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Purpose: Clear cell renal cell carcinoma (ccRCC) is highly heterogeneous and is one of the
most lethal types of cancer within the urinary system. Aberrant expression of 5-methylcy-
tosine (m°C) RNA methylation regulators has been shown to result in occurrence and
progression of tumors. However, the role of these regulators in ccRCC remains unclear.
Materials and Methods: We extracted RNA sequencing expression data with correspond-
ing clinical information of patients with ccRCC from The Cancer Genome Atlas (TCGA)
database. We then compared the expression profiles of m°C RNA methylation regulators
between normal and ccRCC tissues, and determined different subtypes through consensus
clustering analysis. In addition, we constructed a prognostic signature and evaluated it using
a range of bioinformatics approaches. The expression of signature-related genes was subse-
quently verified in the clinical samples using qRT-PCR.

Results: We identified 12 differentially expressed m°>C RNA methylation regulators between
cancer and normal control samples. Two clusters of patients with ¢ccRCC and diverse
clinicopathological characteristics and prognoses were then determined through consensus
clustering analysis. Functional annotations revealed that m>C RNA regulators were signifi-
cantly correlated with the ccRCC progression. Moreover, we constructed a four-gene risk
score signature (comprised of NOP2, NSUN4, NSUNG6, and TET2) and divided the patients
with ¢ccRCC into high- and low-risk groups based on the median risk score. The risk score
was associated with clinicopathological features and was an independent prognostic indicator
of ccRCC. Our stratified analysis results suggest that the signature has high prognostic value.
Based on qRT-PCR results, the NOP2 and NSUN4 mRNA expressions were higher and those
of NSUNG6 and TET2 were lower in ccRCC tissues than in normal tissues.

Conclusion: Our results demonstrate that m>C RNA methylation regulators may affect
ccRCC progression and could be exploited for diagnostic and prognostic purposes.
Keywords: ccRCC, 5-methylcytosine RNA methylation regulators, prognostic signature,
epigenetics, bioinformatics

Introduction

As one of the top ten most common cancers worldwide, renal cell carcinoma (RCC)
accounts for approximately 5% and 3% of the overall cancer cases in men and
women, respectively.'? Clear cell RCC (ccRCC), the most frequent and aggressive
form of RCC in adults (comprising approximately 80% of cases), has been asso-
ciated with an increased risk of recurrence and a worse prognosis than other
subtypes.® Although most ccRCCs are diagnosed at early stages, nearly 20% of
cases harbor metastases at initial diagnosis and present a decreased 5-year expected
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survival (approximately 10% survival).*® Remarkable
progress has been made in surgery, radiotherapy, che-
motherapy, targeted therapy, and immunotherapy, and the
treatment of ccRCC has improved to a certain degree.
However, the treatment’s clinical efficiency and patient
outcomes have not improved significantly; and, approxi-
mately 30% to 40% of patients with localized ccRCC
develop metastatic recurrence during the follow-up after
surgical resection.” Thus, diagnostic markers and molecu-
lar targets for individualized therapy and early diagnosis
are urgently needed.

Researchers have started to explore the roles of reversible
RNA modifications in the post-transcriptional regulation of
gene expression.” Compared with DNA epigenetic regulations
(a well-recognized and widely studied epigenetic phenom-
enon), S-methylcytosine (m°C) in mRNA remains
understudied.”'® m>C is a highly abundant RNA modification
detected in various RNA species, including messenger RNAs
(mRNAs), transfer RNAs (tRNAs), ribosomal RNAs
(rRNAs), enhancer RNAs (eRNAs), and a number of non-

coding RNAs (ncRNAs).""'® Studies have revealed
that m°C participates in gene expression during the modulation
of pre-mRNA splicing and during RNA export, translation,
stabilization, and localization.'>'* At the post-transcriptional
level, m>C RNA modifications can be dynamically regulated

9 ¢

by three groups of genes (“writers,” “erasers,” and “readers”),
encoding methyltransferases, demethylases, and binding pro-
teins, respectively.'” “Writers” (including NSUN1-7, DNMT],

DNMT2, DNMT3A, and DNMT3B) regulate RNA methyla-

tion modification processes. The “eraser” TET2
has m°C  demethylation  activity to  remove
the m°C modification. Finally, ALYREF, an m°C “reader,”

recognizes and binds to m°C sites on target mRNAs.'*!?

Increasing amounts of evidence have demonstrated
that m°C dysregulation affects the pathogenesis of many
human diseases including cancers. For example, NSUN2 exhi-
bits significant roles in tumor metastasis and drug resistance by
methylating NMR ncRNA in esophageal squamous cell
carcinoma.'® Sun et al revealed that IncRNA-hPVTI up-

regulates the expression of NOP2 by enhancing NOP2 protein
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stability; and then, it promotes cell proliferation, stemness-like
properties, and tumorigenesis in hepatocellular carcinoma
cells.'” However, the specific signature and corresponding
prognostic value of m°C in ccRCC remain unknown.
Clarifying the biological role of these regulators in ccRCC
may help identify effective markers for early diagnosis and
therapeutic treatment.

To understand the potential roles of m°C RNA regula-
tors in ccRCC, we conducted a comprehensive study on
the expression  profile of 13
reported m°C RNA methylation regulators with RNA
sequencing data from The Cancer Genome Atlas
(TCGA). We then identified a four-gene signature
of m°C regulators that has prognostic value to effectively

extensively

predict the outcomes of patients with ccRCC. In addition,
qRT-PCR data were used to verify the choice of genes.
Overall, our study provides a reliable foundation for
detecting new biomarkers and constructing prognostic sig-
natures for early ccRCC detection and clinical outcome
prediction.

Materials and Methods

Data Acquisition

The RNA-seq expression data, together with correspond-
ing clinical information of ccRCC tissues and normal
tissues were downloaded from the TCGA database
(https://cancergenome.nih.gov/).'"® We normalized RNA

expression profiles using Log,-based transformation.
After data integration and elimination of clinical samples
with missing data, we included 517 ¢ccRCC and 72 non-
tumor tissues for further analyses.

Differentially-Expressed m°C RNA
Regulators Between ccRCC and Normal

Tissues

We identified candidate m°C RNA regulators from the
published literature. NOP2, NSUN 2-7, DNMTI,
TRDMTI1, DNMT3A, and DNMT3B were considered
“writers”; and ALYREF and TET2 were identified as
“readers” and “erasers,” respectively. We abstracted the
expression matrix of these 13 genes from 517 ccRCC
and 72 normal samples with clinical information in the
TCGA project. Next, the differentially-expressed m-
>C RNA methylation regulators were identified by com-
paring ccRCC tissues with noncancerous kidney tissues in
R under the cut-off criteria of P < 0.05. Subsequently, we
visualized the distinct expression patterns of m°C RNA

regulators between the two groups on a heatmap and
a violin plot.

Interaction and Correlation Analyses
Among the mC RNA Regulators

We identified protein-protein interactions (PPI) among the
13 m°C RNA regulators using the STRING database
(http://string.embl.de/)."” The correlation among these

genes was calculated based on a Pearson correlation ana-
lysis in R.

Consensus Clustering Analysis
of m°C RNA Regulators

To explore the function of m°C RNA methylation regula-
tors in ccRCC, we identified two clusters by consensus
expression  of  these  regulators  using  the
“ConsensusClusterPlus” R package (50 iterations, 80%
resample rate).”’ We assessed the expression profiles
among various ccRCC patient clusters by performing
a Principal Component Analysis (PCA) and visualized
them with the “ggplot2” package.”’ The survival and clin-
ical correlation analysis between different clusters were
evaluated using Kaplan—Meier analysis and chi-square

tests, respectively.

Functional Enrichment Analysis

Gene Ontology (GO) analysis was performed to analyze
the main function of differentially-expressed genes
(DEGs) in the different clusters using the Metascape data-
base (http://metascape.org/).>> Moreover, the underlying

biological DEG pathways in the different clusters were
explored by the Kyoto Encyclopedia of Genes and
Genomes (KEGG) database in R. We then applied
a Gene Set Enrichment Analysis (GSEA) to evaluate the
functions related to the different ccRCC clusters. GSEA
was carried out using the GSEA software (http:/software.
broadinstitute.org/gsea) with the MSigDB H: Hallmark
gene set collection.”? The significant results were identi-

fied using these criteria: a nominal P value lower than 0.05
and a false discovery rate (FDR) lower than 0.25.

Construction and Validation of the

Prognostic Signature
The 517 patients with ccRCC were randomized into training
(n = 312) and testing (n = 205) cohorts from the TCGA
project following a ratio of 6 to 4. Univariate Cox regression
analysis conducted on

was each differentially-
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Table | Primer Sequences Used for qRT-PCR in This Study

Reverse Primer

Gene Name Forward Primer

NOP2 5'-GGAGATTGGGCTCTGTTGAAG-3’
NSUN4 5'-GGAAAGACACTAGCGTTGCTT-3’
NSUN6 5'-TCTCAGCCCTTCATTTGACAGT-3’
TET2 5'-ATACCCTGTATGAAGGGAAGCC-3’
B-actin 5-TTGCGTTACACCCTTTCTTG-3’

5-AGCTCCTTTTGGTAGCTTTCC-3’
5-TCTTCTGTAGTCTGGCTATTCGG-3’
5-TCCAGTGCTATAACTTCTCCCTG-3’
5-CAGCCTGCCGTAATTCCTCTG-3
5-CTTACCCCGAAGTTACGTCTTTC-3'

expressed m°C RNA methylation regulators to screen for
genes that were closely related to the overall survival (OS)
of patients with ccRCC in the training cohort. Then, multi-
variate logistic regression analyses were performed accord-
ing to the Akaike information criterion (AIC), and we
considered the model with the smallest AIC as the best fitting
model to predict the outcomes of patients.”* We constructed
the prognostic signature according to a linear combination of
the selected mRNA expression level multiplied by regression
coefficients derived from the multivariate Cox regression
model.

We subsequently categorized patients in the training
cohort into high- and low-risk groups based on the mean
risk score. We performed a Kaplan—Meier curve analysis
and examined it using a Log rank test between two groups.
The receiver operating characteristic (ROC) analysis
served to assess the prognostic ability of the signature.
Additionally, we conducted a multivariate Cox analysis
to assess whether the signature-based risk score was inde-
pendent of other clinical characteristics. The testing cohort
was used to further test the performance of the signature in
the same manner mentioned above.

Moreover, we conducted a hierarchical analysis based
on clinical characteristics to further assess the impact of
other factors on the prognostic value of high- and low-risk
groups of the entire TCGA cohort. We also assessed the
associations between the individual target gene expres-
sions in our prognostic risk model and the clinical
progression.

Quantitative Real-Time PCR (qRT-PCR)

We obtained 18 pairs of fresh ccRCC and non-cancerous
tissue samples from patients who had undergone surgery in
Meizhou People’s Hospital (Huangtang Hospital) from
January 2020 to January 2021. The Ethics Committee of the
Meizhou People’s Hospital (Huangtang Hospital) approved
the study and the patients with ccRCC involved in the study
signed informed consents. We verified the expression levels
of hub genes via qRT-PCR. Briefly, total RNA was extracted

with Trizol reagent (Invitrogen, Carlsbad, CA, USA) and
cDNA was synthesized using the PrimeScript RT Reagent
Kit (TaKaRa, Shiga, Japan) according to the manufacturer’s
instructions. qRT-PCR was performed on an Applied
Biosystems 7500 Real-Time PCR Systems (Thermo Fisher
Scientific Inc.) using SYBR GreenER Supermix (Invitrogen).
We used the following PCR conditions: an initial melting step
at 95°C for 1 min followed by 35 cycles at 95°C for 90 s,
60°C for 30 s, 72°C for 30 s, and a final extension at 72°C for
10 min. The target gene expressions were normalized to that
of the B-actin gene and the relative expressions were analyzed

using the 2744

method. The primers used in this study were
designed by RuiBo (Guangzhou, Guangdong, China); Table 1

lists their sequences.

Results
Expression Differences of m>C RNA
Methylation Rgulators Between ccRCC

and Normal Samples

Considering  the important biological  functions
of m°>C RNA regulators in ccRCC tumorigenesis, we sys-
tematically compared the expression levels of
13 m°C RNA methylation regulators between tumor and
normal tissues using TCGA data. The expression levels of
most m°C RNA methylation regulators (NOP2, NSUN2,
NSUNS, NSUN6, DNMT1, DNMT3A, DNMT3B, and
ALYREF) were significantly higher in tumors than in
healthy control samples (P < 0.05) (Figure 1A and B).
The expression levels of NSUN3, NSUN4, NSUN7, and
TET2 in cancerous tissues were significantly down-
regulated (P < 0.05), and we found similar expression

levels of TRDMT]1 in both sample types.

Association and Consensus Clustering
Analysis of m®C RNA Methylation
Regulators

To better study the biological impact of m°C RNA methy-
lation regulators in the pathogenesis of ccRCC, we
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Figure | Differentially-expressed m°C RNA methylation regulators between ccRCC and normal tissues. The heatmap (A) and the violin plot (B) show the differing
expressions of m*C RNA methylation regulators between ccRCC and normal control samples. *P < 0.05, **P < 0.01, *¥P < 0.001.

conducted a comprehensive analysis of the functions,
interactions, and correlations among these regulators.
According to their functions and interactions, we noticed
that all the m°C RNA methylation regulators were asso-
ciated with different methylation types. For example,
NOP2, NSUN3, NSUN4, and NSUNS participated mostly
in rRNA methylation, while NSUN2, NSUN3, NSUNG6,
and TRDMT1 were primarily involved in tRNA methyla-
tion (Figure 2A). We then further analyzed correlations
among these regulators using the Pearson correlation

analysis (Figure 2B). These regulators demonstrated
mainly a weak to moderate positive correlation, with the
correlation between NSUN3 and TET2 (R = 0.7) being the
strongest.

Considering the similar expressions of m°C RNA regu-
lators in 517 patients with ccRCC in the TCGA database, we
performed a consensus clustering analysis on the samples.
We chose k= 4 as a suitable selection with clustering stabi-
lity increasing from k = 2 to 9, but we found a highly
significant overlap within each group. Hence, we divided
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Figure 2 Association and consensus clustering analyses of m°C RNA methylation regulators. (A) Function and PPls of 13 m*C RNA methylation regulators. (B)
Correlations among 13 m°C RNA methylation regulators analyzed by Pearson correlation. (C) Consensus clustering matrix for k = 2. (D) PCA analysis indicating the
distribution between two clusters. (E) Kaplan-Meier analysis for two clusters. (F) Clinicopathological features compared between the two clusters. **P < 0.01, **P < 0.001.
Notes: PPIs, protein-protein interactions.

these ccRCC samples into two clusters based on k = 2, divided into two distinct clusters, suggesting this was
cluster 1, and cluster 2 (Figure 2C). The results of our a reasonable choice (Figure 2D). Subsequently, we exam-
PCA analysis show that the samples were adequately ined the association of clinical features between the two
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clusters. The survival analysis indicated that patients with
ccRCC in cluster 2 had an association with worse survival
outcomes than those in cluster 1 (Figure 2E). In addition,
patients in cluster 2 also presented higher grades (P < 0.01)
and AJCC (P < 0.001), T (P < 0.001), and M (P < 0.001)
stages than those in cluster 1 (Figure 2F). The above finding
suggests that the consensus clustering of m>C RNA methy-
lation regulators is intimately involved in the clinicopatho-
logical characteristics and outcomes in ccRCC.

Functional Enrichment Analysis

To examine why patients in cluster 2 had a poorer prog-
nosis than the others, we conducted a functional annota-
tion of specific genes correlated with cluster 2. We
determined that 874 genes were up-regulated (log, FC >
2.0 and P < 0.05) and 1310 genes were down-regulated
(log, FC < —2.0 and P < 0.05) in cluster 2 relative to
cluster 1. Figure 3A shows the top 20 significant enriched
biological processes. Go analysis results suggested that

oxidation-reduction processes, vasculature development,
and transmembrane receptor protein tyrosine kinase sig-
naling pathways are enriched in malignant-related biolo-
gical processes and pathways. KEGG analysis results
show that these up-regulated genes in cluster 2 are closely
related to the malignancy-associated pathways, such as the
PI3K-AKT signaling pathway (Figure 3B).

Subsequently, we used GSEA to explore the hallmarks
associated with cluster 2. Our findings revealed many
tumor hallmarks, including DNA repair (NSE = 2.853,
normalized P = 0, FDR g-value = 0), MTORCI1 signaling
(NSE = 2.680, normalized P = 0, FDR g-value = 0), PI3K-
AKT-mTOR signaling (NSE = 1.744, normalized P = 0,
FDR g-value < 0.001), and epithelial mesenchymal transi-
tion signaling (NSE = 1.730, normalized P = 0, FDR
g-value < 0.001), that are significantly correlated with
cluster 2 (Figure 3C). These results indicate that the two
clusters determined through consensus clustering are clo-
sely associated with the malignant progression of ccRCC.
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Figure 3 Function annotation of specific genes of the cluster 2 subtype. (A) Top 20 significantly enriched biological processes in the cluster 2 subtype. (B) KEGG pathway
analysis. (C) GSEA analysis.

Notes: KEGG, Kyoto Encyclopedia of Genes and Genomes database; GSEA, Gene Set Enrichment Analysis.
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Figure 4 Construction of the prognostic signature using four m°C RNA methylation regulators. (A) Univariate Cox regression analysis between m°C RNA methylation
regulators and survival data. (B) Coefficients of four m>C RNA methylation regulators. (C) Kaplan—Meier curves of each prognostic gene in the signature.

Prognostic Value of m>C RNA
Methylation Regulators and Construction

of Prognostic Signature

Considering the impact of the m°C RNA methylation reg-
ulators on the OS of patients with ccRCC, we investigated
the prognostic value of m°C RNA regulators and we further
screened the genes to construct a prognostic signature.
Univariate Cox regression analysis revealed that 9 of 12
differentially-expressed m°C RNA methylation regulators
were significantly associated within the training cohort
(Figure 4A). Of these genes, NOP2, DNMT3A, NSUN2,
NSUNS, DNMT3B, and NSUNG6 are considered risk genes
(HR > 1), while NSUN4, NSUN7, and TET2 are protective
genes (HR < 1) for ccRCC. On the basis of the multivariate
Cox model, we selected four genes with their coefficients
(Figure 4B) to construct the prognostic signature using the
following computational formula: risk score = (0.0804 x
NOP2 value) + (—0.1318 x NSUN4 value) + (0.2682 x
NSUNG6 value) + (—0.3593 x TET2 value). We classified

patients with ccRCC into high- and low- expression groups

based on the median expression of these four genes, and
then compared the differences in OS between the two
groups to define the role of each gene in ccRCC prognosis.
The results show that all four m°C RNA methylation reg-
ulators are correlated with the OS (Figure 4C).

We assigned patients in both the training and testing
cohorts into high- or low-risk groups according to the median
risk score. The Kaplan—-Meier curve analysis showed an
obvious difference between the two groups, and the patients
with ccRCC in the high-risk group had clearly shorter OSs
than those in the low- risk group (Figure 5A and B). ROC
curve analysis showed the AUCs of the signature in the train-
ing and testing cohorts to be 0.723 and 0.689, respectively
(Figure 5C and D). In addition, we observed that the patients’
survival decreased and the deaths increased with risk score
increases (Figure SE and F). We generated a heatmap depict-
ing the expression differences in the four prognostic genes
between the two distinct prognostic patient groups. In patients
with high-risk scores, the risk genes were upregulated and the
protective genes were downregulated. However, these expres-
sion patterns were inverted in patients with low-risk scores.
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Figure 5 Validation of four-gene prognostic signature. (A and B) Survival analysis in the training and testing cohorts. (C and D) ROC curves of the prognostic signature in
the training and testing cohorts. (E and F) Four-gene signature risk score distributions, patient survival results, and expression heatmap.

Notes: ROC, receiver operating characteristic.

We used univariate and multivariate Cox regression
analyses to examine whether the risk score was an inde-
pendent prognostic variable in both the training and testing
cohorts. In the univariate analysis, the prognosis of
patients with ccRCC was correlated with the grade, the
risk score, and the AJCC, T, and M stages (Figure 6A).
The risk score remained significantly related to the OS
(P < 0.001, Figure 6B) in the multivariate analysis.
Meanwhile, we further verified the independence of the
prognostic signature in the testing cohort (Figure 6C and
D). Our results indicate that the signature-based risk score
might be an independent prognostic marker for ccRCC.

Role of the Prognostic Signature in
Patients with ccRCC

We assessed the association between the risk score and the
clinical parameters in the entire TCGA cohort. We repre-
sented the expression profiles of the four screened m>C RNA

regulators in high- and low-risk patients in a heatmap
(Figure 7A). The results indicate that the patients with
ccRCC in the high-risk group generally presented a higher
proportion of NOP2 and NSUNG6 expression, and a lower
proportion of NSUN4 and TET2 expression than those in the
low-risk group. We also found significant differences in the
grades and the AJCC, T, and M stages between the two
groups (all P <0.001). However, the age and gender propor-
tions were similar in the two groups. Thus, we explored the
association between each clinicopathological characteristic
and the risk scores. As expected, the risk scores were diverse
in these groups compartmentalized by grade and AJCC, T,
and M stages within the TCGA dataset (Figure 7B). The
results show that the risk score identified by four m°C RNA
methylation regulators was associated with the prognosis of
patients with ccRCC.

Considering the positive correlation between the risk
score and the tumor progression, we conducted a Kaplan—
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Figure 6 Determination of the independent prognostic factors through univariate and multivariate Cox regression analyses. The risk score was an independent prognostic

factor in the training (A and B) and the testing (C and D) cohorts.

Meier survival analysis to evaluate the prognostic value of the
risk signature. As expected, advanced tumors (AJCC stages
III and IV, grades 3 and 4, T staged 3 and 4, and M stage 1)
presented shorter OSs than early tumors (AJCC stages I and
II, grades 1 and 2, T stages 1 and 2, and M stage 0)
(Figure 8A). Moreover, the stratification analysis for survival
applied to precisely evaluate the survival outcomes, indicate
that the patients with high-risk scores had significantly shorter
OSs than those with low-risk scores (Figure 8B).

Validation of the mRNA Expression of
Four m>C RNA Methylation Regulators in
Patients with ccRCC

To explore the genes important for the development of the
prognostic signature, we first evaluated the expressions of
the four m°C RNA methylation regulators in 18 pairs in

tissues. We found that NOP2 and NSUNG6 had higher
expressions in tumor tissues than in normal tissues, while
NSUN4 and TET2 had lower expressions in tumor tissues
(Figure 9) in agreement with our other findings.

Discussion

Increasing evidence suggests that dysregulated aberrant
RNA epigenetic modifications may function as oncogenes
or tumor suppressors in carcinogenesis and cancer
progression.”>?® Therefore, epigenetic regulators are pro-
mising diagnostic, prognostic, and predictive biomarkers
for ccRCC. Some studies have focused on m°’C DNA
methylation genes in ccRCC that could serve as potential
biomarkers for cancer diagnosis and prognosis.’ *° In this
study, we concentrated on RNA epigenetic modifications
exploring the expression profiles of m>C RNA methylation
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Abbreviation: ns, no significance.

regulators to clarify their importance in ccRCC. The
expressions of NSUN3, NSUN4, NSUN7, and TET2
were significantly lower in ccRCC tissues than in normal
tissues, whereas the expressions of TRDMT1 were similar
in both tissue types. The expression levels of eight
other m°C RNA methylation regulators were higher in
the ccRCC tissues than in the adjacent normal tissues.

By analyzing the expression of mC RNA regulators
from the TCGA database, we identified two subtypes of
ccRCC differing in their clinicopathological characteristics
and prognoses. In addition, an enrichment analysis showed
significant DEGs between two clusters that were involved
in tumor-related biological processes, signaling pathways,
and hallmarks. We studied the potential carcinogenic
mechanisms and pathways of these m>C RNA methylation
regulators in ccRCC by conducting a KEGG analysis, the
results agree with published data suggesting that the PI3K/
AKT
mechanisms.*>*' A recent study demonstrated that the

signaling pathway is involved in these
PI3K/AKT signaling pathway is implicated in proliferation
and migration processes in ccRCC,*? laying a theoretical
foundation for further studies on the function of m>C RNA

methylation regulators and the mechanisms underlying

their regulatory effects. These findings confirm to some
extent that m°C RNA methylation regulators participate in
the progression of ccRCC.

The advent of next-generation sequencing technologies
and the ability to comprehensively characterize the molecular
basis of diseases have resulted in the clinical feasibility of
precision medical treatments.” m°C-related gene signatures
have comparable performances for predicting clinical prog-
noses of multiple solid tumors. For example, a two-gene m-
>C signature (DNMT1 and ALYREF) can effectively be used
as a prognosis marker in patients with head and neck
carcinoma.>* A five-gene m°C signature (NOP2, NSUN4,
NSUNS, NSUN6, and NSUN7) can accurately predict the
overall survival and clinicopathological features of patients
with glioma.®> A molecular phenotype constructed with
four m°C RNA methylation regulators (NSUN2, NSUN4,
TET2, and ALYREF) is an independent risk factor for the
prognosis of lung adenocarcinoma.’ Thus, we constructed
a prognostic signature for ccRCC using Cox regression models
based on the features of m>C RNA methylation regulators
(NOP2, NSUN4, NSUNG6, and TET2). Notably, our proposed
four-gene risk signature was able to successfully identify high-
and low-risk populations in the training and testing cohorts to
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precisely predict clinical outcomes. Multivariate Cox regres-
sion analysis results further indicate that the prognostic signa-
ture-based risk score may be used as an independent prognostic
marker for patients with ccRCC.

Published evidence has shown that these four genes are
associated with the pathogenesis of many tumors. The expres-
sion of NOP2 has been reported to be upregulated in various
types of cancer, including in lung adenocarcinoma,’® breast
carcinoma,”’ and prostate cancer,*® and a high expression level
is associated with poor clinical outcomes. Previous studies

have indicated that overexpression of NOP2 (also named
NSUNI or p120) promote mouse fibroblast proliferation.'>*°
In addition, Uchiyama et al found that NOP2 can be
a biomarker for proliferation in human lung cancer cells, and
that it plays an important role in tumor proliferation through
cell cycle regulation.*” Thus, NOP2 may serve as a prognostic
biomarker reflecting cancer aggressiveness.

Studies have described NSUN4 as a protein with dual
functions required for 12S rRNA methylation and inter-
acting with MTERF4 to facilitate monosome assembly.*!
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However, the mechanisms associating NSUN4 with
tumors remain unclear.

NSUNG6-targeted mRNAs are abundant and have high
translation rates. The expression levels of NSUN6 are
significantly down-regulated in several tumors in compar-
their
Functionally, NSUN6 overexpression remarkably inhibits

ison with expression in normal tissues.*’
the proliferation of liver cancer cells.*’ However, a recent
study demonstrated that NSUNG6 plays an important role in
bone metastasis via the methylation of Hippo/MST1 and
consequent activation of YAP.* These results indicate that
NUSNG plays distinct roles in different types of tumors.

TET?2 has been implicated in numerous biological pro-
cesses and is dysregulated in a number of cancers. Loss of
function analyses have revealed the capacity of TET2 to
inhibit the general proliferation and migratory capacity of
cancer cells.*” The TET2 protein is generally down-
regulated in hepatocellular carcinoma and this is asso-
ciated with poor prognoses.*® In addition, Xu et al found
that loss of TET activity functionally inactivates the IFN-y/
JAK/STAT/signaling pathway and confers solid tumor
resistance to anti-PD-1/PD-L1 therapy.*’

In our study, we noticed similarities related to those genes
between the findings described by others and our own results.
We used RT-qPCR to verify the expression levels of the
four m°C RNA methylation regulators in 18 pairs of fresh
ccRCC and non-cancerous tissue samples. To the best of our
knowledge, ours is the first study to investigate the associations
between these gene expressions and ccRCC clinicopathologi-
cal characteristics and prognosis, providing a basis for further
exploration of the molecular mechanisms involved. However,
some aspects related to our study results need to be improved.
First, additional fundamental experimental studies are neces-
of these
four m®C RNA regulators. Second, external validation in mul-

sary to pinpoint the detailed mechanisms
ticenter cohorts need to demonstrate the reliability of our
proposed prognostic signature.

Conclusion

In all, our study described for the first time the expression
profiles of m°C RNA methylation regulators in ccRCC using
bioinformatics methods. In addition, we constructed
an m°C RNA methyltransferase-related signature comprised
of four genes (NOP2, NSUN4, NSUN6, and TET2), which
we showed to be significantly related to the clinical prognosis
and clinicopathological features and is also an independent
prognostic marker in ccRCC. Therefore, our findings have

clinical significance, enhance our understanding of ccRCC

pathogenesis, and may help guide diagnoses, clinical treat-
ments, and prognoses in the future.
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