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Background: Gliomas are primary aggressive brain tumors with poor prognoses. Oxidative stress plays a crucial role in the
tumorigenesis and drug resistance of gliomas. The aim of the present study was to use integrated bioinfor-
matics analyses to evaluate the prognostic value of oxidative stress-related genes (OSRGs) in glioma.

Material/Methods: Disease- and prognosis-associated OSRGs were identified using microarray and clinical data from the Chinese
Glioma Genome Atlas database. Functional enrichment, gene-gene interaction, protein-protein interaction, and
survival analyses were performed in screened OSRGs. The protein expression was validated by the Human
Protein Atlas database. A risk score model was constructed and verified through Cox regression, receiver oper-
ating characteristic curve, principal component, and stratified analyses. The Cancer Genome Atlas (TCGA) da-
tabase was used for external validation. A nomogram was constructed to facilitate the clinical application.

Results: Twenty-one disease-associated and 14 prognosis-associated OSRGs were identified. Enrichment analyses in-
dicated that these signature OSRGs were involved in tumorigenesis and drug resistance of glioma. The risk
score model demonstrated a significant difference in overall survival between the high- and low-risk groups.
The area under the curve and hazard ratio (1.296) revealed the independent prognostic value of the model.
The model exhibited good predictive efficacy in the TCGA cohort. A clinical nomogram was constructed to cal-
culate survival rates in glioma patients at 1, 3, and 5 years.

Conclusions: Our comprehensive study indicated that OSRGs were valuable for prognosis prediction in glioma, which pro-
vides a novel insight into the relationship between oxidative stress and glioma and a potential therapeutic
strategy for glioma patients.
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Background

Gliomas are one of the most common malignant primary brain
tumors in adults [1,2]. According to the 2016 World Health
Organization (WHO) Classification [3], they are classified into
4 grades (I, Il, 1, and 1V), based on histopathologic appearance
and specific molecular parameters including /DH mutation [4],
1p/19q codeletion [5], and MGMT promoter methylation [6].
Distinguishing different grades and types of gliomas has clin-
ical significance for identifying an effective treatment strate-
gy and assessing prognosis. Generally, patients with low-grade
gliomas (grades | and Il) have a relatively favorable progno-
sis after surgery. In contrast, in patients with grade IV tumors
(glioblastoma multiforme [GBM]), the prognosis remains very
poor even with comprehensive and aggressive therapy, and
the median overall survival (OS) is no more than 2 years [1].
Given the heterogeneous prognosis of this disease, accurate
diagnosis and classification are of the utmost importance for
optimizing therapy. Therefore, it is important to explore the
mechanisms of carcinogenesis and identify better prognostic
indicators for glioma patients.

Redox reactions are ubiquitous and fundamental biological pro-
cesses among cells. The generation of reactive oxygen species
(ROS) including superoxide anions, hydrogen peroxide (H,0,),
and hydroxyl radicals (¢OH) is an unavoidable consequence
of metabolism. ROS overproduction can cause DNA damage,
protein oxidation, and lipid peroxidation. To avoid these nega-
tive effects, glutathione (GSH), thioredoxin (TXN), and NADPH
play pivotal roles in countering oxidative stress [7]. Oxidative
stress, in which oxidative stress-related genes (OSRGs) par-
ticipate, is a state of redox disequilibrium and profoundly af-
fects various functions and processes, including cell prolifera-
tion, cell differentiation, angiogenesis, and metabolism [8-11].
It has been implicated in the pathophysiology of several dis-
orders, such as Alzheimer disease [12], diabetes mellitus [13],
and atherothrombosis [14]. Oxygen and ROS are the critical
components of oxidative stress.

The effects of ROS on gliomas are complex. On one hand, they
can alter and reconstruct the genetic material, resulting in tu-
morigenesis. Grades Il and Il glioma cells demonstrate mito-
chondrial DNA mutations with higher oxidative stress [15].
On the other hand, excessive ROS is cytotoxic. If glioma cells
cannot promptly eliminate excessive ROS, mitochondrial dis-
ruption and metabolic disturbance can occur, which induces
the death of the glioma cells [7,8,16]. Typically, the oxygen-in-
volved metabolism is vigorous in glioma and GBM to fuel the
increased energy expenditure in the generation, proliferation,
and differentiation of the cancer cells [17,18]. Oxidative stress
is also associated with drug resistance in glioma cells. IncRNA
H19 induced by oxidative stress confers temozolomide resis-
tance by activating NF-xB signaling [19].
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This suggests that the oxidative stress process and the level
of expression of OSRGs in glioma cells may influence the prog-
nosis and survival of glioma patients. Hence, identifying the
potential value of OSRGs may help predict clinical outcomes
and offer therapeutic strategies for glioma patients.

In the present study, we screened and focused on candidate
OSRGs. The Chinese Glioma Genome Atlas (CGGA) database
was used to explore the OSRGs relevant to clinical prognosis.
We then established a mathematical risk score model of the
expression level of these genes to predict prognoses in glio-
ma patients. The reliability of this model was verified through
external and internal validation. Further, a clinical nomogram
was constructed to facilitate clinical application. It is hoped
that our study can provide new insights into understanding
the complex biological actions of OSRGs in glioma cells and
lead to novel strategies for the treatment of glioma.

Material and Methods

Retrieval of Oxidative Stress-Related Genes

OSRGs were searched from the Gene Set Enrichment Analysis
(GSEA) database (https://www.gsea-msigdb.org/gsea/msig-
db/genesets.jsp). Then, “oxidative_stress” was designated as
a keyword and 29 gene sets were found. The “GO_RESPONSE_
TO_OXIDATIVE_STRESS” gene set (systematic name: M16361)
was chosen to ensure gene data integrity. It consisted of 453
OSRGs of the crucial biological processes that contribute to
modification of the activity or state of a cell or organism due
to oxidative stress, including cell movement, secretion, enzyme
production, and gene expression.

Acquisition and Processing of Gene Expression Profiles and
Clinical Data

Gene expression profiles for and corresponding clinical in-
formation from glioma patients were downloaded from the
CGGA database. The patients were treated at Beijing Tiantan
Hospital, Sanbo Hospital in Beijing, Tianjin Medical University
General Hospital, The First Affiliated Hospital of Nanjing Medical
University, Harbin Medical University, and China Medical
University. All patients for whom information existed in the
CGGA database were diagnosed with gliomas and their data
were reviewed by independent neuropathologists, based on
the 2016 World Health Organization classification. Written
informed consent was obtained from all patients. The mRNA
microarray data from 1018 glioma samples (693 in batch 1
and 325 in batch 2) and 20 normal samples were collected
and preprocessed using the “sva” and “limma” R packages
to eliminate the batch effect [20,21]. The clinical information
consisted of survival data (survival status and OS) and other
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clinicopathological parameters, such as sex; age; grade; his-
tology; primary, recurrent, or secondary (PRS) tumor type, ra-
diotherapy status, chemotherapy status (temozolomide-treat-
ed or -untreated), and /DH mutation, 1p19q codeletion, and
MGMT promoter methylation statuses.

Identification and Enrichment Analysis of Disease-
Associated OSRGs

The Wilcox signed-rank test was performed to identify OSRGs
that were expressed differently in glioma and normal sam-
ples. A criterion was set for screening with a false discovery
rate (FDR) <0.05 and an |log, FC| >1 via the “limma” R pack-
age [22]. The screened genes were designated as disease-as-
sociated OSRGs. The expression levels were illustrated with
the “pheatmap” and “ggplot” R packages.

To detect the potential biological and molecular function attrib-
uted to these OSRGs, Gene Ontology and Kyoto Encyclopedia
of Genes and Genomes (KEGG) analyses were performed using
“clusterProfiler” R packages [23]. An adjusted P<0.05 was set
as the threshold of significance and the enrichment analysis re-
sults were presented using “ggplot2” and “GOplot” R packages.

Identification of Prognosis-Associated OSRGs

The survival data and mRNA expression profiles of glioma sam-
ples were then combined into a matrix. Univariate and multi-
variate Cox regression analyses were used to screen differen-
tially expressed OSRGs. The cut-off value was P<0.05. These
genes were designated as the prognosis-associated OSRGs.

Exploration of the Relationship of Prognosis-Associated
OSRGs

Pearson’s correlation test was used to investigate the inter-
action associations of prognosis-associated OSRGs. Gene in-
teraction network analyses, including genetic interactions,
co-expression, physical interactions, co-localization, and
shared protein domains, were performed using GeneMANIA
(https://www.genemania.org) [24]. A protein-protein interaction
(PPI) network was created using STRING (https://string-db.org/)
and Cytoscape software [25,26].

Immunohistochemical Analysis of Prognosis-Associated
OSRGs

The Human Protein Atlas (HPA) (https://www.proteinatlas.org/,
Version 20.1), an open-access protein expression database
containing human transcriptomic and proteomic data, was
used to analyze the level of protein expression in OSRGs [27].
Immunohistochemical data were obtained from glioma and glial
cells in normal brain tissue to analyze the expression of OSRGs [28].

DATABASE ANALYSIS

Risk Score Model Construction and Survival Analysis

The risk score model was generated as the sum () of the co-
efficient value (C;) multiplied by the expression value (£;) of
each selected prognosis-associated OSRG.

Risk Score=XCixE; (1)

Based on the median risk score, glioma patients were clas-
sified into high- and low-risk groups. To determine the reli-
ability of the model, patients were also divided into multiple
subgroups according to various clinicopathological parame-
ters, including grade. IDH mutation, 1p19q codeletion, MGMT
promoter methylation, chemotherapy, and radiotherapy sta-
tuses. Kaplan-Meier survival analyses were performed to es-
timate the OS differences using the “survival” and “survmin-
er” R packages.

Independent Prognostic Analysis of the Risk Score Model

To evaluate the independent prediction efficiency of the risk
score model, univariate and multivariate Cox regression anal-
yses were carried out and visualized using the “survival” R
package. A receiver operating characteristic (ROC) curve anal-
ysis was performed and an area under the curve (AUC) score
>0.75 represented good model prediction. A principal compo-
nent analysis (PCA) was conducted with the “limma” and “scat-
terplot3d” R packages to evaluate the discrimination ability
of the model. Stratification analysis was performed to eval-
uate the relationship between the risk score and other clini-
cal parameters.

External Validation with TCGA Cohort

To assess the external validity of the risk score model, gene ex-
pression profiles (FPKM-standardized RNA-seq data) and sur-
vival data (survival state and OS) of lower-grade glioma (LGG)
as well as GBM were obtained from TCGA GDC Data Portal
(https://portal.gdc.cancer.gov/). In total, 668 glioma patients
were enrolled for external validation and their risk scores were
calculated with the same formulas as previously described. A
Kaplan-Meier survival analysis was performed after the samples
were classified into 2 risk groups according to their risk scores.
Univariate and multivariate Cox regression and ROC analyses
were performed to further validate the risk score model in TCGA.

Gene set Enrichment Analysis

To develop a comprehensive understanding of the differ-
ence between high- and low-risk groups in the CGGA cohort,
GSEA was performed using GSEA software (Version 4.0.1,
http://www.broad.mit.edu/gsea/) [29]. Anominal P<0.05 and
FDR <0.25 were considered statistically significant.
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Nomogram Construction

To facilitate clinical use of results of the analysis, the risk score
was combined with other crucial clinical parameters to construct
a nomogram using the “rms” R package. The total points indi-
cated the 1-, 3-, and 5-year survival rates for glioma patients

Results

Identification and Functional Annotation of Disease-
Associated OSRGs

A total of 453 OSRGs were acquired from the “GO_RESPONSE_
TO_OXIDATIVE_STRESS” gene set. According to the data on
mRNA expression from 1018 glioma samples and 20 normal
samples downloaded from the CGGA database, 21 differen-
tially expressed, disease-associated OSRGs were obtained, in-
cluding 13 upregulated OSRGs (MYB, EZH2, SDC1, MELK, HP,
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STC2, DHRS2, TAT, COL1A1, PXDNL, MMP3, DPEP1, and GATA4)
and 8 downregulated OSRGs (MPO, MIR133A1, ARG1, PTGS2,
RBM11, IPCEF1, SGK2, and KCNC2) (Figure 1A, 1B).

GO and KEGG functional enrichment analyses were performed
with these disease-associated OSRGs. The GO enrichment anal-
ysis was divided into 3 sections. In biological processes (BP),
these OSRGs were mainly enriched in cellular response to oxi-
dative stress, chemical stress, ROS, toxic substance, hydrogen
peroxide, antibiotics, drugs, and vitamins. In cellular compo-
nents (CC), the OSRGs were primarily involved in the lumens
of the endocytic vesicle, vacuole, specific granule, endoplas-
mic reticulum, azurophil granule, secretory granule, cytoplas-
mic vesicle, and vesicle lumen. In molecular functions (MFs),
the OSRGs were mainly associated with antioxidant, peroxi-
dase, and oxidoreductase; acting on peroxide as an acceptor;
and binding of heme and tetrapyrrole (Figure 1C).
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Figure 1. Twenty-one disease-associated, oxidative stress-related genes (OSRGs) and functional enrichment analysis. (A) In a volcano
map, red indicates genes that are highly expressed, blue indicates genes with lower expression, and black indicates genes
for which there is no significant difference in expression. (B) Differences in gene expression in samples from glioma (red
bars) and normal tissue (blue bars). (C) The biological process (BP), cellular components (CC), and molecular functions (MFs)
of OSRGs in the Gene Ontology analysis. (D) The potential pathways of OSRGs in the Kyoto Encyclopedia of Genes and
Genomes analysis. (R Studio, Version 1.2.5042, RStudio, Inc.).
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Table 1. Identification of prognosis-associated OSRGs in glioma samples.

Univariate Cox regression

Hazard ratio P value

Multivariate Cox regression Coefficient

value

Hazard ratio P value

1.765611 0.000486

1.331385 0.09786 0.286219

TAT 0.516778

0.000167

0.56148 0.001091 -0.57718

Eighteen oxidative stress-related genes (OSRGs) were screened using univariate Cox regression analysis. Fourteen OSRGs were

screened using multivariate Cox regression analysis.

In KEGG enrichment analysis, the OSRGs were mainly enriched
in ECM-receptor interaction, the interleukin (IL)-17 signaling
pathway, microRNAs in cancer, amoebiasis, the tumor necro-
sis factor (TNF) signaling pathway, the PI3K-Akt signaling path-
ways, biosynthesis of ubiquinone and other terpenoid-qui-
nones, phenylalanine metabolism, arginine biosynthesis, and
transcriptional misregulation in cancer (Figure 1D).

These enrichment analyses revealed that the effect of OSRGs
on the tumorigenesis of glioma cells is complex.

Identification of Prognosis-Associated OSRGs

A differentially expressed, disease-associated gene might not
necessarily affect the clinical outcome of patients. To explore
the relationship between the expression of the differentially
expressed OSRGs and prognosis of glioma, 21 screened OSRGs
were further filtered. First, a univariate Cox regression analysis
was performed and 18 OSRGs were correlated with the progno-
sis of glioma patients (Table 1). After multivariate Cox regres-
sion analysis, 14 prognosis-associated OSRGs were identified,
including ARG1, COL1A1, DHRS2, DPEP1, EZH2, GATA4, IPCEF1,
KCNC2, MELK, MMP3, PTGS2, PXDNL, RBM11, and TAT (Table 1).

Investigation of Interactions Among Prognosis-Associated
OSRGs

The correlations of the 14 prognosis-associated OSRGs were
analyzed using Pearson’s correlation test (Figure 2A). The re-
sults showed that EZH2 was positively correlated with MELK
(0.84). KCNC2 was positively correlated with IPCEF1 (0.65).
RBM11 was positively correlated with /PCEF1 (0.61). The ab-
solute values of other correlation coefficients were <0.5, which
indicates that most of the prognosis-associated OSRGs were
not highly correlated with each other.

A gene interaction network of OSRGs then was constructed in
GeneMANIA and several types of network connections were
identified, including co-expression, physical interactions, and
shared protein domains (Figure 2B). The results demonstrat-
ed that the 14 OSRGs had complex and close interactions
with KIFBP, AR, LGALS8, ARG2, AGMAT, GATA5, DPEP3, GATAG,
DPEP2, LPO, EPX, MPO, PTGS1, CIT, LGALS7, KLC4, KLHL12,
AEBP2, KLC2, and ASPSCR1.

In addition, a protein-PPI network was performed with STRING
to explore the potential functional interaction among OSRGs
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Figure 2. The relationship of prognosis-associated oxidative stress-related genes. (A) Pearson’s correlation analysis. Red indicates
high correlation and blue indicates low correlation. (B) Gene interaction network. (C) Protein-protein interaction network.
(R Studio, Version 1.2.5042, RStudio, Inc.).
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Figure 3. Differential protein expression of oxidative stress-related genes in the Human Protein Atlas database. (A) ARG1 (CAB009434).
(B) DPEP1 (HPA012783). (C) GATA4(CAB013125). (D) MELK (HPA017214). Normal: glial cells in normal tissue.

(Figure 2C). They were clustered into 3 groups, based on
K-means method. AEBP2, EED, SUZ12, EZH2 MELK, TAT, and
DPEP1 were in cluster 1 (green). COL1IA1, COLIA2, MMP3,
PTGS2, and ARG1 were in cluster 2 (red). DHRS2, GATA4, NKX2-
5, KCNC2, PXDNL, IPCEF1, and RBM11 were in cluster 3 (blue).

Immunohistochemical Analysis of Prognosis-Associated
OSRGs

Next, we searched for each screened OSRGs in the HPA da-
tabase. As was expected, the immunohistochemical images
showed modifications in protein expression in glioma cells
(Figure 3 and Supplementary Figure 1). Results of immuno-
histochemical staining obtained with the HPA database were
basically consistent with the coefficient values in the risk score
model. A positive coefficient value meant high expression of
the corresponding protein in glioma that correlated with ma-
lignancy extent and poor prognosis, whereas a negative coef-
ficient value meant the opposite. High or moderate staining
was detected in EZH2, GTAT4, MELK, MMP3, and PTGS2. Low
staining was observed in ARG1, COL1A1, DPEP1, and KCNC2.
No staining was seen in DHRS2 or IPCEF1. In addition, the re-
sults also demonstrated that protein expression levels were in-
creased in ARG1, DPEP1, EZH2, GTAT4, MELK, and PTGS2 com-
pared with normal glial cells.

Risk Score Model Construction Based on Prognosis-
Associated OSRGs

A risk score model was constructed, based on the obtained
coefficient value and expression value of 14 prognosis-asso-
ciated OSRGs. The equation was as follows:

Risk score=(0.286xARG 1)+ (0.250xCOL1A1)+ (-0.376xDHRS2)+
(0.159xDPEP1)+(-0.385xEZH2)+(0.370xGATA4) +
(0.329xPCEF1)+(-0.274xKCNC2)+(1.087xMELK) +
(0.224xMMP3)+(-0.157xPTGS2)+(-0.170xPXDNL) +
(0.168xRBM11)+(-0.577xTAT) )

Each gene’s coefficient value is accurate to 3 decimal places.
The median risk score was 0.99. For clinical convenience, the
value is approximated as 1.

The glioma samples were divided into 2 groups according to
their risk scores. Kaplan-Meier analysis (Figure 4A) demonstrat-
ed that the OS of the high-risk group was significantly shorter
than for the low-risk group (P<0.001). The median OS of patients
was 1.13 years in the high-risk group and 9.04 years in the
low-risk group. The number of deaths progressively increased
as the risk score increased (Figure 4B). This indicated that the
risk score for OSRGs could accurately predict the survival of
glioma patients. Kaplan-Meier analyses were also performed

Indexed in:  [Current Contents/Clinical Medicine] [SCI Expanded] [ISI Alerting System]
[ISI Journals Master List] [Index Medicus/MEDLINE] [EMBASE/Excerpta Medica]
[Chemical Abstracts/CAS]

This work is licensed under Creative Common Attribution-
NonCommercial-NoDerivatives 4.0 International (CC BY-NC-ND 4.0)

€934161-8




LuD. et al:

Predictive role of oxidative stress genes in glioma DATA BAS E A N A LYS I S

© Med Sci Monit, 2021; 27: €934161

A
Risk == Highrisk == Lowrisk
1.00 1
0.75 4
=
E
2
£ 0504
£
H
a
0.25 4
p=0
0.00 -
o 1 2 3 4 5 6 71 8 9 W 1M 1 B W I
Time (years)
= Highrisk 485 268 133 81 51 38 21 19 10 5 5 2 0 0 0 0
& Lowrisk 485 430 385 326 284 234 19 147 103 70 54 36 14 3 0 0
0 1 2 3 4 5 6 7 8 9 10 n 12 3 14 15
Time (years)
B ] ;
8= ® Highrisk 3
® Lowrisk ! '
6 | o
g . !
= |
&
2+ |
L e e - - - e = -

Survival time (years)

T
00 1000
Patients (increasing risk score)

Type
w R

o Low
COL1AT
DHRS2
DPEP1
EZH2
GATA4
IPCEF1
KCNC2
MELK
MMP3
PTGS2
PXDNL
RBM11
TAT

Indexed in:  [Current Contents/Clinical Medicine] [SCI Expanded] [ISI Alerting System]
[ISI Journals Master List] [Index Medicus/MEDLINE] [EMBASE/Excerpta Medica]
[Chemical Abstracts/CAS]

This work is licensed under Creative Common Attribution- 934161-9
NonCommercial-NoDerivatives 4.0 International (CC BY-NC-ND 4.0) € I




LuD. et al:

DATA BAS E A N A LYS I S Predictive role of oxidative stress genes in glioma

© Med Sci Monit, 2021; 27: e934161

c Risk == Highrisk == Low risk
1.00 1
0.75 1
z
g
£ 050 4
0.25
-
0.00 4
o 1 2 3 4 5 6 7 & 9 10 1 1 1B W 15 16 17 18 19 2
Time (years)
= Highrisk 297 171 69 39 26 20 14 1 8 6 6 3 2 2 2 1 1 1 0 0 0
& Lowrisk 370 269 149 8 53 38 33 24 13 10 8 8 5 3 2 1 0 0 0 0 0
o 1 2 3 4 5 6 7 8 9 1 U 122 1B W 15 1% 17 1B 19 2
Time (years)
D -
5 ® Highrisk
4 ® Lowrisk
v 3
Z 24
o ______
7 I
-1 - r |
T T T T T T T
0 100 200 300 400 500 600
Patients (increasing risk score)
] )
15— ® Dead "
o *Alive I e
= |
:’;} 10— o
E b
2 54
0
Patients (increasing risk score)
Type 10 Typ':Vh
19
ARGT 8 Low
LA
DHRS2 6
DPEP1 4
EZH2
GATA4 2
IPCEF1 0
KCNC2
MELK
MMP3
PTGS2
PXDNL
RBM11
TAT

Figure 4. Risk score model construction and external validation. (A) Kaplan-Meier survival curves for overall survival (OS) in the
Chinese Glioma Genome Atlas (CGGA) cohort. (B) Risk score, survival status of patients, and heat map of the expression
profile for the oxidative stress-related genes (OSRGs) in the CGGA cohort. (C) Kaplan-Meier survival curves for OS in The
Cancer Genome Atlas (TCGA) cohort. (D) Risk score, survival status of patients and heat map of the expression profile for the
OSRGs in TCGA cohort. (R Studio, Version 1.2.5042, RStudio, Inc.).
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Figure 5. Survival analysis of the Chinese Glioma Genome Atlas in different subgroups (H — high risk; L — low risk) (A) Grade
(G — grade). (B) IDH mutation status (Mu — /IDH mutation; W — wild-type). (C) 1p19q codeletion status (Co — 1p19q codeletion;
N — no codeletion). (D) MGMTp methylation status (Me — MGMTp methylation; U — un-methylation). (R Studio, Version
1.2.5042, RStudio, Inc.).
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Table 2. Clinicopathological parameters of 686 glioma patients in the CGGA database.

Parameters Cases Pro?;r)tion
Age (y)

0-20 21 3.06
"""" 240 26 378
Cae0 41 4971
"""" o180  s8  gas
ke
”””” Male 399 5816
"""" Female 287 418
Grae
"""" wion 17 2580
"""" whom 226 3294
"""" whowv 283 4125
Cwistology
A 08 1574
m 160 2332
a0 e 88
"""" o 7 1079
"""" M 288 4125

Parameters Cases Pro?;r)tion
PRS type
"""" Pimary 442 443
”””” Recurent 218 3178
”””” Secondary 26 379
Chemotherapy status
. TMZtreated so1 7303
"""" Untreated 185 2697
Radiotherapy status
 Treated saa 7930
”””” Untreated 142 2070
| IDH mutation states
”””” Mutant 371 sa08
"""" widtype 315 4592
| 1p19q codeletion status
"""" Codeleon 141 2055
"""" Non-codeleton 545 7945
| MGMTp methylation status
”””” Methylated 38 5627
”””” Unmethylated 300 4373

GBM - glioblastoma multiforme; TMZ — temozolomide; WHO — World Health Organization.

in different subtypes, including for grade and /DH mutation,
1p19q codeletion, MGMT promoter methylation, chemother-
apy, and radiotherapy statuses (Figure 5 and Supplementary
Figure 2). The results showed that high-risk patients in all sub-
groups had worse OS. High-risk patients with glioblastoma,
IDH wild-type, without 1p19q codeletion or MGMT promoter
methylation had the worst outcomes.

Independent Prognostic Value of the Risk Score Model

Excluding the samples with incomplete clinicopathological data,
we performed further analyses on samples from 686 glioma
patients (Table 2). The independent prognostic value of the
risk score model was assessed with other clinicopathological
parameters. Univariate (Figure 6A) and multivariate Cox re-
gression analyses (Figure 6B) demonstrated that the risk score
was correlated with the clinical prognosis of glioma patients
(hazard ratio=1.296 in multivariate Cox regression, P<0.001).
In the ROC analysis, the results revealed that the model had
AUCs of 0.751 for 1-year survival, 0.850 for 3-year survival,

and 0.864 for 5-year survival. All of the AUCs were >0.75 and
had good predictive value. (Figure 6C).

In PCA analysis, all glioma samples were plotted onto a spa-
tial coordinate system (PC1, PC2, PC3). Each dot represents
a patient (Figure 6D). High-risk patients are represented by
red dots and low-risk patients are represented by green dots.
Relatively clear demarcations can be seen between the 2
groups of patients.

Relationship Between Risk Score and Clinic-Pathological
Characteristics

To evaluate the relationship between risk score and other
clinical characteristics, stratified analyses were performed.
Significant differences in the risk score were observed based
on stratification by age, grade, PRS type, histology type, and
chemotherapy, 1p19q codeletion, IDH mutation, and MGMT
promoter methylation statuses (Figure 7 and Supplementary
Figure 1). When stratified by median age (43 years), the risk
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Figure 6. Independent prognostic analysis in the Chinese Glioma Genome Atlas. (A) Univariate Cox regression analysis. (B) Multivariate
Cox regression analysis. (C) Receiver operating characteristic curves for predicting 1-, 3-, and 5-year overall survival.
(D) Principal component analysis. (R Studio, Version 1.2.5042, RStudio, Inc.).

score was higher in older patients. When stratified by grade
(Figure 7A), the risk score increased with the severity of the
WHO classification. When stratified by PRS type, patients with
recurrent glioma had higher risk scores. When stratified by his-
tology (Figure 7B), GBM had significantly higher risk scores
than LGG. When stratified by chemotherapy status, patients
who received chemotherapy had higher risk scores, possibly
because administration of chemotherapy was more frequent in
high-risk glioma patients. Correspondingly, the risk score was
higher in patients with no co-deficiency in 1p19q (Figure 7C),

wild-type without /DH mutation status (Figure 7D), and meth-
ylation-free with MGMT promoter. No significant differences
were detected in radiotherapy status. Similar results were also
reported by Chen et al [30].

External Validation with TCGA Dataset
A total of 509 LGG patients and 159 GBM patients from the

TCGA dataset were included in the present study. Based on
the above risk score model, the risk score for each patient was
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Figure 7. Stratified analysis of risk scores based on different clinicopathological parameters. (A) Grade. (B) Histology. (C) 1p19q
codeletion status. (D) /DH mutation status. (R Studio, Version 1.2.5042, RStudio, Inc.).

calculated and the patients were divided into high- and low-risk
groups based on the median (0.99) in the CGGA. Kaplan-Meier
survival analysis showed a significant difference (P<0.001) be-
tween the groups (Figure 4C). The results showed that the num-
ber of deaths gradually increased as the risk score increased
(Figure 4D). Univariate and multivariate Cox regression analy-
ses (Figure 8A, 8B) demonstrated that the risk score was cor-
related with the clinical prognosis of glioma patients (hazard
ratio=1.288 in multivariate Cox regression, P<0.001). ROC anal-
yses revealed that the model had an AUC of 0.799 for 1-year
survival, 0.839 for 3-year survival, and 0.802 for 5-year surviv-
al (Figure 8C). The results indicated that the risk score model
could be generalized to other datasets.

Gene Set Enrichment Analysis
To analyze which pathways genes are mainly enriched in high-

and low-risk groups in the CGGA cohort, GSEA was conduct-
ed to obtain cellular, metabolic, and functional annotation.

We found that 137 of 170 gene sets were upregulated and 20
gene sets were significantly enriched in the high-risk group,
at a nominal P<0.05. Thirty-three of 170 gene sets were up-
regulated in the low-risk group but none of them were signif-
icantly enriched (P>0.05).

In the high-risk group, the pathways of the top 20 gene sets
were focal adhesion, p53 signaling, bladder cancer, cell cycle,
small cell lung cancer, prostate cancer, ECM-receptor interac-
tions, leukocyte trans-endothelial migration, natural killer cell-
mediated cytotoxicity, complementary pathways, coagulation
cascades, JAK-STAT signaling, cytokine-cytokine receptor inter-
action, pathways in cancer, DNA replication, mismatch repair,
toll-like receptor signaling, pancreatic cancer, antigen process-
ing and presentation, intestinal immune network for immuno-
globulin A production, and homologous recombination.

In the low-risk group, the pathways for the top 20 gene sets
were neuroactive ligand-receptor interaction, proximal tubule
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Figure 8. Independent prognostic analysis in The Cancer Genome Atlas: (A) Univariate Cox regression analysis. (B) Multivariate Cox
regression analysis. (C) Receiver operating characteristic curves for predicting 1-, 3-, and 5-year overall survival. (R Studio,

Version 1.2.5042, RStudio, Inc.).

bicarbonate reclamation, taste transduction, long-term poten-
tiation, cardiac muscle contraction, calcium signaling, alanine
aspartate, glutamate metabolism, long-term depression, ste-
roid hormone biosynthesis, amyotrophic lateral sclerosis, bu-
tanoate metabolism, biosynthesis of unsaturated fatty acids,
olfactory transduction, phosphatidylinositol signaling system,
type 2 diabetes mellitus, metabolism of xenobiotics by cyto-
chrome p450, propanoate metabolism, gap junction, aldoste-
rone-regulated sodium reabsorption, and pyruvate metabolism.

Through enrichment analysis, we found that the pathways en-
riched in the high-risk group are more related to multiple carcino-
mas and cancer-related pathways (Figure 9A, 9B). This obliquely
points to the fact that glioma had a higher level of malignancy in
the high-risk group. This further explains why OSRG expression
level can be an effective prognostic predictor for glioma patients.

Building Clinical Scoring Criteria with Nomogram

The nomogram scoring system was constructed using the risk
score and other clinical parameters recorded in the CGGA clin-
ical dataset (Figure 9C). With this scoring system, clinicians
were able to calculate the survival rate at 1, 3, and 5 years
for each patient and predict their prognosis effortlessly [31].

Notably, the length of each line in the nomogram scoring sys-
tem represents the effects of different clinical parameters and
their significance on the survival rate and prognosis. We ob-
served that the risk score, histology classification, PRS type,
and grade had a substantial impact on the survival rate. In
comparison, sex and MGMT promoter methylation status had
little impact on the prediction of prognosis. These results are
consistent with a previous report [32].

Discussion

Glioma is a malignant brain tumor that arises within the brain
parenchyma. Various molecular mechanisms of progression
of these tumors and therapeutic strategies for them are be-
ing intensively studied. As early as 1997, the role of oxidative
stress in glioma cells was reported in the literature [33]. The
conclusion of that study was that H,0, induces a marked in-
tracellular acidosis that may influence the ability of glial cells.
Undoubtedly, it began to unravel the mystery of oxidative
stress in glioma. Numerous subsequent studies have shown
that the role of oxidative stress in glioma is quite intricate.
Glioma cell death, tumorigenesis [34], and drug resistance [35]
are thought to be associated with oxidative stress.

Indexed in:  [Current Contents/Clinical Medicine] [SCI Expanded] [ISI Alerting System]
[ISI Journals Master List] [Index Medicus/MEDLINE] [EMBASE/Excerpta Medica]
[Chemical Abstracts/CAS]

This work is licensed under Creative Common Attribution-
NonCommercial-NoDerivatives 4.0 International (CC BY-NC-ND 4.0)

€934161-16




LuD. et al:
Predictive role of oxidative stress genes in glioma
© Med Sci Monit, 2021; 27: €934161

DATABASE ANALYSIS

A 0.6
0.6
(<2 L
g 04 g
£ £ 04
£ £
< <
2 0 =
i OMOII)GOUS RECOMBINATION
= KEGG JAK STAT SIGNALING_PATHWAY
/ ECANCER KEGG_MISMATCHREPAIR
0.0 m KEGG_SMALL_CECT_LUNG_CANCER 0.0 m KEGG_P53_SIGNALING_PATHWAY
HI ‘ ‘ ‘ | ' IIHI [RIT I  Ria \H [ | (Rl I |
[ L | | 11N}
I\M||\"H\”\Hl "“\Il "[’\‘H\ Il I‘ oy ‘;I‘ ! \“ 1‘\“ |‘H\ ‘ HI H\WHIH \”
0 ||JJ||IH|IIIIII \hIIIII\IHI LMY R 1L Iﬁ LR LKV R D AT T MR R NI I
High expression <====————= >Low expression High expression <=========>Low expression
C
. 0 10 20 30 40 50 60 70 80 90 100
Points
PRS ¢ Recurrent
ype SecondarX Primary
Histol rA AO rGBM r0-sGBM 0
istology i 0 Y [N
Grad WHO IV
rade ;
W'&\-I()lll WHO Il
Gender e
Female
Age r — - ,
9 80 7? 6(()1 50 40 30 20 10 0
Radio status regte
Un-treated
Chemo status TVZ trgated
Un-treated
IDH mutation status Mutant
Wildtype
MGMTp methylation status Methylated
Un-methylated Codel
Codeletion status 9%
Non-codel
Risk score : , . - x . . - ,
9 8 7 6 5 4 3 2 1 0
Total points
0 50 100 150 200 250 300 350
Linear predictor
2 -15 -1 -05 0 05 1 1.5 225 3 35 4
1-year survival probability : . . . — .
0.1 03 05 07 0.9 0.95 0.9
3-year survival probability
0.01 0.1 03 05 07 0.9 0.95 0.9
5-year survival probability " v . v v —
0.01 0.1 03 05 07 0.9 0.95 0.99

Figure 9. Gene set enrichment analysis (GSEA) results in high-risk groups and a nomogram. (A) GSEA in multiple carcinomas
(B) GSEA in multiple cancer-related pathways. (C) Nomogram for predicting 1-, 3- and 5-year survival rates in glioma

patients. (R Studio, Version 1.2.5042, RStudio, Inc.).

Oxidative stress has been implicated in both cell survival and
cell death. A transient increase in H,0, promotes cell prolifer-
ation by reversibly inactivating several protein tyrosine phos-
phatases and the lipid phosphatase PTEN, which upregulate
insulin/growth factor signaling and activity in mitogen-acti-
vated protein kinase (MAPK) [7]. Excess ROS induces apopto-
sis through loss of inner membrane permeability, disrupting
membrane potential and resulting in the release of cytochrome
C in mitochondria [36].

Intracellular ROS production is increased in glioma cells with a
vigorous metabolic rate. To cope with this condition, multiple
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genes are involved in regulation of oxidative stress. For instance,
PTPN2 was overexpressed in gliomas but can be strongly ox-
idated and inactivated by ROS (H,0,). PTPN2 deficiency pro-
moted apoptosis of glioma cells in vitro [34]. GBM stores ex-
cess fatty acids with diacylglycerol-acyltransferase 1 (DGAT1).
Dysfunction in DGAT1 resulted in excessive fatty acids mov-
ing into mitochondria for oxidation, which triggers accumula-
tion of high levels of ROS, mitochondrial damage, and apopto-
sis [37]. NQO1 upregulation when PTEN was higher protected
GBM from oxidative damage. Whereas overexpression of PINK1
repressed ROS by stabilizing antioxidative enzymes (NQO1,
catalase, and SOD) and inhibited GBM cell proliferation [38].
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Downregulating p53 by suppressing NF-xB signaling signifi-
cantly reduced H,0,-induced glioma death [39]. Bcl-2 regu-
lates H,0,-induces autophagy in glioma through Beclin 1 and
Akt/mTOR signaling [16].

Oxidative stress is also closely related to the therapeutic strat-
egy for glioma. Cadmium contributes to DNA fragmentation in
glioma cells, which can be prevented with a cellular antioxidant,
glutathione [40]. Increased activity of Apel/Ref-1 results in drug
resistance to alkylating agents in glioma [35]. Camptothecin
induces GBM apoptosis by synergizing with Fas activation via
oxidative stress pathways [41]. Cannabidiol can contribute to
glioma apoptosis through an oxidative stress mechanism by
activating caspase-3 [42].

Because of the heterogeneity of glioma, there is a dire need
for a method that can predict prognosis. To fully understand
the role and importance of oxidative stress in glioma, we an-
alyzed more than 400 OSRGs in the present study. We found
21 differentially expressed, disease-associated OSRGs from the
CGGA database using the Wilcox signed-rank test. GO enrich-
ment analysis revealed that they were mainly enriched in ox-
idative stress, redox reaction, as well as various lumens of the
cell. KEGG enrichment analysis showed that they were main-
ly enriched in pathways associated with cancer, such as ECM-
receptor interaction, IL-17 signaling, microRNAs in cancer, TNF
signaling, PI3K-Akt signaling, biosynthesis of ubiquinone and
other terpenoid-quinones, as well as the transcriptional mis-
regulation in cancer. These results also underscore the com-
plex role of OSRG genes in tumorigenesis and development.

Next, we assessed disease-associated genes into the context
of glioma patients. Using univariate and multivariate Cox re-
gression analyses, 14 prognosis-associated OSRGs were iden-
tified. To further explore the interrelationship of prognosis-as-
sociated genes, Pearson’s correlation test was performed. Most
of the absolute values of the correlation coefficient were <0.8.
With the help of GeneMANIA, we found that prognosis-asso-
ciated OSRGs had complex and close interactions with KIFBP,
AR, LGALS8, ARG2, AGMAT, GATAS, DPEP3, GATA6, DPEP2, LPO,
EPX, MPO, PTGS1, CIT, LGALS7, KLC4, KLHL12, AEBP2, KLC2,
and ASPSCR1. The PPI network analysis with STRING classified
these genes into 3 distinct clusters. Immunohistochemical im-
ages from the HPA database showed that protein expression
levels were increased in ARG 1, DPEP1, EZH2, GTAT4, MELK, and
PTGS2 compared with normal glial cells.

By reviewing the literature, we found that these prognosis-
associated genes also play an important role in the develop-
ment of a variety of carcinomas. A previous study demonstrat-
ed that overexpression of ARGI enhances arginase activity,
cell viability, migration, and invasion of Huh7 cells in vitro. It
also can lead to the progression of hepatocellular carcinoma
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by upregulating the epithelial-mesenchymal transition pro-
cess [43]. COLIAI can bring about dermatofibrosarcoma pro-
tuberans and giant-cell fibroblastoma through fusion with the
PDGFB gene [44]. DHRS2 is downregulated by HOXA13 and
can contribute to gastric carcinogenesis via a p53-dependent
pathway [45]. Dehydropeptidase-1 (DPEPI) promotes prolifer-
ation and survival of leukemia cells through activation of the
pCREB pathway [46].

Ectopic expression of EZH2 in prostate cells can induce the
transcriptional repression of a specific cohort of genes involved
in prostate cancer [47]. GATA4 overexpression was shown to
enhance the protective effect of cCFU-F-derived exosomes on
myocardial ischemic injuries [48]. KCNC2 with tumor-specific
alternative splicing is associated with the development of gli-
oma [49]. The MELK pathway was shown to reduce drug resis-
tance of maslinic acid in triple-negative breast carcinoma [50].
The stromal proteinase MMP3 is involved in mammary carci-
nogenesis with Str1 [51]. Stromal cells can express PTGS2 to
maintain epithelial cell proliferation during colon injury [52].
PXDNL is also known as PMR1. Cells without a functional PMR1
gene accumulate intracellular manganese and are extremely
sensitive to manganese ion toxicity [53]. The protein RBM11
is a tissue-specific splicing factor and has potential implica-
tions during neuron and germ cell differentiation [54]. The TAT
protein of the HIV-1 virus can enter cells efficiently when add-
ed exogenously to tissue cultures and it can carry other mol-
ecules into cells [55].

We then constructed a risk score model with these OSRGs. We
performed a Kaplan-Meier analysis and observed a significant
difference in OS between the high- and low-risk groups. The
patients in the high-risk group had a relatively shorter OS and
half of them died within 1.13 years. Kaplan-Meier analyses also
showed that high-risk patients in all subgroups had worse OS.
ROC analyses also demonstrated that the risk score had inde-
pendent predictive value in terms of 1-, 3-, and 5-year prog-
noses. External validation with a large sample of patients in
TCGA cohort also confirmed the reliability of our model. Similar
results were obtained through Kaplan-Meier survival, Cox re-
gression, and ROC analyses.

After that, we performed a stratified analysis to assess the cor-
relation between the risk score and other clinicopathological
characteristics. The results revealed that the risk score differed
significantly when stratified by age, grade, PRS type, histolo-
gy type, and chemotherapy, 1p19q codeletion, IDH mutation,
and MGMT promoter methylation statuses. We observed that
the use of the different stratification schemes yielded differ-
ent distributions of risk scores.

Through GSEA, we found that a large number of tumor-re-
lated pathways were enriched in the high-risk group. These
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correlations further revealed that the expression of OSRGs
could be an effective predictor of prognosis in glioma patients
and the complicated functions of OSRGs in these patients.

Finally, we developed a clinical scoring system for clinicians
with a nomogram. It can be used to effectively estimate the
survival rate for an individual patient at 1, 3, and 5 years. We
found that some clinical parameters, such as sex and MGMT
promoter methylation status, had little if any impact on the
total scores. Some parameters, however, such as risk score,
grade, histology, and PRS type, had a more substantial impact
on the survival rate.

There are several limitations of the present study. First, the
predictive power and molecular mechanism of OSRGs need
further experimental validation. Second, the retrospective
nature of the data may have resulted in some selection bias.

Supplementary Materials

DATABASE ANALYSIS

Conclusions

Oxidative stress strongly affects the generation, growth, pro-
liferation, programmed death, and resistance to radiotherapy
and chemotherapy of glioma. In the present study, we identi-
fied 14 key OSRGs associated with prognosis in glioma patients.
The risk score model and nomogram created using these genes
was shown to have good predictive ability. The role of these
genes is worthy of further in-depth studies to provide new in-
sights into the diagnosis and treatment of glioma.
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Supplementary Figure 1. Differential protein expression of oxidative stress-related genes in the Human Protein Atlas database.
(A) PTGS2, (B) COL1A1, (C) DHRS2, (D) KCNC2, (E) EZH2, (F) MMP3, (G) IPCEF1.
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Supplementary Figure 2. Survival analysis of the Chinese Glioma Genome Atlas in different subgroups (H — high risk; L — low risk)
(A) Chemotherapy status (Che — Chemotherapy; UC — No chemotherapy). (B) Radiotherapy status
(Ra —Radiotherapy; UR — No radiotherapy). (R Studio, Version 1.2.5042, RStudio, Inc.).

Indexed in:  [Current Contents/Clinical Medicine] [SCI Expanded] [ISI Alerting System]

This work is licensed under Creative Common Attribution- . . .
NonCommercial-NoDerivatives 4.0 International (CC BY-NC-ND 4.0) e934161-20 ] Journals Master List] [Index Medicus/MEDLINE] [EMBASE/Excerpta Medica]
[Chemical Abstracts/CAS]




LuD. et al:
Predictive role of oxidative stress genes in glioma
© Med Sci Monit, 2021; 27: €934161

DATABASE ANALYSIS

Age
A _
p=2.4e-05
T 1
751 : .
N L]
e L d
50 S s
o S 0%
g ol
= “. . "'o °
25 PO
&
001 i .
<43 >43
C
Chemotherapy status
p=2.1e-05
T 1
7.51 .
4
5.01 e q® o -
g
=
2.51
0.01 . i
TMZ treated Un-treated

PRS type
=0.27
p=0.0099
I 1
9 p=7.3e-05
6
v
2
3
0 4
Primary Reccurent Secondary
MGMTp methylation status
p=0.0043
J |
75 ‘.
3
5.0
g
=
25
0.0
Un-methylated Methylated

Supplementary Figure 3. Stratified analysis of risk scores based on different clinicopathological parameters. (A) Age. (B) PRS type.
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