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Ten genes associated with MGMT promoter methylation
predict the prognosis of patients with glioma
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Abstract. Glioma originates from the glial cells of the spine or
brain, and promoter methylation of O6-methylguanine-DNA
methyltransferase (MGMT) can promote the chemosensitivity
of glioma. The present study aimed to reveal the key genes
implicated in MGMT promoter methylation in patients with
glioma. RNA-sequencing data and methylation data for glioma
were extracted from The Cancer Genome Atlas database.
Following expression characteristic analysis and differential
expression analysis using unsupervised hierarchical clustering
and a rank sum test, the feature genes were identified between
high and low methylation groups. Furthermore, multivariate
survival analysis for the feature genes was performed using
the survival package in R. Additionally, the independent
glioma RNA expression datasets GSE7696 and GSE42669
were used to validate the prognostic efficiency of the gene
combination. The results indicated that the prognosis of the
low methylation group was significantly worse than that of
the high methylation group. The ten genes corresponding to
the cut-off value of 0.56 (Rho GTPase-activating protein 21,
CECR2, histone acetyl-lysine reader, endosulfine o, G-patch
domain-containing 8, KIAA1109, MGMT, protocadherin f3 13,
selenoprotein M, sperm-associated antigen 9 and WD repeat
domain 6) were able to significantly predict prognosis and were
differentially expressed between the two groups. Multivariate
survival analysis suggested that the ten genes were effective for
sample classification and prognostic prediction. Furthermore,
the validation datasets confirmed the correlation of the ten
genes with prognosis. In conclusion, these 10 genes may be
mediated by MGMT promoter methylation in glioma. In addi-
tion, the ten-gene combination may be associated with the
prognosis of patients with glioma.

Correspondence to: Dr Yang Zhang, Department of Neurosurgery,
The Second Affiliated Hospital of Zhejiang University Medical
College, 88 Jiefang Road, Hangzhou, Zhejiang 310009, P.R. China
E-mail: 2310041@zju.edu.cn

Key words: glioma, promoter methylation, feature genes, differential
expression analysis, multivariate survival analysis

Introduction

Glioma occurs in the glial cells of the spine or brain, and is
classified according to cell type, location and grade (1). The
incidence rate of glioblastoma multiforme is the highest
(3.20 per 100,000 population) of all malignant central nervous
system tumors in the United States (2). Gliomas in different
locations exhibit distinct symptoms, and the tumor metastasizes
via the cerebrospinal fluid, rather than the bloodstream (3).
The majority of gliomas are incurable; in particular, the prog-
nosis for older patients with advanced glioma is poorer (4).
The O6-methylguanine-DNA methyltransferase (MGMT)
gene, which is located on chromosome 10q26 and codes for a
DNA repair enzyme, can eliminate the efficacy of alkylating
chemotherapy (5). Promoter methylation of MGMT has been
detected in 51-66% of cases of glioblastoma; this methylation
inactivates the MGMT gene and promotes the chemosensitivity
and survival of patients with glioblastoma (6,7). Therefore,
exploring the key genes associated with MGMT promoter
methylation in glioma is important.

In recent years, the mechanisms underlying glioma
prognosis have been investigated. For example, enhancer
of zeste 2 polycomb repressive complex 2 subunit (EZH?2)
overexpression is associated with tumor grade and predicts
a short survival; therefore, EZH?2 is a promising prognostic
factor and therapeutic target in patients with glioblastoma (8).
Chitinase 3-like 1 (CHI3LI) functions in mediating local
invasiveness and malignant transformation; therefore, CHI3LI
may be considered a potential target for the treatment of
glioma (9,10). Furthermore, large tumor suppressor kinase
1 is a critical tumor suppressor, the inhibition of which
may promote the progression of glioma (11). Conversely,
the 6-phosphofructo-2-kinase/fructose-2,6-biphosphatase
4 (PFKFB4) gene serves an important role in maintaining
cancer stem-like cells in the brain, and high PFKFB4 expres-
sion is correlated with unfavorable survival of patients with
glioblastoma (12). Nevertheless, the mechanisms underlying
the effects of MGMT promoter methylation on the prognosis
of patients with glioma have not been thoroughly studied.

Expression profile analysis is widely used for selecting
meaningful and important genes from large amounts of data via
the evaluation of gene expression levels (13,14). In the present
study, RNA-sequencing (RNA-seq) data and methylation data
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of glioma were downloaded, and were then analyzed through
a series of bioinformatics analyses. The present study aimed to
reveal the key genes involved in MGMT promoter methylation
in patients with glioma, in order to provide potential targets for
promoting MGMT promoter methylation and improving the
chemosensitivity of patients with glioma.

Materials and methods

Data source and preprocessing. For glioma, RNA-seq
data (platform: IlluminaHiSeq), methylation data (plat-
form: HumanMethylation27) and clinical follow-up data
were obtained from The Cancer Genome Atlas (TCGA;
http://cancergenome.nih.gov/) database (updated March 1,
2017). From a total of 295 glioma samples, 77 samples
(61 samples from patients that had succumbed, 15 samples
from patients that had survived, and 1 sample from a patient
for whom there was no survival information) with RNA-seq
data and methylation data were selected, and their clinical
follow-up data were downloaded. RNA-seq data and meth-
ylation data were normalized using the quantile normalization
method (15).

Identification of feature genes between high and low
methylation samples. The methylation levels of CpG islands
in the promoter region of MGMT in the 77 samples were
analyzed and ranked. The median methylation level of the
CpG sites in CpG islands was determined, and samples
with methylation levels >0.35 were defined as high meth-
ylation samples, whereas those with methylation levels <0.35
were considered low methylation samples. Methylation levels
in the high and low methylation groups were compared
using independent samples t-test; P<0.05 was considered
to indicate a statistically significant difference. High and
low methylation levels indicated patients with high and low
MGMT promoter methylation; these patients have differ-
ences in prognosis (16). To identify the feature genes that
could differentiate high and low methylation samples, the
expression levels of each gene (i) in high (H) and low (L)
methylation samples were calculated to obtain the difference
index (F;) using R software (https:/www.r-project.org/). The
formula used was as follows:

F; = (Mean;y — Mean;,)/(SD;y + SD;,)

To identify the optimal gene combination that could
distinguish between high and low methylation samples, the
permTS function in the R package perm (https://cran.r-project.
org/web/packages/perm/) (17) was used to calculate the
significant P-value of each gene in the two groups of samples.
The step size for setting the threshold k for F, was 0.01. The
gene combination with IF;| > k and P<0.01 was selected, and
its corresponding expression profile was obtained. Afterwards,
the following classifier models were used for performing
sample classification:

b; = (Mean;y; + Mean;;)/2

Vi = Fi(e; — by)

N N
Ps;= Y Vi/ ) U

909

B, refers to the mean value between high and low
methylation samples; e, represents the expression level of
gene i; Vi is the product of Fi and the difference between e;and
B;; N indicates the number of genes under the present threshold;
PS; represents the classification score of sample j. Finally,
the samples were divided into two groups according to their
positive or negative scores. samples with positive scores were
divided into a new high methylation group, whereas samples
with negative scores were divided into a new low methylation
group. Meanwhile, the consistency ratio of the new groups and
the previous groups (high and low methylation groups) was
calculated. The gene combination that corresponded to the
highest consistency ratio was selected as the feature gene set.

Expression characteristic analysis and differential expression
analysis of the feature genes. To determine the stability of the
feature gene set for classifying samples, five-fold cross valida-
tion (18) was performed 10 times. Under each cross validation,
the consistency ratio of the new high and low methylation
groups, and the previous high and low methylation groups was
calculated. Based on the expression levels of the feature genes
in each sample, unsupervised hierarchical clustering was
performedtoobservetheexpressioncharacteristics of the feature
genes using heatmap function (https:/stat.ethz.ch/R-manual/
R-devel/library/stats/html/heatmap.html) in R package. In
addition, the prognostic differences of the samples in different
clusters were analyzed using the R package Kaplan Meier (19).
Furthermore, Wilcoxon rank sum test (20) was performed in
R software to observe the differential expression of the feature
genes in high and low methylation samples.

Multivariate survival analysis. Multivariate survival analysis
was performed for the feature genes to examine the effects of
the feature genes on prognosis. Using the R package surviv-
alROC (https://cran.r-project.org/web/packages/survivalroc/
index.html) (21), a receiver operating characteristic (ROC)
curve was generated.

Validation of the feature genes using independent datasets.
To confirm that the feature genes were repeatable, the
validation datasets GSE7696 (22) (platform: Affymetrix
Human Genome U133 Plus 2.0 Array; comprised 84 samples,
including 78 glioma samples with clinical follow-up data) and
GSE42669 (23) (platform: Affymetrix Human Gene 1.0 ST
Array; comprised 58 samples, including 55 glioma samples
with clinical follow-up data) were downloaded from the Gene
Expression Omnibus (https://www.ncbi.nlm.nih.gov/geo/)
database. Using the R package survival (http://cran.r-project.
org/package=survival) (24), analysis of the two datasets was
conducted with Cox regression analysis.

Results

Identification of feature genes between high and low
methylation samples. The methylation levels of CpG islands
in the promoter region of MGMT were markedly varied in the
different samples, and the 77 samples were ranked according
to methylation levels (Fig. 1A). Subsequently, the samples were
divided into high and low methylation groups using 0.35 as the
cut-off point for methylation levels. The results demonstrated
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Figure 1. Classification and differential analysis of the 77 samples. (A) High

Survival time (days)

and low methylation groups were divided according to the methylation levels of

CpG islands in the promoter region of MGMT (red line indicates the cut-off point of methylation levels, 0.35); (B) Methylation differences of the high and low
methylation groups. (C) Prognostic differences of high and low methylation groups. MGMT, O6-methylguanine-DNA methyltransferase; TCGA, The Cancer

Genome Atlas.

that the two groups of samples had significant MGMT meth-
ylation differences (P<0.0001; Fig. 1B). Meanwhile, univariate
survival analysis revealed that the low methylation group had
a significantly poorer prognosis (P=0.0362; Fig. 1C).

There were 24,991 genes expressed in the 77 samples. A
total of 19,659 genes were expressed in >50% of samples and
were selected for the following analysis. Briefly, the difference
index and P-value of the permutation test were calculated for
each gene. The fold change between high and low methyla-
tion groups and P-value for MGMT were 1.23 and 9.26x10"!,
respectively. Combined with different classifier models, sample
classification was performed using gene combinations with
different cut-off values. Subsequently, the consistency ratios
of the new groups (divided according to the positive and nega-
tive PS; classification scores) and the previous groups (divided
according to high and low methylation) were calculated. The
results revealed that the consistency ratios under different
cut-off values were different. In particular, the consistency
ratios were higher when the cut-off values were 0.55, 0.56 and
0.57 (Fig. 2A).

Furthermore, five-fold cross validation was performed
10 times to detect the consistency ratios under the three
cut-off values. The results indicated that the consistency ratios
under the cut-off values of 0.55 (Fig. 2B), 0.56 (Fig. 2C) and
0.57 (Fig. 2D) were high and were all >0.83.

Expression characteristic analysis and differential expression
analysis of the feature genes. Based on the three cut-off
values, three feature gene sets were selected. Subsequently,
unsupervised hierarchical clustering analysis was performed
for the feature gene sets, which corresponded to the cut-off
values of 0.55 (Fig. 3A), 0.56 (Fig. 3B) and 0.57 (Fig. 3C). As
shown in Fig. 3A, 11 genes corresponding to cut-off values of
0.55 had high distinction degrees for the high and low meth-
ylation groups. Meanwhile, there were 10 genes corresponding
to cut-off values of 0.56 (Fig. 3B), which were able to clearly
distinguish between the high and low methylation groups.
However, the six genes corresponding to cut-off values of
0.57 (Fig. 3C) could not efficiently differentiate between the
two groups.

According to the clustering results, the samples were divided
into two clusters: High methylation and low methylation.
Survival analysis for the clustering results revealed that only
the 10 genes corresponding to cut-off values of 0.56 exhibited
significant correlation with prognosis (Fig. 4B, P=0.0074).
Therefore, the 10 genes were selected as feature genes [Rho
GTPase-activating protein 21 (ARHGAP21), CECR2, histone
acetyl-lysine reader (CECR?2), endosulfine a (ENSA), G patch
domain-containing 8 (GPATCHS), KIAA1109, MGMT, protocad-
herin 3 13 (PCDHBI3),selenoprotein M (SELM) sperm-associated
antigen 9 (SPAGY9) and WD repeat domain 6 (WDR6)].
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Figure 2. (A) Consistency ratio of the new groups, and the previous high and low methylation groups. The results of five-fold cross validation under the cut-off
values (B) 0.55, (C) 0.56 and (D) 0.57.
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Subsequently, the differential expression of the 10 feature genesin  the 10 feature genes exhibited significant differential expression
high and low methylation samples was analyzed. As aresult,allof  between the high and low methylation samples (Fig. SA-J).
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Multivariate survival analysis. To examine the effects of the
10 feature genes on prognosis, a multivariate survival analysis
was conducted. Based on the feature genes, the samples were
classified into high and low risk groups. The area under the
ROC curve (AUC) was 0.769 (Fig. 5K) and the two risk groups
had a significant difference in survival probability (Fig. 5L;
P=0.0003), thus indicating that the 10 feature genes could
effectively perform classification and prognostic prediction for
the samples.

Validation of the feature genes using independent datasets. The
validation datasets GSE7696 and GSE42669 were downloaded

to confirm that the feature genes were repeatable. Combined
with the 10 feature genes, survival analysis was performed for
GSE7696. As shown in Fig. 6A, the 10 feature genes divided
the samples into three clusters (clusters 1, 2 and 3) (Fig. 6A).
Survival analysis for the three clusters suggested that prog-
nosis was significantly different between clusters 1 and 2
(P=0.0280; Fig. 6B). The AUC was 0.727 (Fig. 6C) and the two
risk groups had a significant difference (Fig. 6D; P<0.0001),
suggesting that the 10 feature genes had good classification and
prognostic effects for the samples. For the validation dataset
GSE42669, the AUC was 0.842 (Fig. 7A), and the high and low
risk groups had a significant difference (Fig. 7B; P=0.0010).
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These findings indicated that the 10 feature genes were key
genes that may affect the prognosis of glioma.

Discussion

In the present study, 77 samples were divided into high and
low methylation groups. Subsequently, 11, 10 and six genes
were revealed to have high distinction degrees for the high
and low methylation groups. However, the results of a survival
analysis revealed that only the gene set containing 10 genes
had a significant result; therefore, the 10 genes were selected
as feature genes (including ARHGAP21, CECR2, PCDHBI3,
MGMT, SELM, SPAG9 and WDR6). Multivariate survival
analysis indicated that the 10 feature genes were effective in
performing sample classification and prognostic prediction.
Furthermore, the 10 feature genes were confirmed by the
validation datasets GSE7696 and GSE42669.

ARHGAP?2] is considered a potential tumor suppressor gene
that may act in mediating the migration of various glial tumor
types (25). Chromatin remodeling complexes are important for
development, and the transcription factor CECR?2 is associated
with neurulation and is a composition of the chromatin remod-
eling complex CECR2-containing remodeling factor (26).
Protocadherins (PCDHs) belong to the cadherin superfamily,
and are transmembrane proteins that affect brain development
and are associated with some neuronal diseases (27). PCDH
dysregulation has been detected in numerous malignant
tumors, and their downregulation or absence is correlated
with tumor progression (28,29). These results suggested that
ARHGAP2I1, CECR2 and PCDHBI3 may be implicated in the
development and progression of glioma.

Glioma stem-like cells (GSCs) are associated with the
recurrence and chemoresistance of glioma, and MGMT
overexpression can promote the resistance of GSCs to
temozolomide (30,31). Selenoproteins (SELs) are highly
expressed in astrocytes prior to brain injury, and their impaired
biosynthesis can lead to neurological dysfunction (32). SELs
can resist oxidative stress through neutralizing reactive
oxygen species (ROS), and some SELs are highly expressed
in the brain and are necessary for brain development (33).
As a selenium-rich plasma protein, selenoprotein P serves
an antioxidative role in selenium-deficient astrocytes (34,35).
The role of SELM in the pathogenesis of glioma has not been
reported; however, the Sec-to-Cys mutant SELM is capable of
binding transition metal ions and modulating Zn**-mediated
AP aggregation, ROS production and neurotoxicity (36).
Therefore, MGMT and SELM may serve roles in the
pathogenesis of glioma.

SPAGY is overexpressed in astrocytomas and can act as a
critical oncoprotein by mediating cell proliferation and inva-
sion (37). SPAGY contributes to the invasion of astrocytoma
cells through improving the expression of podocalyxin-like
via a c-Jun N-terminal kinase-dependent mechanism (38,39).
WDRI overexpression is an independent predictor of unfavor-
able prognosis for the patients with primary glioblastoma,
indicating that WDRI is a promising prognostic marker
and a candidate therapeutic target for the disease (40).
WDR6 is implicated in the cell growth inhibitory pathway
of threonine kinase 11 via regulation of p27 (Kipl) (41).
These findings indicated that SPAG9 and WDR6 may be
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associated with the prognosis of patients with glioma. In the
present study, the expression levels of SPAG9 and WDR6
were reduced in the low methylation group, thus indicating
that the mechanism regulating the expression of these genes
is not limited to MGMT promoter methylation; therefore, the
complexity of these gene regulatory mechanisms should be
considered.

At present, the role of epigenetic mechanisms in
carcinogenesis is well documented; CpG island hypomethyl-
ation promotes the transcriptional activation of oncogenes and
induces chromosomal instability, whereas hypermethylation
silences tumor suppressor genes (42,43). Etcheverry et al (44)
used array technology for quantitative expression and meth-
ylation profiling in a well-characterized cohort of patients
with glioblastoma. This previous study identified frequent
tumor-specific methylation alterations in glioblastoma, some
of which directly affected gene expression. In the present
study, the 10 feature genes were selected based on MGMT
promoter methylation, thus suggesting that associations may
exist between MGMT promoter methylation and these genes;
however, to the best of our knowledge, there is currently no
report regarding these relationships. Given the role of DNA
methylation in gene expression, it was hypothesized that
MGMT promoter methylation may influence the survival of
patients with glioma by regulating the expression levels of
these genes; however, this requires further investigation.

There are numerous limitations to the present study. The
present results were acquired using bioinformatics analyses,
not experimental research. In addition, data heterogeneities
and platform differences among the datasets may affect the
accuracy of the results. In the future, comprehensive experi-
ments should be designed and performed to validate these
findings.

In conclusion, 10 feature genes (ARHGAP21, CECR2,
ENSA, GPATCHS, KIAA1109, MGMT, PCDHBI3, SELM,
SPAGY and WDR6) that corresponded to a cut-off value of
0.56 were selected as the optimal gene combination in the
present study. The 10-gene combination may be mediated by
MGMT promoter methylation and could be associated with the
prognosis of patients with glioma.
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