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Abstract
Background: N6-methyladenosine (m6A) RNA modi�cation play critical roles in tumorigenesis because it
can change gene expression and even the function in multiple levels including the regulation of
degradation, subcellular localization, splicing and local conformation changes of RNA transcripts. In this
study, we aim to conduct comprehensive investigation on m6A RNA methylation regulators and m6A-
related genes and their association with prognosis in early-stage Lung adenocarcinoma (LUAD).

Methods: The relevant datasets which were used to analyze 21 m6A RNA methylation regulators and 887
m6A-related genes in m6Avar were downloaded from Gene Expression Omnibus database (GEO) and The
Cancer Genome Atlas (TCGA) databases. Univariate cox regression analysis, random survival forest
analysis, Kaplan-Meier anylysis, STRING and multivariate cox analysis were carried out on the datasets,
and a risk prognostic model based on �ve feature genes was constructed.

Results: Respectively, we treated GSE31210 (n=226) as training set, GSE50081 (n=128) and TCGA data
(n=461) as test set. By performing univariable cox regression and random survival forest algorithm in the
training group, �ve prognosis-related genes including DENND1A, KBTBD6, KIF4A, BMPER, and YTHDC2
were screened out, which could divide LUAD patients into low-risk group and high-risk group (log rank P <
0.001). The predictive e�cacy of these genes was con�rmed in the test group GSE50081 (log rank P <
0.01) and TCGA datasets (log rank P < 0.001). Cox analysis showed that this �ve-gene signature was an
independent risk factor in LUAD. Further, genes in the signature were also external validated using online
database. YTHDC2 played vital role of readers in m6A methylation.

Conclusion:  The �ndings of this study suggested that associated with m6A-related genes and m6A RNA
methylation regulators, �ve-gene signature was reliable prognostic indicator for LUAD patients, indicating
a clinical application prospect to serve as a potential therapeutic target.

Backgroud
According to Global Cancer Statistics 2018, there will be approximately 18.1 million new cancer cases
and 9.6 million deaths worldwide(1). Researchers around the world have been studing to improve medical
technology to provide more sensitive diagnosis and operative treatment of tumors. However, due to the
complexity of tumor formation mechanisms, it is far from enough to understand the nature of cancer at
the genetic level in the traditional sense(2). It should be recognized that the expression of proto-
oncogenes depends not only on the genes themselves, but also on epigenetic modi�cations without
altering the gene sequence(2, 3).

Epigenetics is a research hotspot in recent years. It is de�ned as no change in DNA sequence but heritable
change in gene expression(3). Previously, epigenetic researchers focused on DNA and histone
modi�cations. It has even been suggested, for example, mRNA was only useful for messaging. While,with
the rapid development of high-throughput sequencing technology, it was found that mRNA also
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underwent various modi�cations during exon splicing, such as -methyladenosine (m6A),N1-
methyladenosine (m1A) and pseudouridine methylation 5'- hat and 3'- tail(4–6). Among these
modi�cations, m6A RNA methylation, which was widely found in the mRNA, lncRNA as well as miRNA,
was recognized as the most prominent and abundant form of internal modi�cations in eukaryotic cells,
of whose abundance account for 0.1–0.4% total adenosine residues(7, 8). These modi�cations affected
mRNA splicing, nucleation, stabilization, translation, and other mRNA metabolism processes in regulating
gene expression. To date, 171 RNA modi�cations have been identi�ed(9). Research on epigenetic
modi�cation of m6A is increasing. M6A is methylated to RNA adenine (A) and is one of the most
abundant variants of most eukaryotic mRNAs and long chain non-coding RNA (lncRNAs)(10).M6A
methylation is also detected in tRNA, RIbosomal RNA (rRNA), micrornas. Similar to DNA and protein
modi�cations, m6A methylation is dynamically and reversibly regulated by methyltransferase ("author"),
binding protein ("reader") and demethylase ("eraser")(11). RNA was subjected to methylation in the
presence of "authors" such as METTL3, METTL14, WTAP, RBM15, KIAA1429, and ZC3H13(12–18). Then
"reader" includes YTHDF1, YTHDF2, YTHDC1, YTHDC2, and HNRNPC recognized these m6A in RNA
processing, nuclear output(11, 16, 19). Depending on the "Erasers" (FTO, ALKBH5), the m6A is restored to
adenosine and thus to achieve demethylation modi�cation(20). Once the modi�cation is lost,
physiological functions such as cell differentiation and embryonic development are affected and gene
expression is abnormally regulated(4, 21) .

In previous studies, most of the researchers only considered the prognostic effect of m6A-related genes in
LUAD. In recent study, they barely focused on the combination of m6A RNA methylation and m6A-related
genes and their roles for prognostic analysis in LUAD(22–24).

Therefore, based on the GEO and TCGA databases, we conducted a comprehensive analysis to disclose
the correlation between mRNA methylation and clinical characteristics in LUAD patients. In this study, we
evaluated the relationship between gene expression pro�le of 21 m6A-related genes, 883 m6A RNA
methylation, and malignant clinical features. Five genes were identi�ed, which are useful for identifying
novel therapeutic targets genes and prognostic strati�cation and treatment strategy development.

Methods

Expression data
M6A-related genes, m6A RNA methylation regulators expression data and clinical data of LUAD patients
were obtained from the publicly available GEO database (https://www.ncbi.nlm.nih.gov/geo/). The
clinical characters and RNA-seq data of LUAD patients were obtained from the available GEO databases
(GSE31210) and the LUAD cases with clinical survival information including survival status and survival
time were selected for building the prognostic model as the training set. Another two mRNA expression
datasets and corresponding clinical datasets used in this study were obtained from the public GEO
(GSE50081) and TCGA (http://cancergenome.nih.gov/). Clinical details of LUAD patients in the training
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set(GSE31210) and test set (GSE50081) were shown in Table 1. We selected samples with survival time
less than �ve years in TCGA dataset for prognostic analysis, resulting in 461 samples, which were shown
also in Table 1. In the GEO data, samples were mainly in clinical stage  and .

Table 1
clinical characteristics of the GEO and TCGA datasets

Characteristic GSE31210 GSE50081 TCGA

Age (years)      

> 61 122 104 290

≤ 61 104 24 171

Sex      

Female 121 63 253

Male 105 65 208

Vital status      

Alive 191 76 287

Dead 35 52 174

Pathological stage      

Stage 168 92 242

Stage 58 36 113

Stage 0 0 76

Stage 0 0 24

Unknown 0 0 6

 

Selection of m6A RNA methylation regulatory factors and
m6A-related genes
The 21 m6A RNA methylation regulators were collected(25) (Table S1). Fifteen of them were expressed in
GSE31210. According to the different roles in the methylation process, they were divided into three types:
methyltransferase (writers); binding protein (readers); and demethylase (erasers). A total of 3413 m6A-
related genes related to LUAD were identi�ed in the m6Avar database (http://m6avar. renlab.org/)(26),
and 883 of the m6A-related genes were expressed in the GEO database. All these two data sets (m6A RNA
methylation regulators, and m6A RNA methylation related genes associated with LUAD) were integrated,
including 897 candidate genes.



Page 6/43

Establishment of the m 6 A-related genes and m6A RNA
methylation regulators risk score model
Using univariable cox regression analysis and receiver operating characteristic (ROC) curve analysis, we
identi�ed the genes signi�cantly associated with patients’ overall survival (OS) in the training group
(GSE31210). Then we reduced the number of the genes by random survival forest algorithm (RSFVH).
prognostic model was constructed as follows:

where N is the number of gene, Exp is the gene expression value and Coef is coe�cient of the gene
expression in cox regression analysis. The �nal prognostic gene signature was screened out with the
largest area under curve (AUC) value in all the constructed models. Each patient was assigned 1023 risk
scores, since ten genes form 2^10−1 = 1023 combinations.

According to the median risk score, all of the samples were divided into low and high subtypes. Then the
‘survival’ package of R software was used to analyze the survival of the low and high subtypes. In
additional, the Kaplan-Meier method was employed to examine the survival curves and compare the
difference in survival across different scoring subgroups.

Estimation of outcome signature for patients' prognosis
and its relationship with clinical characteristics
To investigate the associations between the signature and clinical, other molecular characteristics, the
chi-square test was used for categories of variables and the Wilcoxon rank-sum test was usable for
continuous variables, respectively. The Kaplan-Meier method and log-rank test were utilized to
estimate the association between the signature and OS. The proportional hazards assumption was
veri�ed for each variable before �tting Cox models. Multivariate Cox proportional hazards
models were utilized to study the association between OS and factors (the signature, age, sex, and
pathological stage) in training and test datasets, showing the P value, HR and 95% CI of each variable
through ‘forestplot’ R package.

External validation of the genes in the gene signature
The expression of the genes in the gene signature were further validated at the mRNA level (The
Oncomine database, https://www.oncomine.org/resource/main.html; TIMER database,
https://cistrome.shinyapps.io/timer/, and GEPIA database, Gene Expression Pro�ling Interactive Analysis,
http://gepia.cancer-pku.cn/index.html ), and at the protein level (The Human Protein Atlas database,

http://gepia.cancer-pku.cn/index.html
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http://www.proteinatlas.org). The cBioPortal for Cancer Genomics (http://cbioportal.org) was explored to
investigate the genetic alterations of the prognostic genes in the gene signature.

Statistical analysis
Kaplan–Meier analysis was used to assess the three survival risk groups (GSE31210, GSE50081 and
TCGA) seperated by the median risk score. Cox regression analysis was performed to explore the
independence of the signature. ROC and TimeROC were used to analyse survival prediction performance.
Function prediction of prognostic genes was analyzed by clusterPro�ler. R program (www.r-project.org)
with packages including pROC, TimeROC, clusterPro�ler, randomForestSRC and survival were used to
perform the above analyses.

Results
Patient population

All 226 ,128 and 461 patients diagnosed with LUAD were collected from the GEO (GSE31210, GSE50081)
and TCGA database, respectively. A total of 897 m6A-related genes out of 9057 expressed genes were
identi�ed in GSE31210 dataset. From Table 1, the median age of the enrolled patients was 61 years. The
ratio of male vs female was 1.15:1, with 191 live cases and 35 death cases. The longest survival was
10 years. Gene expression data was mainly distributed in stage I-II of LUAD.

Construction of the risk score modle the m 6 A-related genes and m 6 A RNA methylation regulators risk
score

Performing the cox regression and ROC analysis, a total of 129 genes were discovered, which were
signi�cantly associated with OS and had a good ability to predict survival (P < 0.05, AUC > 0.6, Table S2).
Further, we screened out ten prognostic genes by RSFVH analysis based on importance scores (Fig. 1a-b).
Then we brought the prognostic genes into the risk prediction model and got 210-1 = 1023 possible
signatures in the training dataset. ROC analyses were performed in all the 1023 signatures to �nd out the
signature with the strongest predictive ability (Table S3). The �nal signature including �ve genes
(DENND1A, KBTBD6, KIF4A, BMPER, YTHDC2) was screened out with the maximum AUC (AUC signature 
= 0.762; Fig. 1c; Table 2). The selected risk model is as follows: Risk score = (1.664 × expression value of
DENND1A) + (-1.249 × expression value of KBTBD6) + (1.736 × expression value of KIF4A)+ (-1.721 × 
expression value of BMPER) + (-2.015 × expression value of YTHDC2)
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Table 2
Prognosis of �ve genes in the signature

Database ID Gene
symbol

Gene name Coe�cient P Expression
with Poor
prognosis

ENSG00000119522 DENND1A DENN domain containing
1A

1.66 0.00 high

ENSG00000165572 KBTBD6 kelch repeat and BTB
domain containing 6

-1.25 0.00 low

ENSG00000090889 KIF4A kinesin family member 4A 1.74 0.00 high

ENSG00000164619 BMPER BMP binding endothelial
regulator

-1.72 0.00 low

ENSG00000047188 YTHDC2 YTH domain containing 2 -2.02 0.00 low

 

The validation of performance in predicting overall survival

We used the risk model to calculate the risk score for each patient. The median risk score divided patients
of the training dataset into either the high-risk (n = 113) or low-risk group (n = 113). The Kaplan–Meier
analysis results showed patients in the low-risk group lived longer than patients in the high-risk group ( P 
< 0.001; Fig. 2a). Then we tested the prognostic value of the gene signature in test dataset (n = 128).
Kaplan–Meier analysis found the survival of patients with high risk scores was lower than that of
patients with low risk scores in test group (P = 0.009; Fig. 2b). In independent data (TCGA, n = 461), the
survival of patients with high risk scores was lower than that of patients with low risk scores in TCGA-test
group (P < 0.001; Fig. 2c). The relationship of gene expression, risk score and survival information was
showed in Fig. 3. With the increase of risk scores, death toll raised both in the training set (Fig. 3a) and
test set (Fig. 3b-c).

We found that the 5-year survival rate in the training group (GSE31210) was 57.52% in the low-risk group
and 33.63% in the high-risk group (Fig. 2a). The overall survival rate was 45.58%, indicating that this
model feature could basically differentiate the data better. Survival was also signi�cantly improved in two
independent data validation groups (GSE50081 and TCGA). In GSE50081, the low risk group was 50%
and the high risk group was 35.94% (Fig. 2b). The overall survival rate was 42.97% and the grouping label
was also obvious. In TCGA, we selected sample data of survival time less than 5 years (a total of 461
cases), so we saw the 3 year survival rate, respectively. In low-risk group was 22.08% and in high-risk
survival rate was 14.35%(Fig. 2c). The overall survival rate was 18.22%. Through the analysis, we found
that the queue sample, the effect of the model had subsided, but the original caused the change of
survival rate was not high.

By using timeROC in �ve-year survival circumstances, we found that the label had a very good prediction
effect (Fig. 2d-f). In the training group GSE31210, the AUC value is 0.799. In the validation group
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GSE50081, AUC value is 0.619. In the TCGA, we chose timeROC analysis of 4.9 years (because of the
selection of data was not more than 5 years of patient samples), and the AUC is 0.716.
The relationship between the signature and clinical characteristics

The correlations were further explored between the prognostic model and various clinical features. In the
training and test datasets, by chi-square test, and the gene signature was related with Pathological_stage
(Table 3). Then we further performed univariate and multivariable Cox regression analysis to test the
predictive independence of the gene signature (Table 4). Multivariable Cox regression results veri�ed that
the gene signature was an independent predictive factor and could independently predict patients’ clinical
outcome in training and test datasets (High- vs. Low-risk, GSE31210, HR = 17.48, 95% CI 4.16–73.53, P < 
0.001, n = 226; GSE50081, HR = 1.86, 95% CI 1.05–3.30, P = 0.03, n = 128; TCGA, HR = 1.65, 95% CI 1.20–
2.23, P = 0.0019, n = 461,Table 4).
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Table 3
Clinical information and signature Chi-square table

GSE31210 dataset (n = 226)

Variables Status low high P

Age       1.00

  ≤ 61 61 61  

  > 61 52 52  

Gender       0.06

  Female 68 53  

  Male 45 60  

Pathological_stage       0.00

  1 95 73  

  2 18 40  

Signature       0.00

  Low expression 113 0  

  High expression 0 113  

GSE50081 dataset (n = 128)

Age       1.00

  ≤ 61 12 12  

  > 61 52 52  

Gender       0.29

  Female 35 28  

  Male 29 36  

Pathological_stage       0.03

  1 52 40  

  2 12 24  

Signature       0.00

  Low expression 64 0  

  High expression 0 64  

TCGA dataset (n = 461)
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GSE31210 dataset (n = 226)

Age       0.01

  ≤ 61 72 99  

  > 61 159 131  

Gender       0.00

  Female 144 109  

  Male 87 121  

Pathological_stage       0.01

  0 4 2  

  1 140 102  

  2 49 64  

  3 29 47  

  4 9 15  

Signature       0.00

  Low expression 231 0  

  High expression 0 230  
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Table 4
Univariable and multivariable Cox regression analysis of the signature with LUAD survival

    Univariable analysis Multivariable analysis

Variables   HR 95% CI of HR P HR 95% CI of HR P

  lower upper lower upper

GSE31210 dataset(n = 226)

Age > 61 vs.≤61 1.43 0.73 2.78 0.29 1.70 0.86 3.36 0.12

Sex Male
vs.Female

1.52 0.78 2.96 0.22 0.94 0.47 1.87 0.86

Pathological
stage

II vs I, 4.23 2.17 8.24 0.00 3.37 1.68 6.76 0.00

Signature High risk vs.
low risk

20.33 4.87 84.79 0.00 17.49 4.16 73.53 0.00

GSE50081 set (n = 128)

Age > 61 vs.≤61 2.09 0.89 4.89 0.09 1.88 0.80 4.41 0.15

Sex Male
vs.Female

1.35 0.78 2.34 0.29 1.44 0.82 2.51 0.20

Pathological
stage

II vs I, 2.53 1.45 4.44 0.00 2.35 1.32 4.17 0.00

Signature High risk vs.
low risk

2.09 1.19 3.68 0.01 1.86 1.05 3.30 0.03

TCGA set (n = 461)

Age > 61 vs.≤61 0.89 0.66 1.21 0.46 1.06 0.77 1.44 0.74

Sex Male
vs.Female

1.26 0.93 1.70 0.13 1.21 0.89 1.64 0.22

Pathological
stage

I II vs III IV, 1.57 1.36 1.81 0.00 1.53 1.33 1.77 0.00

Signature High risk vs.
low risk

1.81 1.33 2.47 0.00 1.65 1.20 2.26 0.00

 

Functional annotation of the survival-related m6A RNA methylation-related gene set

Univariate analysis was used in GSE31210 to explore the prognostic potential of the candidate m6A RNA
methylation-related gene set. The results showed that 129 candidate genes, including m6A RNA
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methylation regulatory factor ELAVL1, METTL14, ZC3H13 and YTHDC2, were signi�cantly associated
with OS of LUAD.

Four m6A RNA methylation regulatory factors were indicated to predict favorable overall survival
(ZC3H13: HR = 0.44 ; 95% CI, 0.21 to 0.90. METTL14: HR = 0.38; 95% CI, 0.19 to 0.78. YTHDC2: HR = 0.13;
95% CI 0.05 to 0.34, ELAVL1: HR = 0.26; 95% CI, 0.12 to 0.57). We then used the bioinformatic tool
STRING to analyze functional protein association networks between these 129 candidate genes. The
results indicated that lysine methyltransferase 2A (KMT2A), notch receptor 1(NOTCH1), collagen type III
alpha 1 chain collagen type III alpha 1 chain (COL3A1) were the hub genes (Fig. 4).

All statistically enriched terms (Gene Ontology (GO) ) by Metascape, and accumulative hypergeometric p-
values and enrichment factors were calculated and used for �ltering. The signi�cant terms were then
hierarchically clustered into a tree, based on Kappa statistical similarities among their gene
memberships.The results indicated that basement membrane, inner ear receptor cell differentiation, and
inner ear receptor cell stereocilium organization were the most signi�cantly enriched (Fig. 4).

External validation using online database about genes in the signature

Consistent with our results, DENND1A and KIF4A were found to be signi�cantly overexpressed, while
BMPER were signi�cantly underexpressed in LUAD in the Oncomine (Fig. 5a), which was almost the same
in both TIMER database (Fig. 6) and GEPIA database (Figure S1). Interestingly, the aberrant expression of
these �ve genes was frequently observed in various cancer and showed some tissue-dependent pattern.
For example, DENND1A was overexpressed in esophageal cancer, head and neck cancer. However,
DENND1A was underexpressed in brain and CNS cancer.

Survival analyses for each gene in the signature (DENND1A, KBTBD6, KIF4A, and BMPER) were
performed in the cohort of GSE31210, GSE50081 and TCGA datasets (Fig. 7). DENND1A high expression
patients group displayed remarkable shorter OS than DENND1A low expression patients group in
GSE31210. While, KIF4A high expression patients group displayed remarkable shorter OS than KIF4A low
expression patients group not only in GSE31210, but also in GSE50081 and TCGA dataset. Compared to
the KBTBD6 low expression groups, KBTBD6 high expression patient group had more OS in GSE31210
(Fig. 7a, P < 0.05). Compared to the BMPER low groups,BMPER high patient group had more OS in
GSE31210 (Fig. 7a, P < 0.05). Compared to YTHDC2 low expression groups, YTHDC2 high expression
patients group had more OS in GSE31210 and TCGA data (Fig. 7a and c, P < 0.05).

We then reviewed the proteomic data and found YTHDC2 protein was reported signi�cantly down-
expressed in non-small cell lung cancer(27). KIF4A protein was reported signi�cantly up-expressed in non-
small cell lung cancer(28). The representative protein expression of KBTBD6, KIF4A, and YTHDC2 was
explored in the Human Protein Pro�les and shown in Fig. 5b. However, DENND1A and BMPER was not
found on the website. BMPER possessed the most frequent genetic alterations (6%) among the �ve
genes. Meanwhile, ampli�cation mutation and deep deletion were the most common alterations among
the �ve genes (Fig. 5c).
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Taking together, aberrant expression of the �ve genes were further validated in LUAD, and genetic
alteration might help explain the aberrant expression of these genes to some extent.

Discussion
At the post-transcriptional level, more than 160 kinds of chemical modi�cations had been found in a
variety of RNAs(9, 29). Among these modi�cations, more and more evidence showed that m6A
modi�cation makes a vital difference in hypertension and cardiovascular diseases, as well as in
tumorigenesis and metastasis. Therefore, the identi�cation of m6A-related genes and m6A RNA
methylation regulators in fatal LUAD may offers valuable therapeutic targets to us.

Doctors usuauslly diagnose LUAD as advanced, and there’s a high death rate in it. A lots of studies have
illuminated that m6A process is related to lung cancer, which makes m6A-related gene as potential
biomarker for clinical practice. According to our research, the classi�cation of m6A-related genes in LUAD
patients is in association with prognosis. We identify a signature that consists of one m6A RNA
methylation regulators (YTHDC2) and four m6A-related genes (DENND1A, KBTBD6, KIF4A, and BMPER)
by using different statistical and machine learning methods.

Up to now, little is known about the role of YTHDC2 in tumorigenesis. As one of the YTH domain families,
YTHDC2 can in�uence gene expression by binding m6As(30). Additional RNA binding and protein-protein
interaction domains guide the rapid expression and degradation of mRNA, thereby in�uencing the
stability of their mRNA interaction partners(31). Recent reports show that YTHDC2 may have
carcinogenic in colon cancer cells and hepatocellular carcinoma cells(32). However, TCGA database
show a positive correlation between YTHDC2 expression and the prognosis of head and neck squamous
cell carcinoma, suggesting that YTHDC2 may also be a tumor suppressor gene.

DENND1A can regulate the migration and invasion of gastric cancer cells through the interaction of EGF-
GRB2-dennd1A-RAB35 as the regulatory center(33). DENND1A also plays roles in hyperandrogenemia
and in polycystic ovary syndrome(34).

KIF4A is a member of the KIF family. KIF proteins get involved in lots of crucial cellular biological
functions, which are made up of mitosis,intracellular vesicles and organelle transport(35). More and more
evidence shows that KIF members are involved in the development and progression of human
cancers(36–38). KIF4A is reported to be abnormally expressed and plays an important role in the
progression of various solid cancers(28, 39, 40).

The function of BMPER is rarely reported in cancer(41). In B-cell lymphoma, 58% of the BMPER gene
promoter was found to be methylated. Some reports showed that BMPER can promote the invasion and
migration of cervical cancer cells and other biological behaviors(42). BMPER expression is closely related
to the OS of patients, and high BMPER expression is an independent risk factor for poor prognosis.
Inhibition of BMPER expression can decrease the proliferation, migration and invasion of ovarian cancer



Page 15/43

cell lines CAOV3 and OVCAR3. What’s more, it is reported that BMPER can promote the invasion and
migration of �broblasts(43).

Because of the reversible effect of m6A on mRNA expression, we believe that m6A-related genes may
have different functional patterns and networks when participating in malignant tumors. Thus, m6A-
related genes may have different expression patterns in LUAD. In previous research, little was known
about the interaction of m6A-related genes. Moreover, it’s worth nothing that whether the TP53 mutant
affects the expression of m6A RNA methylation regulators and m6A-related genes is still unclear, and
more evidence is needed to clarify their mechanism.

Conclusion
In conclusion, our study systematically analyzed the expression, prognostic value,protein-protein
interaction, and potential function of m6A RNA methylation regulators and m6A-related genes.We found
that the expression of m6A RNA methylation regulators and m6A-related genes was closely related to the
clinicopathologial characteristics of LUAD. Five-gene signature have been identi�ed that might help
effectively identify new therapeutic targets or strategies for LUAD. In summary, our study provides
important clues for further studies on the role of RNA m6A methylation and related genes in LUAD.
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Figures

Figure 1

a,b random survival forests-variable hunting analysis reveals the error rate for the data as a function of
trees and uses the associated score to �lter m6A-related genes and m6A RNA methylation regulators. c
ROC for selected prognostic signature from all 1023 signatures
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m6A-related genes and m6A RNA methylation regulators signature predicts overall survival of patients of
LUAD. a,b,c Kaplan–Meier survival curves classify patients into high- and low-risk groups by the m6A-
related genes and m6A RNA methylation regulators signature in the training dataset (GSE31210), and test
dataset (GSE50081 and TCGA). P values were calculated by log-rank test. d,e,f m6A-related genes and
m6A RNA methylation regulators signatures were used for predicting survival among 1, 3 and 5 years by
TimeROC analysis
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Figure 3

Evaluation of the risk predictive model in training set and test set. a,b,c The distribution of m6A RNA
methylation regulators and m6A-related genes expression level, patients’ survival status and risk score
between high- and low-risk group
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Figure 4

Function prediction and Protein-Protein interaction for the Genes with a signi�cant prognosis
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Expression and genetic alterations of the �ve predictive genes. a The expression pro�les of the �ve genes
in the Oncomine database. b The representative protein expression of the three genes in LUAD and
normal lung tissue in the Human Protein Atlas database. Data of DENND1A and BMPER were not found
in the database. c Genetic alterations of the �ve genes in LUAD in the cBioportal for Cancer Genomics
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Figure 6

The expression of the �ve predictive genes in cancers in TIMER
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Figure 7

Comparing the low and high expression of �ve predictive genes in Overall survival in a (GSE31210), b
(GSE50081) and c (TCGA)
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