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Abstract: N6-methyladenosine (m6A) RNA modification is the most abundant modification method
in mRNA, and it plays an important role in the occurrence and development of many cancers. This
paper mainly discusses the role of m6A RNA methylation regulators in lung adenocarcinoma (LUAD)
to identify novel prognostic biomarkers. The gene expression data of 19 m6A methylation regulators
in LUAD patients and its relevant clinical parameters were extracted from The Cancer Genome Atlas
(TCGA) database. We selected three significantly differentially expressed m6A regulators in LUAD
to construct the risk signature, and evaluated its prognostic prediction efficiency using the receiver
operating characteristic (ROC) curve. Kaplan–Meier survival analysis and Cox regression analysis
were used to identify the independent prognostic significance of the risk signature. The ROC curve
indicated that the area under the curve (AUC) was 0.659, which means that the risk signature had
a good prediction efficiency. The results of the Kaplan–Meier survival analysis and Cox regression
analysis showed that the risk score can be used as an independent prognostic factor for LUAD. In
addition, we explored the differential signaling pathways and cellular processes related to m6A
methylation regulators in LUAD.

Keywords: m6A methylation; lung adenocarcinoma; prognostic signature; survival analysis

1. Introduction

Lung cancer is the leading cause of cancer-related deaths worldwide [1]. There are
many risk factors for lung cancer, with smoking and environmental and occupational
exposure as the most common risk factors [2]. In the past few decades, medical technology
has made great progress, but the treatment effect for lung cancer patients is not ideal. The
five-year survival rate for lung cancer is reported to be 19%, one of the lowest five-year
survival rates, while adenocarcinoma, the most common histological subtype of lung
cancer, is more aggressive and has a poorer prognosis [3–5]. To relieve the current clinical
treatment pressure and to improve the prognosis of patients, it is necessary to find reliable
prognostic markers to optimize the treatment regimen for lung adenocarcinoma (LUAD).

N6-methyladenosine (m6A) is a methylated modification of RNA molecules that was
first discovered in 1974 [6]. As of the end of 2017, more than 150 post-transcriptional
modifications have been identified in all organisms, and m6A is the most common internal
mRNA modification found in eukaryotes and plays a key role in a variety of basic biolog-
ical processes such as cell differentiation, tissue development, and tumorigenesis [7–10].
In mammals, approximately 0.1–0.4% of adenosine in isolated RNA is m6A-modified,
accounting for approximately 50% of the total methylated ribonucleotide [11]. Dominissini
et al. [12] used a new method of antibi-mediated capture and massive parallel sequencing,
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m6A-seq, which found that m6A is clustered in the termination codon, the 3′ untranslated
region (3′ UTR), and the internal exon. m6A methylation is a dynamic reversible pro-
cess catalyzed by three types of proteases: Writers (methyltransferase complex, including
METTL3/14/16, WTAP, IC3H13, ZC3H13, RBM15/15B, and KIAA1429), erasers (demethy-
lases, including FTO and ALKBH5), and readers (including YTHDF1/2/3, IGF2BP1/2/3,
YTHDC1/2, HNRNPC, HNRNPG, and HNRNPA2B1) [11,13,14]. Writers mediate the
methylation modification process of RNA to “write” the methylation modification to RNA,
and readers are responsible for “reading” the information of RNA methylation modification
and participate in downstream RNA translation and degradation processes, and then rely
on erasers mediating the process of RNA demethylation modification, which can “erase”
the RNA methylation modification signal, thereby making the m6A modification process
dynamic and reversible [15].

At present, many studies have shown that m6A methylation regulators are closely
related to the occurrence and development of tumors. For example, Taketo et al. [16]
indicated that METL3, as an m6A regulator, is up-regulated in patients with pancreatic
cancer and is an effective target in the treatment of such patients. Maetal et al. [17] found
that down-regulation of METTL14 expression is a poor prognostic factor for hepatocellular
carcinoma and is closely related to tumor metastasis. However, there is still insufficient
information about the role of m6A RNA methylation regulators in LUAD. Therefore, in this
study, RNA sequencing data were obtained from The Cancer Genome Atlas (TCGA), and
the expression data of 19 m6A methylation regulators in 535 LUAD tumor tissue samples
and 59 normal tissue samples were systematically analyzed, as well as their association
with clinicopathological characteristics. We used the least absolute shrinkage and selection
operator (LASSO) Cox regression algorithm to analyze 19 m6A methylation regulators, and
selected IGF2BP1, HNRNPC, and HNRNPA2B1 to construct the minimum standard risk
signature; meanwhile, Kaplan–Meier survival analysis and univariate and multivariate
Cox regression analyses were used to identify the predictive effect of the risk signature on
the prognosis of LUAD patients. Gene Set Enrichment Analysis (GSEA), Gene Ontology
(GO), and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses were used for
further functional annotation.

2. Materials and Methods
2.1. Data Acquisition

All data in this study were downloaded from the TCGA (https://cancergenome.
nih.gov/, accessed on 30 December 2020) database, including gene expression data and
the corresponding clinical information of 535 LUAD tumor tissue samples and 59 nor-
mal tissue samples. If any parameter value was missing, the entire patient data were
excluded from the analysis. After screening, the clinical data of 479 samples were retained
(Supplementary Table S1). The clinical–demographic features of the patients with LUAD
are detailed in Table 1.

2.2. Selection of m6A Methylation Regulators and Analysis of Their Differential Expression

The TCGA database provides the expression data of 19 m6A methylation regula-
tors, i.e., YTHDF3, YTHDF2, YTHDF1, KIAA1429, HNRNPA2B1, RBM15, METTL3, HN-
RNPC, IGF2BP2, IGF2BP3, IGF2BP1, FTO, ZC3H13, WTAP, METTL14, ALKBH3, ALKBH5,
YTHDC1, and YTHDC2. In order to identify the expression of m6A RNA methylation
regulators in LUAD, the Limma package [18] was used to analyze the expression of 19 m6A
RNA methylation regulators in 479 LUAD tumor tissues and 59 normal tissues, and the ex-
pression levels of 19 m6A RNA methylation regulators in LUAD tumor tissue samples with
different clinical characteristics were compared, and the expression levels were evaluated
by t-tests. Utilizing the pheatmap package, the results were used to generate a heatmap
and a vioplot for visualization purposes.

https://cancergenome.nih.gov/
https://cancergenome.nih.gov/
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Table 1. Clinical–demographic features of patients with LUAD.

Feature N (479) Rate %

Age (years)
>65 251 52.4%
≤65 228 47.6%

gender
Female 256 53.4%
Male 223 46.6%

T classification
T1 165 34.5%
T2 254 53.0%
T3 44 9.2%
T4 16 3.3%

N classification
N0 317 66.2%
N1 93 19.4%
N2 69 14.4%

TNM stage
I 260 54.2%
II 120 25.1%
III 78 16.3%
IV 21 4.4%

2.3. Correlation Analysis of m6A Methylation Regulators

In order to further study the correlation between m6A methylation regulators, co-
expression correlation analysis was carried out, and the results were visualized by the
“corrplot” package. We performed univariate Cox regression analysis on the expression of
19 m6A RNA methylation regulators in 479 LUAD tumor tissues, and genes with p < 0.05
were considered to be significantly associated with the survival of LUAD patients.

2.4. Construction and Verification of Risk Signature

To verify the prognostic effect of m6A RNA methylation regulators in LUAD pa-
tients, we performed LASSO Cox regression analysis [19,20] on 15 m6A RNA methylation
regulators significantly related to the survival of patients, and screened three m6A RNA
methylation regulators (IGF2BP1, HNRNPC, and HNRNPA2B1) to construct a minimum
standard risk signature (Supplementary Figure S1a,b) The obtained coefficients (IGF2BP1
coefficient = 0.0352, HNRNPC coefficient = 0.0046, and HNRNPA2B1 coefficient = 0.0006)
were used to calculate the risk score of the TCGA dataset. The risk score calculation for-
mula is as follows (Coefi means coefficient and Expi means the expression value of each
selected gene):

Risk score =
n

∑
i =1

Coefi × Expi (1)

Additionally, the patients were classified into low- and high-risk groups according to
the median of the risk scores. Principal component analysis (PCA) was performed on the
grouping results by the Limma package, and the results were visualized by the ggplot2
package. The survival package [21] was used to compare the overall survival (OS) rate
of the high- and low-risk groups by the Kaplan–Meier method. Then, we constructed a
receiver operating characteristic (ROC) curve [22] to evaluate the prediction efficiency of
the risk signature.

2.5. Analysis of the Prognostic Ability of the Three-Gene Signature

The “pheatmap” package was used to generate heatmaps to visually analyze the
expression differences of the three genes in the high- and low-risk groups, as well as
the expression differences of the three genes in LUAD patients with different clinico-
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pathological characteristics. Univariate and multivariate independent prognostic analyses
of the risk scores were performed to identify the prognostic value of the risk signature.
GSEA was used to annotate the differential signaling pathways and cellular processes
between the two groups. GO [23] enrichment and KEGG [24] pathway analysis were
used to analyze the differentially expressed genes (DEGs) between the high- and low-risk
groups. When the p-value was less than 0.05, the enrichment pathway was considered to
be statistically significant.

2.6. Statistical Analysis

One-way analysis of variance was used to compare the expression of m6A RNA
methylation regulators in the tumor tissues of TCGA LUAD patients. The relationship
between m6A RNA methylation regulators and the clinicopathological characteristics of
LUAD patients was analyzed by t-tests. OS was defined as the time interval from the date
of diagnosis to the date of death. The Kaplan–Meier method was used for OS analysis to
conduct a bilateral log-rank test. All statistical analyses were performed using R software
(version 3.6.2), and p < 0.05 was considered statistically significant.

3. Results

3.1. Expression of m6A RNA Methylation Regulators in LUAD

We compared the expression levels of 19 m6A RNA methylation regulators in 535
LUAD tumor tissue samples and 59 normal tissue samples extracted from the TCGA
database. As shown in Figure 1A,B, we found that there was a significant difference in
the expression levels of YTHDF3, YTHDF2, YTHDF1, KIAA1429, HNRNPA2B1, RBM15,
METTL3, HNRNPC, IGF2BP2, IGF2BP3, IGF2BP1, FTO, ZC3H13, WTAP, and METTL14
between LUAD tumor tissues and normal tissues. Among these regulators, the expres-
sion levels of YTHDF3, YTHDF2, KIAA1429, HNRNPA2B1, RBM15, METTL3, HNRNPC,
YTHDF1, IGF2BP2, IGF2BP3, and IGF2BP1 in LUAD tumor tissues were significantly
higher than those in normal tissues, while FTO, ZC3H13, WTAP, and METTL14 were lower
than in normal tissues.

3.2. Correlation among the 19 m6A RNA Methylation Regulators in LUAD

To further understand the correlation among the 19 m6A RNA methylation regulators
in LUAD, we analyzed the correlation of 19 m6A RNA methylation regulators. The
results are shown in Figure 2A, highlighting obvious correlations among the 19 m6A
RNA methylation regulators, most of which were positive correlations. Among them,
YTHDC2 and RBM15, YTHDC1 and METTL14, and YTHDC2, and METL14 demonstrated
the strongest positive correlations.

We performed univariate Cox regression analysis on 19 m6A methylation regulators to
identify the regulators in the LUAD dataset associated with the survival of LUAD patients.
As shown in Figure 2B, the expression of IGF2BP1 (HR = 1.054, 95%CI = 1.028–1.081),
IGF2BP2 (HR = 1.025, 95%CI = 1.007–1.043), IGF2BP3 (HR = 1.065, 95%CI = 1.024–1.107),
HNRNPC (HR = 1.015, 95%CI = 1.005–1.025), RBM15 (HR = 1.125, 95%CI = 1.014–1.249), HN-
RNPA2B1 (HR = 1.007, 95%CI = 1.002–1.012), and KIAA1429 (HR = 1.064, 95%CI = 1.008–1.124)
was significantly associated with the survival of LUAD patients, while IGF2BP1 (p < 0.001)
was the most related to the survival of LUAD patients.
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Figure 1. Bioinformatics analysis of the expression of m6A RNA methylation regulators in LUAD. (A) Heatmap of the
expression of m6A RNA methylation regulator in normal tissues (N, blue) and LUAD tumor tissues (T, pink). Red
represents up-regulation and green represents down-regulation. (B) Vioplot visualizing the differentially expressed m6A
RNA methylation regulators in LUAD. * p < 0.05, ** p < 0.01, and *** p < 0.001.
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methylation regulators calculated by univariate COX regression analysis.



Life 2021, 11, 619 6 of 13

3.3. Evaluation of the m6A-Related Risk Signature

To explore the prognostic value of the three-gene risk signature, we divided the LUAD
patients obtained from TCGA into a low- and a high-risk group based on the median risk
score. As shown in Figure 3A, as the risk score increased, the number of deaths in the
high-risk group became significantly higher than in the low-risk group. We also performed
PCA on the risk signature to compare the differences between the two groups. The results
showed that the distribution directions of the two groups were different and there was
a clear boundary, suggesting that the risk signature could divide LUAD patients into
two groups (Figure 3B). Then, we constructed a Kaplan–Meier survival curve to analyze
the OS rate of the two groups. The results are shown in Figure 3C; there was a significant
difference in the OS rate between the high- and low-risk groups (p = 1.257 × 10−4). The OS
rate of the LUAD patients in the low-risk group was significantly higher than that of the
LUAD patients in the high-risk group. In the follow-up, an ROC curve was established
to evaluate the efficiency of the risk signature for predicting the five-year survival rate
of LUAD patients. As shown in Figure 3D, the AUC was 0.659, indicating that the risk
signature had a good predictive efficiency on the five-year survival rate of LUAD patients.
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signature for the survival rate of LUAD patients, AUC = 0.659.

3.4. Prognostic Analysis of the m6A-Related Risk Signature

After dividing the patients in a high- and a low-risk group according to the median
risk score, we further compared the clinicopathological characteristics and the expression
of three genes between the two groups. The heatmap in Figure 4A shows that there were
significant differences at T, stage, and status between the high- and low-risk groups, and
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the expressions of IGF2BP1, HNRNPC, and HNRNPA2B1 in the high-risk group were
up-regulated, while those in the low-risk group were down-regulated.
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module represents the confidence interval of each factor.

To verify whether the risk signature could be used as an independent prognostic indi-
cator of LUAD, we conducted univariate and multivariate independent prognostic analyses
on the risk score. As shown in Figure 4B,C, the results of the univariate Cox independent
prognostic analysis showed that risk score (p < 0.001), stage (p < 0.001), T (p < 0.001), and
N (p < 0.001) were significantly related to OS in LUAD patients. The results of the multi-
variate Cox independent prognosis analysis showed risk score (p < 0.001), stage (p = 0.002),
and N (p = 0.031), which means that the risk signature could be used as an independent
prognostic factor for LUAD.
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3.5. Functional Enrichment Analysis

We used GSEA to analyze the active signal pathways in the high- and the low-risk
groups. There were dramatic differences in the expression of genes involved in the active
pathways of the two groups. For example, the genes involved in the cell cycle, genetic
material (purine and pyrimidine) metabolism, DNA replication, and translation process
(RNA polymerase and RNA degradation) were significantly up-regulated in the high-risk
group (Figure 5). Ayelet Erez et al. found that in many cancerous tumors, nitrogen is
used to synthesize pyrimidines, which in turn supports the synthesis of RNA and DNA in
cancer cells, disrupts the balance of the cell cycle, and promotes cancer progression.
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Figure 5. Function enrichment analysis based on the risk signature by GSEA. The genes involved in the six functional
pathways in the figure were significantly up-regulated in the LUAD high-risk group.

After GESA analysis, we screened out a total of 378 DEGs (Log FC > 1, p < 0.05)
between the high- and low-risk groups. To future explore the biological functions and
pathways that had certain correlation with risk score, we performed GO enrichment and
KEGG pathway analysis on the screened DEGs. The GO analysis results showed that the
DEGs were mainly enriched in the biological processes associated with cell proliferation,
including organelle fission, nuclear division, and chromosome segregation. Simultaneously,
DEGs were enriched in cell components associated with mitosis, such as spindle and
condensed chromosomes. There was also a significant enrichment in DEGs in the molecular
functions associated with mitosis, covering tubulin binding, microtubule binding, and
ATPase activity, while the KEGG analysis results showed that DEGs are mainly enriched in
the cell cycle, which are likely to be associated with proliferation and metastasis during
tumor progression (Figure 6A,B).
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4. Discussion

LUAD is the most common subtype of non-small cell lung cancer, and its incidence
is increasing year on year, accounting for almost 50% of all lung cancers. LUAD has a
lower OS than most cancers due to its rapid development and invasiveness [5]. Traditional
treatment methods include surgery, radiotherapy, and chemotherapy [25], and the choice
of treatment method depends on the type of cancer (small cell or non-small cell), stage of
development, and genetic characteristics [26]. If it can be detected at an early stage, surgical
removal of non-small cell lung cancer can provide a good prognosis. However, more than
70% of patients with non-small cell lung cancer are diagnosed with advanced or metastatic
disease, which leads to a poor prognosis and low five-year survival rate [27]. Therefore,
there is an urgent need to explore potential prognostic biomarkers and promising targets,
such as the prognostic value and prediction prospects of cellular and molecular immune
markers in lung cancer [28], which can be used to develop an appropriate treatment plan
for patients to prolong their survival time.

As the most common modification in human mRNA, m6A methylation modification is
involved in regulating mRNA processing, translation, and stability [29]. Abnormal regula-
tion of m6A modification plays an important role in many types of tumors by affecting the
expression of tumor-related genes. Many studies have confirmed that m6A modification
is related to tumor proliferation, differentiation, tumorigenesis, invasion, and metasta-
sis [17,30,31]. The levels of METTL3 and METTL14 in AML show significant changes,
which affects the proliferation of AML cells and the process of tumor progression [32,33].
Studies have shown that METL3 and YTHDF1 levels are higher in liver cancer and are
associated with a poor OS rate [34]. METTL3 can promote the expression of multiple
oncogenes such as BRD4, EGFR, TAZ, MAPKAPK2, and DNMT3A in human lung cancer
cells [35]. However, the influence of m6A methylation regulators on the prognosis of
patients with LUAD needs to be further clarified. Therefore, in this study, we explored the
value of m6A RNA methylation regulators in the prognosis of patients with LUAD.
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Different m6A RNA methylation regulators have different effects on the same cancer,
and they can play a role in promoting and inhibiting, the occurrence and development of
tumors. On the one hand, the target gene modified by m6A can be either an oncogene or a
tumor suppressor gene; on the other hand, the modified m6A can affect its target mRNA
by recruiting different “readers” to play different roles in tumorigenesis and development.
The same m6A methylation regulator is expressed differently in different cancers; for
example, as an “eraser” in the process of m6A RNA methylation, FTO is highly expressed
in breast, liver, and gastric cancer tissues compared to normal tissues, which is associated
with poor prognosis, while FTO expression in bladder cancer tissues is lower than that
in normal tissues [35–38]. Interestingly, in this study, we analyzed the data of 479 LUAD
patients extracted from the TCGA database and showed that the 19 m6A RNA methylation
regulators we studied had abnormal expression in LUAD patients. Among them, the
expression of FTO in the tumor tissues of LUAD patients is significantly lower than that in
normal tissues, which further validates the above viewpoint.

Insulin-like growth factor 2 mRNA-binding proteins (IGF2BPs; IGF2BP1/2/3), as a
newly discovered m6A regulator in recent years, promotes the stability and storage of
its target mRNA (such as MYC) in an m6A-dependent manner, and has a carcinogenic
effect in cancer [39,40]. More and more studies have found that IGF2BP1 is abnormally
expressed in liver cancer, lung cancer, colon cancer, ovarian cancer, breast cancer, and other
tumors [41–44]. IGF2BP1 is not only related to the proliferation, migration, and invasion of
tumor cells, but also closely related to the poor prognosis of patients [45]. Interestingly, we
performed univariate Cox regression analysis on 19 m6A regulatory factors and found that
IGF2BPs were significantly related to the survival of LUAD patients, and were significantly
highly expressed in the tumor tissues of LUAD patients. Therefore, we believe that the high
expression of IGF2BPs may be one of the factors leading to the occurrence and development
of LUAD in patients, and further study of the mechanism of IGF2BP1 in malignant tumors
may be expected to provide a new method for tumor-targeted therapy. Xu et al. found
that the YTHDC2–IGF2BP2–HNRNPC risk prognosis model has important application
value in the prognosis assessment of oral cancer, which may be related to remodeling of the
tumor-related immune microenvironment. Yang et al. found that hnRNPA2/B1’s, a new
COX-2 modulator, up-regulated expression predicts poor prognosis for NSCLC patients,
indicating that hnRNPA2/B1 promotes tumors [46].

Next, based on the abovementioned research and our findings, we selected three
m6A RNA methylation regulators (IGF2BP1, HNRNPC, and HNRNPA2B1) to construct a
minimum standard risk signature, which had a good predictive effect on the prognosis of
LUAD patients. The higher the signature-based risk score, the worse the prognosis. At the
same time, we divided 479 LUAD patients into high- and low-risk groups based on the
median risk score and verified the results with PCA, showing that the results of grouping
according to the median risk score have a clear boundary. The Kaplan–Meier survival
analysis results showed that the signature can significantly distinguish LUAD patients
with different OS, and also has a good predictive efficiency on the prognosis of LUAD
patients (AUC = 0.659). Moreover, we also performed univariate and multivariate Cox
independent prognostic analyses of the risk score, and the results showed that the risk score
is an independent prognostic factor of LUAD. The results of the GESA analysis showed
that the poor prognosis of the high-risk group may be related to the active cell cycle, genetic
material metabolism, gene replication, and translation process, which may promote tumor
progression. The results of the GO and KEGG analysis of the DEGs between the two groups
suggested that DEGs were also mainly enriched in the cell cycle process, especially mitosis,
and may affect the progress of LUAD through the regulation of mitosis. Since the grouping
of patients relied on three m6A methylation regulators, this implies that they may directly
or indirectly regulate the mRNA expression of DEGs between the two groups, thereby
affecting the prognosis of patients through the regulation of cell cycle and mitosis These
results may provide a theoretical basis for further research on the pathogenesis of LUAD
and the establishment of new risk classification and prognostic models.
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5. Conclusions

In summary, our research established a novel prognostic risk signature on the ba-
sis of three m6A RNA methylation regulators (IGF2BP1, HNRNPC, and HNRNPA2B1).
Additionally, the risk signature was verified to be an independent prognostic factor of
LUAD, which provides a new direction for the prognosis prediction of LUAD. However,
our study still has some limitations. First, the risk signature was developed using the
TCGA cohort, and the predictive effectiveness of the signature needs to be validated in
other prospective cohorts. Second, the underlying mechanisms between the DEGs in the
high- and low-risk groups and cell cycle, especially mitosis, have to be studied in the future.
Otherwise, the specific role of IGF2BP1, HNRNPC, and HNRNPA2B1 in LUAD needs
further experimental exploration.
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10.3390/life11070619/s1, Table S1: 479 LUAD Patients information. Figure S1: Construction of a
10-gene signature model in the TCGA cohort.

Author Contributions: Z.S., X.L. and Z.F. conceived and designed this research. X.L., R.W., Z.F. and
X.H. collected mRNA transcriptome data and clinical information from the TCGA database. Z.S., Z.F.
and X.L. analyzed the data. X.L. explained the data and wrote the manuscript. Z.S., J.H. and R.W.
reviewed and revised the manuscript. All authors have read and agreed to the published version of
the manuscript.

Funding: This work was supported by grants from the Fundamental Research Funds for the Central
Universities (WK911000057), the Project of the Science and Technology Innovation of Anhui province
(2017070802D146, 2018080402A009), and the Key Programs for Research and Development of Anhui
Province (No.1704a0802153).

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: Additional data not presented in the manuscript can be obtained by
contacting the authors.

Acknowledgments: Not applicable.

Conflicts of Interest: The authors declare that there are no conflict of interest.

Abbreviations

m6A, N6-methyladenosine; LUAD, lung adenocarcinoma; TCGA, The Cancer Genome
Atlas; OS, overall survival; ROC, receiver operating characteristic; KEGG, Kyoto Ency-
clopedia of Genes and Gene; GSEA, Gene Set Enrichment Analysis; GO, Gene Ontology;
DEGs, differentially expressed genes.

References
1. Siegel, R.L.; Miller, K.D.; Fuchs, H.E.; Jemal, A. Cancer Statistics, 2021. CA Cancer J. Clin. 2021, 71, 209–249. [CrossRef]
2. Turner, J.; Pond, G.R.; Tremblay, A.; Johnston, M.; Goffin, J.R. Risk Perception among a Lung Cancer Screening Population.

Chest 2021. [CrossRef]
3. Travis, W.D.; Brambilla, E.; Noguchi, M.; Nicholson, A.G.; Geisinger, K.R.; Yatabe, Y.; Beer, D.G.; Powell, C.A.; Riely, G.J.; Van

Schil, P.E.; et al. International association for the study of lung cancer/american thoracic society/european respiratory society
international multidisciplinary classification of lung adenocarcinoma. J. Thorac. Oncol Off. Publ. Int. Assoc. Study Lung Cancer
2011, 6, 244–285. [CrossRef]

4. Siegel, R.L.; Miller, K.D.; Jemal, A. Cancer statistics, 2020. CA Cancer J. Clin. 2020, 70, 7–30. [CrossRef] [PubMed]
5. Wu, K.; House, L.; Liu, W.; Cho, W.C. Personalized targeted therapy for lung cancer. Int. J. Mol. Sci. 2012, 13, 11471–11496.

[CrossRef] [PubMed]
6. Wei, C.; Gershowitz, A.; Moss, B. Methylated nucleotides block 5′ terminus of HeLa cell messenger RNA. Cell 1975, 4, 379–386.

[CrossRef]
7. Jia, G.; Fu, Y.; Zhao, X.; Dai, Q.; Zheng, G.; Yang, Y.; Yi, C.; Lindahl, T.; Pan, T.; Yang, Y.-G.; et al. N 6-methyladenosine in nuclear

RNA is a major substrate of the obesity-associated FTO. Nat. Chem. Biol. 2011, 7, 885–887. [CrossRef] [PubMed]

https://www.mdpi.com/article/10.3390/life11070619/s1
https://www.mdpi.com/article/10.3390/life11070619/s1
http://doi.org/10.3322/caac.21654
http://doi.org/10.1016/j.chest.2021.02.050
http://doi.org/10.1097/JTO.0b013e318206a221
http://doi.org/10.3322/caac.21590
http://www.ncbi.nlm.nih.gov/pubmed/31912902
http://doi.org/10.3390/ijms130911471
http://www.ncbi.nlm.nih.gov/pubmed/23109866
http://doi.org/10.1016/0092-8674(75)90158-0
http://doi.org/10.1038/nchembio.687
http://www.ncbi.nlm.nih.gov/pubmed/22002720


Life 2021, 11, 619 12 of 13

8. Su, R.; Dong, L.; Li, C.; Nachtergaele, S.; Wunderlich, M.; Qing, Y.; Deng, X.; Wang, Y.; Weng, X.; Hu, C.; et al. R-2HG exhibits
anti-tumor activity by targeting FTO/m6A/MYC/CEBPA signaling. Cell 2018, 172, e23. [CrossRef] [PubMed]

9. Liu, N.; Dai, Q.; Zheng, G.; He, C.; Parisien, M.; Pan, T. N 6-methyladenosine-dependent RNA structural switches regulate
RNA–protein interactions. Nature 2015, 518, 560–564. [CrossRef]

10. Geula, S.; Moshitch-Moshkovitz, S.; Dominissini, D.; Mansour, A.A.; Kol, N.; Salmon-Divon, M.; Hershkovitz, V.; Peer, E.; Mor,
N.; Manor, Y.S.; et al. m6A mRNA methylation facilitates resolution of naïve pluripotency toward differentiation. Science 2015,
347, 1002–1006. [CrossRef]

11. Sun, T.; Wu, R.; Ming, L. The role of m6A RNA methylation in cancer. Biomed. Pharmacother. Biomed. Pharmacother. 2019,
112, 108613. [CrossRef]

12. Dominissini, D.; Moshitch-Moshkovitz, S.; Schwartz, S.; Salmon-Divon, M.; Ungar, L.; Osenberg, S.; Cesarkas, K.; Jacob-Hirsch, J.;
Amariglio, N.; Kupiec, M.; et al. Topology of the human and mouse m6A RNA methylomes revealed by m6A-seq. Nature 2012,
485, 201–206. [CrossRef] [PubMed]

13. Zaccara, S.; Ries, R.J.; Jaffrey, S.R. Reading, writing and erasing mRNA methylation. Nat. Rev. Mol. Cell Biol. 2019, 20, 608–624.
[CrossRef]

14. Meyer, K.D.; Jaffrey, S.R. Rethinking m6A Readers, Writers, and Erasers. Annu. Rev. Cell Dev. Biol. 2017, 33, 319–342. [CrossRef]
[PubMed]

15. Niu, Y.; Zhao, X.; Wu, Y.S.; Li, M.M.; Wang, X.J.; Yang, Y.G. N6-methyl-adenosine (m6A) in RNA: An old modification with a
novel epigenetic function. Genom. Proteom. Bioinform. 2013, 11, 8–17. [CrossRef]

16. Taketo, K.; Konno, M.; Asai, A.; Koseki, J.; Toratani, M.; Satoh, T.; Doki, Y.; Mori, M.; Ishii, H.; Ogawa, K. The epitranscriptome
m6A writer METTL3 promotes chemo- and radioresistance in pancreatic cancer cells. Int. J. Oncol. 2018, 52, 621–629. [CrossRef]

17. Ma, J.-Z.; Yang, F.; Zhou, C.-C.; Liu, F.; Yuan, J.-H.; Wang, F.; Wang, T.-T.; Xu, Q.-G.; Zhou, W.-P.; Sun, S.-H. METTL14 sup-
presses the metastatic potential of hepatocellular carcinoma by modulating N6-methyladenosine-dependent primary MicroRNA
processing. Hepatology 2017, 65, 529–543. [CrossRef]

18. Ritchie, M.E.; Phipson, B.; Wu, D.; Hu, Y.; Law, C.W.; Shi, W.; Smyth, G.K. limma powers differential expression analyses for
RNA-sequencing and microarray studies. Nucleic Acids Res. 2015, 43, e47. [CrossRef] [PubMed]

19. Bøvelstad, H.M.; Nygård, S.; Størvold, H.L.; Aldrin, M.; Borgan, Ø.; Frigessi, A.; Lingjærde, O.C. Predicting survival from
microarray data—A comparative study. Bioinformatics 2007, 23, 2080–2087. [CrossRef]

20. Sauerbrei, W.; Royston, P.; Binder, H. Selection of important variables and determination of functional form for continuous
predictors in multivariable model building. Stat. Med. 2007, 26, 5512–5528. [CrossRef]

21. Therneau, T. A Package for Survival Analysis in S. Version 2.38. 2015. Available online: https://CRAN.R-project.org/package=
survival (accessed on 26 April 2021).

22. Hanley, J.A.; McNeil, B.J. The meaning and use of the area under a receiver operating characteristic (ROC) curve. Radiology 1982,
143, 29–36. [CrossRef] [PubMed]

23. Dolinski, K.; Dwight, S.; Eppig, J.; Harris, M.; Hill, D.; Issel-Tarver, L.; Davis, A.P.; Dolinski, K.; Dwight, S.S.; Eppig, J.T.; et al.
Gene ontology: Tool for the unification of biology. the gene ontology consortium. Nat Genet. 2000, 25, 25–29.

24. Kanehisa, M.; Goto, S. KEGG: Kyoto encyclopedia of genes and genomes. Nucleic Acids Res. 2000, 28, 27–30. [CrossRef]
25. Duma, N.; Santana-Davila, R.; Molina, J.R. Non-Small Cell Lung Cancer: Epidemiology, Screening, Diagnosis, and Treatment.

Mayo Clin. Proc. 2019, 94, 1623–1640. [CrossRef]
26. Lemjabbar-Alaoui, H.; Hassan, O.U.; Yang, Y.W.; Buchanan, P. Lung cancer: Biology and treatment options. Biochim. Biophys. Acta

2015, 1856, 189–210. [CrossRef]
27. Travis, W.D.; Brambilla, E.; Riely, G.J. New pathologic classification of lung cancer: Relevance for clinical practice and clinical

trials. J. Clin. Oncol. 2013, 31, 992–1001. [CrossRef]
28. Catacchio, I.; Scattone, A.; Silvestris, N.; Mangia, A. Immune Prophets of Lung Cancer: The Prognostic and Predictive Landscape

of Cellular and Molecular Immune Markers. Transl. Oncol. 2018, 11, 825–835. [CrossRef]
29. Wang, X.; Lu, Z.; Gomez, A.; Hon, G.C.; Yue, Y.; Han, D.; Fu, Y.; Fu, M.; Dai, Q.; Jia, G.; et al. N6-methyladenosine-dependent

regulation of messenger RNA stability. Nature 2014, 505, 117–120. [CrossRef]
30. Liu, J.; Eckert, M.A.; Harada, B.T.; Liu, S.-M.; Lu, Z.; Yu, K.; Tienda, S.M.; Chryplewicz, A.; Zhu, A.C.; Yang, Y.; et al. m6A mRNA

methylation regulates AKT activity to promote the proliferation and tumorigenicity of endometrial cancer. Nat. Cell Biol. 2018, 20,
1074–1083. [CrossRef]

31. Lin, S.; Choe, J.; Du, P.; Triboulet, R.; Gregory, R.I. The m6A methyltransferase METTL3 promotes translation in human cancer
cells. Mol. Cell 2016, 62, 335–345. [CrossRef]

32. Barbieri, I.; Tzelepis, K.; Pandolfini, L.; Shi, J.; Millán-Zambrano, G.; Robson, S.C.; Aspris, D.; Migliori, V.; Bannister, A.J.; Han, N.;
et al. Promoter-bound METTL3 maintains myeloid leukaemia by m6A-dependent translation control. Nature 2018, 552, 126–131.
[CrossRef] [PubMed]

33. Weng, H.; Huang, H.; Wu, H.; Qin, X.; Zhao, B.S.; Dong, L.; Shi, H.; Skibbe, J.; Shen, C.; Hu, C.; et al. METTL14 Inhibits
Hematopoietic Stem/Progenitor Differentiation and Promotes Leukemogenesis via mRNA m6A Modification. Cell Stem Cell 2018,
22, 191–205.e9. [CrossRef]

34. Lin, X.; Chai, G.; Wu, Y.; Li, J.; Chen, F.; Liu, J.; Luo, G.; Tauler, J.; Du, J.; Lin, S.; et al. A methylation regulates the epithelial
mesenchymal transition of cancer cells and translation of Snail. Nat Commun. 2019, 10, 1–13. [CrossRef] [PubMed]

http://doi.org/10.1016/j.cell.2017.11.031
http://www.ncbi.nlm.nih.gov/pubmed/29249359
http://doi.org/10.1038/nature14234
http://doi.org/10.1126/science.1261417
http://doi.org/10.1016/j.biopha.2019.108613
http://doi.org/10.1038/nature11112
http://www.ncbi.nlm.nih.gov/pubmed/22575960
http://doi.org/10.1038/s41580-019-0168-5
http://doi.org/10.1146/annurev-cellbio-100616-060758
http://www.ncbi.nlm.nih.gov/pubmed/28759256
http://doi.org/10.1016/j.gpb.2012.12.002
http://doi.org/10.3892/ijo.2017.4219
http://doi.org/10.1002/hep.28885
http://doi.org/10.1093/nar/gkv007
http://www.ncbi.nlm.nih.gov/pubmed/25605792
http://doi.org/10.1093/bioinformatics/btm305
http://doi.org/10.1002/sim.3148
https://CRAN.R-project.org/package=survival
https://CRAN.R-project.org/package=survival
http://doi.org/10.1148/radiology.143.1.7063747
http://www.ncbi.nlm.nih.gov/pubmed/7063747
http://doi.org/10.1093/nar/28.1.27
http://doi.org/10.1016/j.mayocp.2019.01.013
http://doi.org/10.1016/j.bbcan.2015.08.002
http://doi.org/10.1200/JCO.2012.46.9270
http://doi.org/10.1016/j.tranon.2018.04.006
http://doi.org/10.1038/nature12730
http://doi.org/10.1038/s41556-018-0174-4
http://doi.org/10.1016/j.molcel.2016.03.021
http://doi.org/10.1038/nature24678
http://www.ncbi.nlm.nih.gov/pubmed/29186125
http://doi.org/10.1016/j.stem.2017.11.016
http://doi.org/10.1038/s41467-019-09865-9
http://www.ncbi.nlm.nih.gov/pubmed/31061416


Life 2021, 11, 619 13 of 13

35. Guan, K.; Liu, X.; Li, J.; Ding, Y.; Li, J.; Cui, G.; Luo, G.; Luo, J.; Tauler, J.; Lin, S.; et al. Expression Status and Prognostic Value of
m6A-associated Genes in Gastric Cancer. J. Cancer 2020, 11, 3027–3040. [CrossRef]

36. Li, J.; Zhu, L.; Shi, Y.; Liu, J.; Lin, L.; Chen, X. m6A demethylase FTO promotes hepatocellular carcinoma tumorigenesis via
mediating PKM2 demethylation. Am. J. Transl. Res. 2019, 11, 6084.

37. Niu, Y.; Lin, Z.; Wan, A.; Chen, H.; Liang, H.; Sun, L.; Wang, Y.; Li, X.; Xiong, X.-F.; Wei, B.; et al. RNA N6-methyladenosine
demethylase FTO promotes breast tumor progression through inhibiting BNIP3. Mol. Cancer 2019, 18, 46. [CrossRef]

38. Chen, M.; Nie, Z.Y.; Wen, X.H.; Gao, Y.H.; Cao, H.; Zhang, S.F. m6A RNA methylation regulators can contribute to malignant
progression and impact the prognosis of bladder cancer. Biosci. Rep. 2019, 39, BSR20192892. [CrossRef] [PubMed]

39. Huang, H.; Weng, H.; Sun, W.; Qin, X.; Shi, H.; Wu, H.; Zhao, B.S.; Mesquita, A.; Liu, C.; Yuan, C.L.; et al. Recognition of RNA N
6-methyladenosine by IGF2BP proteins enhances mRNA stability and translation. Nat. Cell Biol. 2018, 20, 285–295. [CrossRef]

40. Zhao, Y.; Shi, Y.; Shen, H.; Xie, W. m(6)A-binding proteins: The emerging crucial performers in epigenetics. J. Hematol. Oncol.
2020, 13, 35. [CrossRef]

41. Gutschner, T.; Hämmerle, M.; Pazaitis, N.; Bley, N.; Fiskin, E.; Uckelmann, H.; Heim, A.; Groβ, M.; Hofmann, N.; Geffers, R.;
et al. Insulin-like growth factor 2 mRNA-binding protein 1 (IGF2BP1) is an important protumorigenic factor in hepatocellular
carcinoma. Hepatology 2014, 59, 1900–1911. [CrossRef]

42. Ohdaira, H.; Sekiguchi, M.; Miyata, K.; Yoshida, K. MicroRNA-494 suppresses cell proliferation and induces senescence in A549
lung cancer cells. Cell Prolif. 2012, 45, 32–38. [CrossRef] [PubMed]

43. Mongroo, P.S.; Noubissi, F.K.; Cuatrecasas, M.; Kalabis, J.; King, C.E.; Johnstone, C.N.; Bowser, M.J.; Castells, A.; Spiegelman,
V.S.; Rustgi, A.K. IMP-1 displays cross-talk with K-Ras and modulates colon cancer cell survival through the novel proapoptotic
protein CYFIP2. Cancer Res. 2011, 71, 2172. [CrossRef] [PubMed]

44. Bley, N.; Schott, A.; Muller, S.; Misiak, D.; Lederer, M.; Fuchs, T.; Aßmann, C.; Glaß, M.; Ihling, C.; Sinz, A.; et al. IGF2BP1 is a
targetable SRC/MAPK-dependent driver of invasive growth in ovarian cancer. RNA Biol. 2021, 18, 391–403. [CrossRef] [PubMed]

45. Fakhraldeen, S.A.; Clark, R.J.; Roopra, A.; Chin, E.N.; Huang, W.; Castorino, J.; Wisinski, K.B.; Kim, T.; Spiegelman, V.S.;
Alexander, C.M. Two Isoforms of the RNA Binding Protein, Coding Region Determinant-binding Protein (CRD-BP/IGF2BP1),
Are Expressed in Breast Epithelium and Support Clonogenic Growth of Breast Tumor Cells. J. Biol. Chem. 2015, 290, 13386–13400.
[CrossRef] [PubMed]

46. Yang, X.; Wang, J.; Ban, L.; Lu, J.J.; Yi, C.; Li, Z.; Yu, W.; Li, M.; Xu, T.; Yang, W.; et al. hnRNPA2/B1 activates cyclooxygenase-2
and promotes tumor growth in human lung cancers. Mol. Oncol. 2016, 10, 610–624.

http://doi.org/10.7150/jca.40866
http://doi.org/10.1186/s12943-019-1004-4
http://doi.org/10.1042/BSR20192892
http://www.ncbi.nlm.nih.gov/pubmed/31808521
http://doi.org/10.1038/s41556-018-0045-z
http://doi.org/10.1186/s13045-020-00872-8
http://doi.org/10.1002/hep.26997
http://doi.org/10.1111/j.1365-2184.2011.00798.x
http://www.ncbi.nlm.nih.gov/pubmed/22151897
http://doi.org/10.1158/0008-5472.CAN-10-3295
http://www.ncbi.nlm.nih.gov/pubmed/21252116
http://doi.org/10.1080/15476286.2020.1812894
http://www.ncbi.nlm.nih.gov/pubmed/32876513
http://doi.org/10.1074/jbc.M115.655175
http://www.ncbi.nlm.nih.gov/pubmed/25861986

	Introduction 
	Materials and Methods 
	Data Acquisition 
	Selection of m6A Methylation Regulators and Analysis of Their Differential Expression 
	Correlation Analysis of m6A Methylation Regulators 
	Construction and Verification of Risk Signature 
	Analysis of the Prognostic Ability of the Three-Gene Signature 
	Statistical Analysis 

	Results 
	Expression of m6A RNA Methylation Regulators in LUAD 
	Correlation among the 19 m6A RNA Methylation Regulators in LUAD 
	Evaluation of the m6A-Related Risk Signature 
	Prognostic Analysis of the m6A-Related Risk Signature 
	Functional Enrichment Analysis 

	Discussion 
	Conclusions 
	References

