated immune cells in
different RNA modification clusters, respectively. As shown
in Figure 3(b), most cancer hallmarks, including hypoxia,
epithelial–mesenchymal transition (EMT), angiogenesis,
TNFα pathway, PI3K-AKT-mTOR pathway, E2F targets,
G2M checkpoint, MYC pathway, and glycolysis pathway
were enriched in Cluster B, which had a poor prognosis.
However, there were more activated B cells, memory CD4
T cells, effector memory CD8 T cells, eosinophil cells, im-
mature B cells, dendritic cells, and natural killer cells
infiltrated in Cluster A, which has a favorable prognosis
(Figure 3(c)). Besides, the immune score and stromal score
were higher in Cluster A than in Cluster B (Figure 3(d)), and
the enrichment scores of the Tcell receptor (TCR) and B cell
receptor (BCR) were also higher in Cluster A (Figure 3(e)),
which together demonstrated that the longer OS of Cluster A
might attribute to the tumor microenvironment (TME)-
infiltrated immune cells, while the poor prognosis of Cluster
B might be associated with the tumorigenesis of cancer
hallmarks.

Many studies have documented that RNA regulators
could affect the infiltration of TME-related immune cells. To
further determine immune cell-related RNA regulators of
eight types of RNA modifications in LUAD, Spearman
correlation analysis was performed between 100 RNA reg-
ulators and 28 kinds of immune cells. Correlations with
adjusted p value< 0.05 and r≥ 0.3 or r≤−0.3 were shown in
Figure 3(f). Seven of the eight types of RNA regulators
showed significant correlations with TME-infiltrated im-
mune cells, except for mcm5s2U. Among all immune cell-
related RNA regulators, most RNA regulators of m6A, m5C,
m1A, m7G, Nm, and Ψ showed negative correlations with
infiltrated immune cells, except for WTAP, CBLL1,
IGF2BP3, G3BP1, and G3BP2 of m6A and YBX1 of m5C.
However, ADARB1 and ADARB2, the two RNA regulators

of A-to-I, showed positive correlations with the infiltrated
immune cells (Figure 3(f)). )ese results demonstrated that
RNA regulators defined distinct RNA modification patterns
in LUAD by affecting cancer hallmarks and immune
microenvironments.

To further validate the RNA modification patterns in
patients with LUAD, we performed an unsupervised clus-
tering analysis in an external validation dataset (GSE41271).
As shown in Figure S6, LUAD patients in the GSE41271
dataset were also divided into two clusters, with Cluster A
showing a longer overall survival than Cluster B, although
the p value was not statistically significant (Figure S6A).
GSVA and ssGSEA enrichment analysis found that most
cancer hallmarks were enriched in LUAD patients in Cluster
B, while most immune cells were enriched in LUAD patients
in Cluster A. )ese results validated the existence of two
RNA modification patterns in LUAD and suggested that
different RNAmodification patterns might be closely related
to cancer hallmarks and immune microenvironments.

As we collected the 100 cancer-related RNA modifica-
tion regulators based on LUAD and other cancers, we
further excavated whether the modification patterns existed
in other cancers. Interestingly, we found similar RNA
modification patterns in breast cancer patients (BRCA) in
the TCGA dataset. A total of 1163 BRCA patients were
divided into two clusters based on the 100 RNA regulators
and patients in Cluster A, which showed a better prognosis
than Cluster B (Figure S7A). GSVA and ssGSEA analysis
showed that most cancer hallmarks, including TGF-
βsignaling pathway, KRAS signaling pathway, hypoxia,
EMT, and androgen response pathway, were enriched in
BRCA patients in Cluster B (Figure S7B), while most im-
mune cells, including activated B cells, activated CD4 and
CD8 cells, dendritic cells, macrophage, and monocytes were
enriched in BRCA patients in Cluster A (Figure S7C).
However, different results were obtained in patients with
colon cancer (COAD). Although COAD patients in the
TCGA dataset were also divided into two clusters based on
the expression of 100 RNA regulators (Figure S7D), the
prognosis of patients in the two clusters was not statistically
significant (Figure S7E). All of the above implied that the
eight kinds of RNA regulators might have defined the RNA
modification patterns in LUAD and other cancers, however,
the specific functions of RNA modifications might be dif-
ferent in different cancers, which need to be further exca-
vated in the future.

3.4. Construction of RNA Modification Score in LUAD. To
further evaluate the RNA modification pattern and predict
the prognosis of an individual patient with LUAD, we
constructed the RNA modification score (RMScore) using
differential expression analysis followed by a series of sur-
vival analyses in the TCGA-LUAD cohort. )e differential
expression analysis between RNA modification Cluster A
and Cluster B identified a total of 1348 differentially
expressed genes (DEGs), and 229 DEGs were proved to be
associated with the OS of LUAD patients in a univariate Cox
regression analysis (Table S7). To investigate the potential
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correlations between the survival-associated DEGs and RNA
regulators, we evaluate several publicly available CLIP-seq
data in GEO datasets (GSE146207, GSE146207, GSE102336,
GSE98085, GSE191170, and GSE86214) to find whether the
DEGs were bonded and regulated by RNA regulators. As we
expected, we found that more than half of DEGs were de-
termined to be bonded and regulated byRNA regulators,
including m1A regulator TRM10A andm6A regulator FTO,
ZCCHC4, YTHDC2, METTL3, and YTHDF3 in the CLIP-
seq data. Besides, one DEG may be regulated by more than
one regulator in the CLIP-seq data, and the detailed regu-
lation network is listed in Table S8.

Next, the robust likelihood-based survival analysis fol-
lowed by the multivariate Cox regression analysis was
performed on the 229 survival-associated DEGs to construct
the RMScore. Finally, five genes, including CYP17A1,
NTSR1, PITX3, KRT6A, and ANLN, were identified to be
the independent prognostic factors in LUAD patients and
were used to construct the RMScore by multiplying their
respective coefficients (RMScore� coef1∗CYP17A1+
coef2 ∗ NTSR1 + coef3 ∗ PITX3 + coef4 ∗ KRT6A +
coef5∗ANLN) (Table S9). Among the five RMScore genes,
four (ANLN, KRT6A, PITX3, and NTSR1) were identified to

be upregulated, while CYP17A1 was identified to be
downregulated in TCGA-LUAD tumor tissues compared
with paired normal tissues (Figures S8A–S8E).
Kaplan–Meier curves also showed that the high expression
of ANLN, KRT6A, PITX3, and NTSR1 and the low ex-
pression of CYP17A1 were related to the poor survival of
LUAD patients (Figures S8F–S8J).

)en, we divided LUAD patients into high and low
RMScore groups based on the median of RMScore. )e
clinical characteristics and expressions of five RMScore
genes were shown in Figure 4(a). Most patients in RNA
modification Cluster A were identified as RMScore-low
group (Figure 4(a), Table S6), and Kaplan–Meier curves
showed that patients in the RMScore-low group also had a
significant longer OS than those in the RMScore-high group
(Figure 4(b)), which demonstrated that two distinct RNA
modification patterns defined by eight types of RNA reg-
ulators do exist and was closely related to the prognosis of
LUAD patients. GSVA analysis identified that most cancer
hallmarks, including G2M checkpoint, E2F targets, DNA
repair, MYC pathway, glycolysis pathway, PI3K-AKT-
mTOR pathway, EMT, hypoxia, and angiogenesis were
significantly enriched in the RMScore-high group
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Figure 3: Two RNA modification patterns of LUAD showed distinct cancer hallmarks and tumor microenvironments. (a) Kaplan–Meier
curves showed the different overall survival of LUAD patients in two RNAmodification clusters. (b))e heatmap revealed that most cancer
hallmarks were enriched in LUAD patients in the RNA modification cluster (b). (c) )e box plot showed that immune cells infiltrated in
tumor microenvironments were distinct in two RNAmodification clusters. (d))e box plot showed the immune score and stromal score of
LUAD patients in two RNA modification clusters. (e) )e box plot showed the enrichment score of immune-related pathways in two RNA
modification clusters. (f ) )e correlations between infiltrated immunes cells and RNA modification regulators. NLR, nod-like receptor
signaling pathway; TCR, Tcell receptor signaling pathway; BCR, B cell receptor signaling pathway; TLR, toll-like receptor signaling pathway;
NKL, natural killer cell-mediated cytotoxicity; CCRI, cytokine-cytokine receptor interaction; CSP, chemokine signaling pathway.
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(Figure 4(c)), which was similar to that in RNAmodification
Cluster B. However, the immune score in the RMScore-high
group was significantly lower than that in the RMScore-low
group (Figure 4(d)), which implied that the RMScore-low
group was more related to TME-associated immune cells.
Further analysis verified that there were more infiltrated
B cells, eosinophil cells, dendritic cells, and monocytes in the
RMScore-low group compared with that in the RMScore-
high group (Figure 4(e)). It could be an important factor for
the better prognosis of LUAD patients in the RMScore-low
group.

To better understand the crosstalk between RNA reg-
ulators and RMScore, we conducted the Spearman corre-
lation analysis between 100 RNA regulators and the
RMScore together with five RMScore genes. Correlations
with adjusted p value< 0.05 and r≥ 0.3 or r≤−0.3 were
shown in Figure 4(f ). As a result, RNA regulators in the six
types of RNAmodifications, includingm6A, m5C, m1A, Nm,
m7G, and Ψ were revealed to be closely related to the
RMScore, among which all regulators in m6A, Nm, and m7G
were positively associated with the RMScore, while
TRDMT1 and NSUN7 of m5C, TRMB10 B and RRP8 of
m1A, and PUS10 of Ψ were negatively associated with the
RMScore. )e RMScore gene ANLN was also positively
associated with almost all RNA regulators, except for
TRDMT1 and NSUN7 of m5C, TRMB10 B and RRP8 of
m1A, and PUS10 of Ψ, while the RMScore gene CYP17A1
was negatively associated with most RNA regulators.

3.5. RNA Modification Score Was an Independent Prognostic
Factor in LUAD. To further verify the clinical significance of
the RMScore, we used the two GEO cohorts of LUAD
patients as validation datasets. )e RMScore was calculated
based on the expression of five RMScore genes in two
validation cohorts. Kaplan–Meier curves demonstrated that
patients in the RMScore-low group also had a longer OS
than patients in the RMScore-high group (Figures 5(a) and
5(b)). Receiver operator characteristic (ROC) curves showed
that the AUCs of ROC were 0.64, 0.72, and 0.79 in TCGA
and two GEO datasets, respectively (Figure 5(c)). )e
multivariate cox regression analysis also showed that the
RMScore was an independent prognostic factor in TCGA
and two GEO datasets (Figures 5(d)–5(f)). All the above
underlined the clinical significance of RMScore, and
RMScore might be a potential prognostic factor in LUAD
patients.

4. Discussion

RNA modification is a novel frontier of RNA epitran-
scriptomics, which is characterized by abundant chemical
modifications in different kinds of RNAs. Recently, in-
creasing evidence has suggested that RNA modifications
play a critical role in cancer and might serve as novel drug
targets in the management of cancer patients. However,
studies about RNA modifications in LUAD are mainly
limited to a few RNA modification regulators, especially
m6A-related regulators, with the roles of other kinds of RNA

modifications, and their crosstalk with each other remains
unknown.

In our study, a total of 100 RNA modification regulators
of eight types of RNA modifications (including m6A, m5C,
Nm, Ψ, m1A, m7G, A-to-I, and mcm5s2U) were included
because of their potential cancer-related functions, which
were reported by other pieces of research before. Among all
cancer-related RNA modifications, m6A is the most im-
portant one. m6A is methylation at the N6 position of the
adenine of RNA and is widely documented to regulate the
expressions of many oncogenes or tumor suppressor genes
to affect the pathological characteristics of various tumor
cells or tumor microenvironments [17, 18]. M5C is meth-
ylation at position 5 of cytidine residues, which are abundant
on DNA, mRNA, and ncRNAs [19]. Some writers of m5C
were revealed to promote the progression of lung cancer,
prostate cancer, and oesophageal squamous cell carcinoma
by targeting rRNA or ncRNAs [11, 20]. Nm, also called 2′-O-
methylation, is the methylation of the 2′ -hydroxyl of ri-
bonucleotides, which is a highly conserved RNA modifi-
cation in eukaryotes [21], and it was determined to affect the
tumorigenesis of colorectal cancer by regulating rRNA [22].
Ψ is the transition from uridine to pseudouridine [23], and
A-to-I is the conversion from adenine to inosine [24]. M1A is
the methylation of adenosine at position 1, m7G is the
methylation of guanosine at position 7 [25], and mcm5s2U is
an important post-transcriptional modification of U34 on
specific tRNAs [26]. )e regulators of Ψ, m1A, m7G, A-to-I,
and mcm5s2U have also been reported to be dysregulated to
function as oncogenes or tumor suppressors in various
tumors, including lung cancer, prostate cancer, hepatocel-
lular cancer, breast cancer, melanoma, and glioblastoma
[11]. However, how these RNA modifications interact with
each other in LUAD, what roles they play exactly in LUAD,
and whether they can serve as prognostic biomarkers to
affect the prognosis of LUAD patients are still obscure.

In our study, we firstly profiled the mutation and ex-
pression of 100 RNA modification regulators of eight types
of RNA modifications in the TCGA-LUAD cohort. At the
genetic level, global mutations were identified across eight
types of RNA regulators, with CMTR2 of Nm showing the
highest mutation rate (5%), followed by ZC3H13 of m6A,
DNMT3A, and TET1 of m5C. At the transcriptional level,
the dysregulations of eight types of RNA modification
regulators were also identified, and some were revealed to
show significant connections with the survival of LUAD
patients. )e multivariate Cox regression analysis deter-
mined a few of the independent prognostic regulators in
LUAD, including IGF2BP1of m6A, TRMT10A of m1A, and
TRDMT1, NSUN7, and NSUN4 of m5C. Moreover, the
complicated interactions among eight kinds of RNA mod-
ifications have also been revealed, and most RNA regulators
showed positive correlations with each other. All the above
implied that eight types of RNAmodifications might interact
with each other to affect the pathophysiological character-
istics of LUAD.

We also identified two RNA modification patterns in
LUAD and constructed the RMScore to evaluate the
modification status and prognosis of individual patients.
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Patients in Cluster A or RMScore-low group showed a
significantly longer overall survival than those in Cluster B
or RMScore-high group. Most cancer hallmarks, such as
hypoxia, EMT, angiogenesis, TNFα pathway, PI3K-AKT-
mTOR pathway, MYC pathway, and glycolysis pathway
were enriched in Cluster B and RMScore-high group, while
more infiltrated immune cells were enriched in Cluster A
and RMScore-low group, which might account for the
different prognosis. Previous studies have also discovered
different RNA modification patterns in cancer, including
LUAD. For example, Huang et al. identified three m6A
modification patterns with different tumor microenviron-
ments and biological behaviors and constructed the m6A
scoring system to predict the prognosis of patients with
hepatocellular carcinoma [27]. Similarly, the m6A-related
modification pattern and the scoring system have also been

constructed in gastric cancer [28], pancreatic adenocarci-
noma [29], prostate cancer [30], kidney renal clear cell
carcinoma [31], and glioblastoma [32]. In LUAD, two dis-
tinct m6A modification subgroups with different clinical
outcomes were also identified based on 13 m6A regulators
[14].)em6A scoring system was also constructed to predict
the survival and the response of immunotherapy [33, 34].
)ese studies just focused on m6A modification, validated
the existence of different m6A modification patterns, and
highlighted the significance of m6A in cancer while ignoring
the functions of other kinds of RNA modifications.

Recently, some researchers have paid attention to other
kinds of RNAmodifications, except for m6A, and focused on
the interactions with each other. For example, Chen et al.
explored four major RNA adenosine modifications (m6A,
m1A, alternative polyadenylation, and A-to-I) and
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Figure 4: RNA modification score (RMScore) was closely related to cancer hallmarks and tumor microenvironments. (a) )e heatmap
showed RMScore, RMScore-related genes, RNA modification pattern, and the clinical characteristics of each LUAD patient, with each
column representing individual patient. (b) Kaplan–Meier curves showed that the overall survival of patients in the RMScore-low group was
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determined two distinct RNA modification patterns in co-
lorectal cancer, which were characterized by infiltrated in-
hibitory immune cells or survival favorable signaling
pathways and showed significantly different survival [35]. Ye
et al. identified 9 lncRNAs that were closely related to four
types of RNA modification writers, including m6A, m1A,
APA, and A-I, and constructed a risk prediction model to
predict the survival of patients with ovarian carcinoma [36].
Song et al. focused on the crosstalk of m6A and m5C,
identified m6A- and m5C-related lncRNAs, and revealed
their importance in accessing the prognosis and immuno-
therapy response of colorectal cancer patients [37]. In our
study, by searching the literature, we included a total of 100
RNA regulators that belong to eight types of RNA modi-
fications and have been reported to play important roles in

LUAD or other cancers. It is the first study to incorporate
eight types of RNA modification regulators to evaluate their
interactions with each other. Our study underlined the
dysregulations and potential importance of other kinds of
RNA modifications more than m6A, m1A, or m5C and
provided clues for the investigations of other kinds of RNA
modifications in the future. Moreover, based on the eight
types of cancer-related RNA modifications, we discovered
two distinct modification patterns in LUAD.)e differences
between the two subgroups revealed that cancer hallmarks
and tumor microenvironments were extensively affected by
these regulators, which highlighted the significance of other
types of RNA modifications in LUAD. )e RMScore con-
structed based on RNA modification patterns was deter-
mined to be the independent prognostic factor to predict the
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overall survival of LUAD patients, which underlined the
prognostic value of RNA modifications in LUAD.

Taken together, our study was the first to explore the
complicated roles and comprehensive interactions of eight
types of cancer-related RNA modifications in LUAD. We
revealed two distinct RNA modification patterns and their
underlying biological characteristics and constructed a novel
scoring system to predict the survival of LUAD patients.)is
study highlighted the significance of eight types of RNA
modifications in LUAD and provided a novel horizon for the
investigations of LUAD in the future.
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