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Gene expression profiling and the isocitrate dehydrogenase
mutational landscape of temozolomide-resistant glioblastoma
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Abstract. Glioblastoma multiforme (GBM) is an aggressive
brain cancer that occurs more frequently than other brain
tumors. The present study aimed to reveal a novel mechanism
of temozolomide resistance in GBM using bioinformatics and
wet lab analyses, including meta-Z analysis, Kaplan-Meier
survival analysis, protein-protein interaction (PPI) network
establishment, cluster analysis of co-expressed gene networks,
and hierarchical clustering of upregulated and downregulated
genes. Next-generation sequencing and quantitative PCR
analyses revealed downregulated [tyrosine kinase with immu-
noglobulin and epidermal growth factor homology domains 1
(TIEI), calcium voltage-gated channel auxiliary subunit a2A1
(CACNA2DI), calpain 6 (CAPN6) and a disintegrin and metal-
loproteinase with thrombospondin motifs 6 (ADAMTS6)] and
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upregulated [serum amyloid (SA)AI, SAA2, growth differen-
tiation factor 15 (GDF15) and ubiquitin specific peptidase 26
(USP26)] genes. Different statistical models were developed
for these genes using the Z-score for P-value conversion, and
Kaplan-Meier plots were constructed using several patient
cohorts with brain tumors. The highest number of nodes was
observed in the PPI network was for ADAMTS6 and TIE]. The
PPI network model for all genes contained 35 nodes and 241
edges. Immunohistochemical staining was performed using
isocitrate dehydrogenase (IDH)-wild-type or IDH-mutant
GBM samples from patients and a significant upregulation
of TIEl (P<0.001) and CAPN6 (P<0.05) protein expres-
sion was demonstrated in IDH-mutant GBM in comparison
with IDH-wild-type GBM. Structural analysis revealed an
IDH-mutant model demonstrating the mutant residues (R132,
R140 and R172). The findings of the present study will help
the future development of novel biomarkers and therapeutics
for brain tumors.

Introduction

Malignant and non-malignant tumors of the central nervous
system, including the brain, are a burden to society. They are
diagnosed at a rate of 0.55 per 0.1 million individuals in a
range of countries (1); however, malignancy is unusual in the
USA and accounts for an unequal burden of cancer mortality
owing to its augmented fatality rate (2). An average annual
mortality rate of 4.43 per 100,000 individuals was recorded in
those with malignant CNS tumors (3). Among these tumors,
several types are gliomas, which are classified as malignant
transformations of glial cells. Researchers have noted the
occurrence of malignant gliomas in ~5 cases per 1 million
people (4). It has also been observed that the considerable
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mortality and morbidity rates associated with malignant
gliomas are due to inadequate treatment efficacy and the use
of aggressive therapies in the USA (5). During the calculation
of glioma mortality from 1995 to 2018, it was noted that the
rate declined by 0.4% per year, but an increased mortality
rate was observed in older adults >80 years of age (6). On the
other hand, Upadhyaya er al (7) found that high-grade glioma
contributed to 66% of the mortality in the children population.

Glioblastoma multiforme (GBM) is a type of glioma and
central nervous system tumor that can originate from =3
possible precursor cells: Neural stem cells (NSC), NSC-derived
astrocytes and oligodendrocyte precursor cells (8). Based
on their growth, gliomas were categorized into four groups
(grades 1-4). Grade 4 astrocytomas are also known as GBMs.
According to the World Health Organization (WHO), GBM
constitutes ~16% of all brain tumors and 54% of all gliomas (9).
Stupp et al (10) developed a standard protocol, the addition
of temozolomide (TMZ) to radiotherapy (RT), for treating
GBMs, which is followed by many clinicians. The tumors are
surgically resected according to this protocol. Subsequently,
postoperative ionizing radiation is applied alongside adjuvant
temozolomide chemotherapy (10). Ionizing radiation and
chemotherapy act through common pathways that induce DNA
damage and cell death. They can act directly or indirectly by
generating reactive oxygen species (11).

However, multidrug resistance (MDR) limits advancements
in the treatment of brain tumors. MDR is a significant global
problem associated with a series of processes that primarily
account for chemotherapeutic drug resistance (12). Glutathione
S-transferase is a group of multifunctional proteins involved in
MDR. These enzymes belong to a superfamily of detoxification
enzymes (13). Therefore, it is necessary to study MDR patterns
in brain cancers such as GBMs, gliomas, medulloblastomas
and neuroblastomas. GBMs are highly resistant to most treat-
ments owing to their cellular heterogeneity (14). Intense clonal
plasticity has also been reported. Moreover, cancer stem cells
may inhibit TMZ- and RT-induced cell death (15). Thus, it is
necessary to further understand GBM-associated genes and
their role in chemotherapy resistance.

Several studies have reported that gene expression is respon-
sible for MDR and chemoresistance in brain tumors (16-18).
Studies have investigated alterations in the gene expression
profiles of several types of brain tumors under different
therapeutic conditions. Ngo and Harley assessed the global
gene expression profile alterations in GBMs during therapy
with the antineoplastic drug TMZ. Yao et al (19) illustrated
the gene expression profiles of GBM resistance and identi-
fied two candidate genes, Fanconi anemia complementation
group D2 and squalene epoxidase, linked to ferroptosis-related
chemoresistance in GBMs. Nevertheless, there is a knowledge
gap in the gene expression profiling of TMZ-resistant GBM
and it is necessary to understand the gene expression profiles
of drug-resistant GBM cell lines. Therefore, the present study
aimed to assess the downregulated and upregulated genes
in TMZ-resistant GBM. Previous studies have discussed
the role of different mutations in TMZ-resistant GBM, such
as anaplastic lymphoma kinase mutations (20). In contrast,
0O6-methylguanine-DNA methyltransferase overexpression
is widely used as a biomarker to predict which patients with
GBM will be unsuitable for TMZ treatment (21).

The WHO has classified GBM into two types: Isocitrate
dehydrogenase (IDH)-wild-type and IDH-mutant, which
possess different genetic, epigenetic and transcriptional char-
acteristics (22). Several studies have reported that patients
with IDH-mutant GBMs have improved outcomes after TMZ
treatment (23). Therefore, an enhanced understanding of the
IDH mutational landscape in TMZ-resistant GBM cells is
required. Therefore, the present study aimed to assess the IDH
mutational landscape in TMZ-resistant GBMs.

Mutations in IDH are significant factors associated with
several human malignancies. Three IDH isoforms are present
in humans: IDHI is found in peroxisomes and the cytoplasm,
whereas IDH2 and IDH3 are found in the mitochondrial
matrix (20,24). Han et al (24) described the potential molecular
mechanisms underlying IDH mutations in gliomas. Wild-type
IDH enzymes (IDH1 and IDH2) transform isocitrate into
a-ketoglutarate (a-KG), reducing NAD(P)* to NAD(P)H in
the Krebs cycle. The IDH heterodimer is found in cells; thus,
wild-type IDH serves a significant role in the Krebs cycle
and exhibits regular activity. However, a mutation in one part
of the IDH heterodimer produces D-(R)-2-hydroxyglutarate
(D-2HG) from o-KG. Simultaneously, the R132H mutation
in each part of the IDH homodimer (two homodimers of
IDH from the IDH heterodimer) results in an inactive IDH.
Moreover, IDHI mutants result from epigenome modifica-
tions. Epigenetic reprogramming has been reported to be
involved in histone modifications, DNA methylation and aber-
rant chromatin states in several cancers, including gliomas.
Molecular targeting approaches, such as targeting redox
homeostasis, have also been used to improve the efficiency of
therapeutics against IDH-mutated gliomas (24). Additionally,
immunotherapies have been used as advanced therapeutics
against IDH-mutated gliomas (24). IDH1 mutations are also
frequently found in secondary GBMs and are responsible for
73% of secondary GBMs. However, they are not common in
primary GBMs and are responsible for only 3.7% of clinical
cases (25). Several studies have reported that patients with
IDH-mutant GBMs have improved outcomes with TMZ
treatment (23,26). Qi et al (27) reported that patients with
IDH-mutant secondary GBMs had improved TMZ treatment
outcomes and prolonged survival. Therefore, it is necessary to
understand the gene expression in TMZ-resistant GBM cells,
the structure of IDH, and its mutational landscape in GBMs.

The present study aimed to assess the gene expression
profiles of TMZ-resistant GBM and the IDH mutational
landscapes in GBM in two ways: First, the expression
of the genes associated with TMZ resistance was deter-
mined. GBM GBMS8401-resistant cells were analyzed using
next-generation sequencing (NGS) and RNA sequencing
(RNA-seq) to assess the expression profiles of downregulated
and upregulated genes. Meta-Z analysis was also performed
using the Prediction of Clinical Outcomes from Genomic
Profiles (PRECOG) system to identify all the upregulated and
downregulated genes in TMZ-resistant GBM. Kaplan-Meier
(KM) survival analysis, in silico gene expression pattern
analysis, protein-protein interaction (PPI) network establish-
ment, cluster analysis of co-expressed gene networks, and
hierarchical clustering of all upregulated and downregulated
genes were performed. Second, an immune-histochemical
staining assay was performed to evaluate the upregulated
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and downregulated genes in the wild-type and mutant IDH
cells. The relative gene expression intensity in these cells was
also evaluated. Finally, the mutational landscape of IDH in
GBMs was demonstrated using in silico modeling. Meta-Z
and KM survival analyses were performed in different brain
cancers, such as astrocytomas, gliomas, medulloblastomas,
meningiomas and neuroblastomas, along with GBMs, for all
upregulated and downregulated genes. The present study also
aimed to determine the prognostic and therapeutic landscape
of genes in all human brain cancers, including GBM.

Materials and methods

Cell culture and generation of chemotherapy drug-resistant
GBM cell lines. The human brain malignant glioma GBM8401
cell line was purchased from the Bioresource Collection
and Research Center (Hsinchu, Taiwan). TMZ-resistant
cells were induced in the GBM8401 cell line using 200 yuM
TMZ-containing medium, with the medium changed
every 2-3 days for 140 days (28). TMZ was purchased from
Sigma-Aldrich (Merck KGaA). GBM8401 and TMZ-resistant
GBMS8401 cells were maintained in RPMI1640 medium
(Gibco; Thermo Fisher Scientific, Inc.) supplemented with 10%
heat-inactivated fetal bovine serum (Gibco; Thermo Fisher
Scientific, Inc.), 50 U/ml penicillin and 50 mg/ml streptomycin
(Sigma-Aldrich; Merck KGaA). Cell lines were maintained in
a humidified atmosphere of 5% CO, mixed with 95% air at
37°C. These cells were used for subsequent experiments.

Cell viability assay. Anti-TMZ GBM cell line viability was
determined using MTT assays. Cells were seeded in 96-well
plates and 20 pl of 5 mg/ml MTT (Sigma-Aldrich; Merck
KGaA) was added at the end of the exposure time. The cells
were incubated at 37°C for 4 h and then medium was carefully
removed. Dimethyl sulfoxide (100 ul) was added to each well
and the absorbance was measured at 570 nm using a microplate
spectrophotometer (BioTek Epoch; Agilent Technologies, Inc.).

RNA-seq using NGS. The RNA expression profiles of
TMZ-resistant GBM8401 cells were analyzed using NGS. NGS
transcriptome sequencing and data analyses were performed
by Welgene Biotech Co., Ltd. (Taipei, Taiwan). Total RNA
was extracted using TRIzol™ Reagent (Invitrogen™; Thermo
Fisher Scientific, Inc.) according to the manufacturer's instruc-
tions. The SureSelect Strand-Specific RNA Library Preparation
Kit (cat. no. G9691B; Agilent Technologies, Inc.) was used
for library construction, followed by AMPure XP beads (cat.
no. A63882; Beckman Coulter, Inc.). The loading concentra-
tion was 250 pM. Paired-end sequencing with a read length
of 150 bp was performed using a NovaSeq 6000 S4 reagent
kit (cat. no. 20012866; Illumina, Inc.) on an Illumina NovaSeq
6000 System (Illumina, Inc.). RNA library quantification was
performed using the Agilent 4150 TapeStation System (cat.
no. G2992AA; Agilent Technologies Deutschland GmbH) and
High Sensitivity D1000 ScreenTape Assay (cat. no. 5067-5585;
Agilent Technologies Deutschland GmbH). Sequencing data
(FASTQ reads) were generated using the pipeline of Welgene
Biotech Co., Ltd. based on the base-calling program bcl2fastq
v2.20 of Illumina, Inc. Base calls were converted using the
official Illumina, Inc. tool, bcl2fastq2 conversion software
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version 2.19, which was used to convert the BCL files from
the Illumina sequencing systems. Both adaptor clipping and
sequence quality trimming of the Illumina FASTQ data were
performed using Trimmomatic version 0.36 (29). HISAT?2
uses the global GFM index (graph FM index) and a large set
of small GFM indices that collectively cover the entire genome
for rapid and accurate alignment (30). Differential expression
analysis was performed using Cuffdiff (@cufflinks 2.2.1)
with genome bias detection/correction and in-house Welgene
programs (31). The RNA-seq data in the present publication
have been deposited in the NCBI Gene Expression Omnibus
and are accessible through the GEO Series accession number
GSE234762 (https://www.ncbi.nlm.nih.gov/geo).

Relative quantification of RNA expression. Total cellular
RNA was isolated using TRIzol Reagent (Invitrogen; Thermo
Fisher Scientific, Inc.). Equal amounts of total RNA were
reverse transcribed into cDNA using the iScriptTMcDNA
Synthesis Kit (cat. no. 1708891; Bio-Rad Laboratories, Inc.).
The following conditions were used for PCR: 25°C for 5 min
(primer annealing), 46°C for 20 min (reverse transcription),
95°C for 1 min (inactivation) and 4°C holds. Reverse transcripts
were amplified and quantified using the CFX96TM Real-time
PCR Detection System (Bio-Rad Laboratories, Inc.). The
iQTM SYBR Green Supermix (Bio-Rad Laboratories, Inc.)
was monitored using a CFX96TM Real-time System equipped
with CFX ManagerTM software (version 3.1; Bio-Rad
Laboratories, Inc.). The PCR program was as follows: 95°C for
3 min; 40 cycles of 95°C for 30 sec, 56°C for 30 sec; and 72°C
for 50 sec. The expression levels of target genes were quanti-
fied relative to the expression level of GAPDH as an internal
control for normalization using the 2*2°4 method (32). Primer
sequences are listed in Table I.

PRECOG analysis to comprehend the meta-Z analysis of all
upregulated and downregulated genes from TMZ-resistant
GBMS8401 cells. PRECOG analysis (https://precog.stanford.
edu/) was performed for all upregulated and downregulated
genes identified using meta-Z analysis across the brain tumor
subtypes. The server helped to predict clinical outcomes from
genomic profiles and determine the prognostic landscape
of genes in all human cancers (33). Different brain cancers,
including astrocytomas, GBMs, gliomas, medulloblastomas,
meningiomas and neuroblastomas, were considered in this
analysis. In the present study, the Z-scores of all the down-
regulated and upregulated genes were used. Finally, statistical
models were developed for all the downregulated and upregu-
lated genes, considering the Z-scores of all brain cancers;
however, Z-scores were associated with P-values and were
thus added to the P-value conversion scale.

KM survival analysis. Survival analysis provides a visual
demonstration of the survival curves of =2 groups of biological
organisms (34). In the present study, the PRECOG server
dataset was used to develop KM survival plots and understand
the survival of patients with different brain tumor subtypes.
The KM survival plots of different genes were incorporated
into the server as built-in properties. The developed KM
plots were informed of the high- and low-risk groups, and the
PRECOG dataset was used for the KM plot development of
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Table I. Primers used in quantitative PCR.
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Primer (5'-3")

Gene Forward Reverse

TIE1L CCCAGATTGCGCTACAGCTA GCCCGCGTAAGTGAAGTTCT
CACNA2DI CTGACGGTCCAAATCCTTGT GTCATAACAGGCGGTGTGTG
CAPNG6 ACTATGGGTCCTCCTCTG AGCTGGTGGTTGCTAATG
ADAMTS6 TACCATGGCCGCAAAGACAT TCCTAGGCTGGAATCACGGT
SAA1 CTGCAGAAGTGATCAGCG ATTGTGTACCCTCTCCCC
SAA2 CTGCAGAAGTGATCAGCA ATTATATGCATTATCTCAGC
GDF15 GTTAGCCAAAGACTGCCACTG CCTTGAGCCCATTCCACA
USP26 CGATGATATGCGGGTGTTAG GTACCCAGTGCAACGCCTAT
GADPH GACCCCTTCATTGACCTCAAC CTTCTCCATGGTGGTGAAGA

TIE1, tyrosine kinase with immunoglobulin and epidermal growth factor homology domains 1; CACNA2D]1, calcium voltage-gated channel
auxiliary subunit a2A1; CAPNG6, calpain 6; ADAMTS6, a disintegrin and metalloproteinase with thrombospondin motifs 6; SA, serum amyloid;

GDF15, growth differentiation factor 15; USP26, ubiquitin specific peptidase 26.

brain tumor subtypes. In certain cases, patient data for specific
genes in specific brain tumors were not available. Therefore, it
was not possible to develop these plots. KM plots were gener-
ated using all downregulated and upregulated genes from the
dataset using meta-Z analysis.

In silico gene expression pattern of downregulated and
upregulated genes. Gene expression patterns were assessed
for all downregulated and upregulated genes. In the present
study, the Genomic Data Commons-The Cancer Genome
Atlas (TCGA) data (https://genome.ucsc.edu/) for 671
GBM samples were used for analysis. A gene expression
plot was developed using the copy number of the genes
and RNAseq-HTseq-FPKM-UQ data. The University of
California Santa Cruz Cancer Genomics Browser was
used (35). Log, transformed data were used for statistical
analysis.

Establishing a PPI network and cluster analysis of upregu-
lated and downregulated genes. First, the GeneCards
database was searched for all upregulated and downregulated
genes (36,37). In the present study, the PPI networks of the
Search Tool for the Retrieval of Interacting Genes/Proteins
(STRING) (https://string-db.org/) linked the respective
genes. Using STRING, an interaction network was developed
for all the upregulated and downregulated genes using the
STRING server (StringApp version 1.7.1) (38). To develop
the network, medium confidence (0.400) of the STRING
server was used, and all other input parameters were set as
general parameters. In the STRING server, no clustering was
applied, and the network was shown as a network. Cluster
analyses were performed using the STRING server using
all upregulated and downregulated genes, which were iden-
tified in the NGS and quantitative (q)PCR analyses of the
TMZ-resistant GBM8401 cell samples. Finally, the outcomes
from the STRING tool were combined with those from the
Cytoscape software (v. 3.9.1; https://cytoscape.org/) to estab-
lish the PPI network.

Construction of a co-expression gene network and hierar-
chical clustering using all upregulated and downregulated
genes. A co-expression gene network and hierarchical clus-
tering were constructed using the COXPRESdb v7 server
(https://coxpresdb.jp/). All downregulated and upregulated
genes [tyrosine kinase with immunoglobulin and epidermal
growth factor homology domains 1 (7/EI), calcium
voltage-gated channel auxiliary subunit a2A1 (CACNA2DI),
calpain 6 (CAPN6) and a disintegrin and metalloproteinase
with thrombospondin motifs 6 (ADAMTS6)] and upregulated
[serum amyloid (SA)A I, SAA2, growth differentiation factor 15
(GDF15) and ubiquitin specific peptidase 26 (USP26)] were
converted to Entrez Gene IDs (39). The Entrez Gene IDs of
all genes were used as query sequences. In the present study,
two types of co-expressed gene networks were developed.
The first was a co-expressed gene plot using Entrez Gene IDs,
which provided a global view of the network. The global view
in two dimensions showed a co-expressed gene plot of the
query genes. The second was a co-expressed gene plot with
the query and co-expressed genes. Hierarchical clustering was
also performed using all the upregulated and downregulated
genes. The two server parameters used were Homo sapiens
species and hsa-u. The c4-0 platform was used for analysis.
These two parameters were selected in the COXPRESdb v7
server for the analysis.

Samples collection. Prior to the start of the present study,
GBM (WHO Grades 3 and 4) samples from different surgeries
were deposited into the tissue bank of Kaohsiung Chang Gung
Memorial Hospital (Kaohsiung, Taiwan) as a general hospital
procedure in March 2019, November 2020 and April 2021.
Following approval from the Institutional Review Board,
GBM samples were collected from the hospital tissue bank
to initiate the study and perform further analysis, in accor-
dance with the hospital's tissue bank regulations and other
regulatory procedures. A total of two types of samples were
collected from 6 patients: GBM with wild-type IDH or mutant
IDH. The present study was approved by the Chang Gung
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Medical Foundation Institutional Review Board (approval
no. 201902218B1B0).

Immunohistochemical staining. Tissues were fixed in 4%
paraformaldehyde at 4 C overnight, and embedded in paraffin.
Tissue blocks were sectioned at a thickness of 4 ym on slides.
Tissue sections were deparaffinized in two changes of xylene,
rehydrated in a graded series of ethanol and rinsed in distilled
water. For antigen retrieval, the slides were incubated with
proteinase K (cat. no. P2308, Sigma-Aldrich; Merck KGaA)
in Tris-EDTA buffer for 45 min in a water bath at 37°C,
and endogenous peroxidases were quenched with 3% H,O,
in phosphate-buffered saline for 8§ min at room tempera-
ture. The sections were blocked with 4% horse serum (cat.
no. 008-000-121; Jackson ImmunoResearch Laboratories,
Inc.) in 0.1% bovine serum albumin (cat. no. 01-000-161;
Jackson ImmunoResearch Laboratories, Inc.) for 3 h at
room temperature, followed by incubation with primary
antibodies diluted in 2% horse serum (cat. no. 01-000-161;
Jackson ImmunoResearch Laboratories, Inc.) overnight at
4°C. The primary antibodies used were anti-SAA1 (1:100; cat.
no. E-AB-52681; Elabscience Biotechnology, Inc.), anti-SAA2
(1:100; cat. no. 13192-1-AP; Proteintech Group, Inc.), anti-TIE1
(1:500; cat. no. ab111547; Abcam) and anti-Calpain 6 (1:100;
cat. no. ab76974; Abcam). The sections were then incubated
with biotinylated secondary antibodies (cat. no. BA-1100;
Vector Laboratories, Inc.) diluted (1:400) in 2% horse serum
(cat. no. 008-000-121; Jackson ImmunoResearch Laboratories,
Inc.) for 90 min at room temperature. Signals were detected
using an avidin-biotin complex (cat. no. PK-6100; Vector
Laboratories, Inc.) and 3,3-diaminobenzidine tetrahydro-
chloride (cat. no. SK-4100; Vector Laboratories, Inc.). The
images were captured using a light microscope (Leica DM
6000 B; Leica Microsystems GmbH) and Leica Application
Suite X software (version: 5.1.0.25593; Leica Microsystems
GmbH). Immunohistochemical analysis was performed as
previously described (40,41). Immunohistochemical images
were acquired at x200 magnification under the same expo-
sure time and measured for each pixel value of the positive
area using freely available ImageJ software version 1.53k
(National Institutes of Health) without a specific plugin to
perform deconvolution and downstream analysis. The images
were analyzed using a region of interest manager to calculate
the number of immunoreactive pixels occupied by the target
protein. For each tissue specimen, three tissue fields were
randomly selected and analyzed.

Evaluation of the mutational landscape of IDH in GBM
through in silico models. Molecular modeling of the IDH
structure was based on two published three-dimensional
(3D) structures. A total of three types of structures were
developed: i) Wild-type IDH, ii) IDH1 with mutation at posi-
tion R132, iii) and IDH3 with mutation at positions R140
and R172. Structures from the Protein Data Bank (PDB;
PDB ID: 3MAP, 3MAS and 1T09) were retrieved for further
analysis (42). The modeled 3D structure of IDH was further
analyzed using PyMOL 2.6 (43). Another 3D model of IDH
was developed using AlphaFold 3.0 (44), and wild-type and
mutant IDH structures were developed (positions R132,
R140 and R172). The 3D model was validated using the same

ONCOLOGY LETTERS 28: 378, 2024 5

server. The secondary structural landscape was analyzed
using PDBsum 2.58 (45).

Statistical analysis. The cell viability was analyzed using
one-way analysis of variance and Dunnett's post-hoc test. The
data of the immunohistochemical staining assay were analyzed
using unpaired Student's t-tests. Statistical graphs, plots and
models were constructed using the PAST 4.03 statistical
software (46). This software built the ‘statistical models’ and
depicted the ‘polynomial models’ order 2 with the R? value. In
the present study, the ‘statistical models/statistical plots’ were
developed using gene expression and other data. Simultaneously,
MATLAB 9.6 was also used to analyze and depict the plots
and graphs (47). For KM survival analysis, a median split was
used by the PRECOG web server to generate KM plots, and the
log-rank test was used by the server for curve separation.

An outline of the workflow of the present study is presented
in Fig. 1, including the strategies and step-by-step analysis.

Results

Establishing a TMZ-resistant GBM cell line. Drug resistance
is a critical clinical issue in patients with cancer, resulting
in therapeutic failure. TMZ, an imidazotetrazine, is an
anticancer drug commonly used to treat patients with GBM;
however, TMZ resistance is a common problem in GBMs (48).
To assess TMZ resistance in TMZ-resistant GBM, a cell
viability study was performed using MTT assays to determine
the anticancer effects of different doses of TMZ in GBM8401
and TMZ-resistant GBM8401 cell lines for different periods
(24, 48 and 72 h). The viability results of TMZ treatment in
GBM&8401 and TMZ-resistant GBM8401 cell lines from the
MTT assay are presented in Fig. 2. After 48 h, treatment with
200 and 400 uM TMZ significantly reduced cell viability to
~80 and 70%, respectively, in comparison with cells treated
with O uM TMZ. Similarly, it was demonstrated that treatment
with 200 and 400 M TMZ significantly reduced cell viability
after 72 h to ~70 and 58%, respectively, in comparison with
cells treated with 0 uM TMZ (Fig. 2A). Furthermore, in
TMZ-resistant GBM8401, treatment with 400 yM TMZ
significantly reduced cell viability to ~80% after both 48
and 72 h, in comparison with cells treated with 0 uM TMZ.
However, no significant effect was observed after treatment
with 200 uM TMZ after 48 or 72 h (Fig. 2B).

NGS and qPCR analysis in TMZ-resistant GBM8401 cells.
Using NGS, two groups of GBM cells were analyzed: Normal
and TMZ-resistant. The results revealed that, compared with the
normal group, 20 genes were upregulated >2 times and 20 genes
were downregulated >2 times in the TMZ-resistant group. The
06-methylguanine-DNA-methyltransferase (MGMT) gene has
been upregulated in cases of resistance to the drug TMZ (49).
As a result, this gene was intentionally omitted from the scope
of this study. Further validation of NGS results was performed
using qPCR. After analyzing NGS and qPCR, a focus was placed
on the genes that showed a decrease of >2 times in expression
(Table II) and those that showed an increase of >2 times in
expression (Table IIT) in TMZ-resistant cells.

Downregulated (TIEl, CACNA2D1, CAPN6 and ADAMTS6)
and upregulated (SAAI, SAA2, GDF-15 and USP26) genes were
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Sample collection
[Human brain malignant glioma GBM8401 cell line from the Bioresource Collection and Research Center (Hsinchu, Taiwan)].

Cell culture and generation of chemo drug-resistant GBM cell lines

Cell viability assay

Understanding the downregulated and
upregulated genes in TMZ-resistant GBM
(first objective)

!

NGS and RNA-sequencing analysis

!

Meta-Z analysis performed using PRECOG
to assess all upregulated and
downregulated genes

KM survival analysis

!

In silico gene expression pattern of
downregulated and upregulated genes

!

PPI networks establishment and cluster
analysis

!

Co-expressed gene network and
hierarchical clustering using upregulated
and downregulated genes

Understanding the role of IDH-mutant GBM
(second objective)

Immunohistochemical staining assay of high-
grade IDH-wild type or IDH-mutant type GBM
from patient samples

!

Understanding the mutational landscape of
IDH in GBM

Figure 1. Schematic diagram of the overall study methodology. The study was performed with two objectives: First, it aimed to assess the downregulated
and upregulated genes and their profiles using TMZ-resistant GBM cell lines; and second, it aimed to understand the mutational landscape of IDH in GBM.
For the first objective, NGS and RNA-sequencing analyses, meta-Z analysis using PRECOG, KM survival analysis using PRECOG, in silico gene expression
pattern analysis, PPI networks establishment and cluster analysis of the co-expressed gene network, and hierarchical clustering were performed. For the second
objective, an immunohistochemical staining assay of the upregulated and downregulated genes in IDH-wild type or mutant cells as well as in silico analysis
of the mutational landscape of IDH in GBM through several developed models were performed. TMZ, temozolomide; GBM, glioblastoma multiforme; IDH,
isocitrate dehydrogenase; NGS, next-generation sequencing; PRECOG, Prediction of Clinical Outcomes from Genomic Profiles; KM, Kaplan-Meier; PPI,

protein-protein interaction.

identified. A statistical model was developed to understand
gene patterns using NGS data (Fig. 3A). TIE] had the greatest
level of downregulation (-3.85766), whilst CAPN6 had the
least (-3.05983). Furthermore, USP26 had the greatest level of
upregulation (4.788689), whilst SAAI had the least (3.432643).
The polynomial statistical model yielded an R? value of 0.4063.
Simultaneously, another statistical model was developed to
identify the patterns of upregulated and downregulated genes
using the qPCR data (Fig. 3B). According to this model, T7/E] had
the greatest level of downregulation (0.05), whilst ADAMTS6
had the least (0.26). Furthermore, SAA2 had the greatest level
of upregulation (11.70), whilst USP26 had the least (3.94). The
polynomial statistical model yielded an R? value of 0.3439.

Meta-Z analysis of all upregulated and downregulated genes
from TMZ-resistant GBM8401 cells using the PRECOG

server. Meta-Z analysis using the PRECOG server revealed
the Z-scores of all the upregulated and downregulated genes.
The Z-scores of the downregulated genes (TIEI, CACNA2DI,
CAPNG6 and ADAMTS6) were determined for different types of
brain cancer (Fig. 4). Z-scores indicate the survival outcomes
for candidate genes. According to the correspondence table,
Z-scores can be converted to P-values, Z-score >1.96, which
is equivalent to P<0.05. In the present study, different statis-
tical models of the downregulated genes (TIEI, CACNA2DI,
CAPN6 and ADAMTS6) in different brain cancers, such as
astrocytomas, glioblastomas, gliomas, medulloblastomas,
meningiomas and neuroblastomas, were developed (Fig. 5).
For TIEI, the models demonstrated that the highest Z-score
was for meningioma and the lowest was for astrocytomas
(Fig. 5A). Similarly, for CACNA2DI, the models revealed that
the highest Z-score was for neuroblastoma and the lowest for
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astrocytoma (Fig. 5B). For CAPNG, the highest Z-score from
the developed models was for GBM and the lowest was for
meningioma (Fig. 5C). Finally, for ADAMTS6, the statistical
models demonstrated that the highest Z-score was for neuro-
blastomas and the lowest was for astrocytomas (Fig. 5D).

Similarly, the Z-scores of the upregulated genes (SAAZ,
SAA2, GDFI5 and USP26) were determined for different
types of brain cancer (Fig. 4) and several statistical models
were developed for these upregulated genes in the aforemen-
tioned types of brain cancer (Fig. 6). For SAAI, the models
demonstrated that the highest Z-score was for neuroblastomas
and the lowest was for astrocytomas (Fig. 6A). Similarly, for
SAA2, the statistical models revealed that the highest Z-score
was for neuroblastoma and the lowest was for GBM (Fig. 6B).
Similarly, for GDFI5, the statistical models demonstrated
that the highest Z-score was for gliomas and the lowest was
for medulloblastomas (Fig. 6C). Finally, for USP26, it was
revealed that the highest Z-score was for astrocytomas and the
lowest was for neuroblastomas (Fig. 6D).

KM survival analysis for downregulated genes. KM
analysis was performed for all downregulated genes (TIE],
CACNA2DI, CAPN6 and ADAMTS6) in the present study
using a cohort of patients with different brain cancers. KM
plots were constructed using a patient cohort with astrocy-
toma, GBM, glioma and medulloblastoma. For TIE], in the
cohort of patients with astrocytoma (n=154), a log-rank test
result of P=0.061 and hazard ratio (HR)=0.745; the cohort
of patients with GBM (n=90) demonstrated similar log-rank
test results (P=0.051; HR=0.1006); the cohort of patients
with glioma (n=50) revealed a log-rank test result of P=0.091
and HR=0.875; and the patient cohort with medulloblastoma
(n=60) demonstrated log-rank test results of P=0.39 and
HR=1.178 (Fig. S1A). For CACNA2DI, the patient cohort
with astrocytoma (n=154) revealed a log-rank test result of
P=0.00051 and HR=0.722; the patient cohort with GBM
(n=39) demonstrated a log-rank test result of P=0.08 and
HR=1.348; the patient cohort with glioma (n=50) revealed
a log-rank test result of P=0.55 and HR=0.908; and the
patient cohort with medulloblastoma (n=60) demonstrated
a log-rank test result of P=0.22 and HR=0.675 (Fig. S1B).
For CAPNG, the patient cohort with astrocytoma (n=154)
revealed a log-rank test result of P=0.46 and HR=1.215; the

patient cohort with GBM (n=39) demonstrated a log-rank
test result of P=0.41 and HR=0.1.094; the patient cohort
with glioma (n=50) had a log-rank test result of P=0.63 and
HR=1.02; and the patient cohort with neuroblastoma (n=85)
demonstrated a log-rank test result of P=0.91 and HR=1.139
(Fig. S1C). Finally, for ADAMTSG, the patient cohort with
astrocytoma (n=154) revealed a log-rank test result of P=0.15
and HR=1.089; the patient cohort with GBM (n=39) demon-
strated a log-rank test result of P=0.09 and HR=1.024; the
patient cohort with glioma (n=136) revealed a log-rank test
result of P=0.48 and HR=1.23; and the patient cohort with
meningioma (n=60) demonstrated a log-rank test result of
P=0.81 and HR=0.627 (Fig. S1D).

KM survival analysis for upregulated genes. KM analysis was
performed for all upregulated genes (SAAI, SAA2, GDFI5,
and USP26) in cohorts of patients with different brain cancers.
Using the cohorts of patients with glioma and neuroblastoma,
KM plots were generated for SAAI. The patient cohort with
glioma (n=50) demonstrated a log-rank test result of P=0.043
and HR=1.721. Similarly, the patient cohort with neuroblastoma
(n=85) revealed a log-rank test result of P=0.85 and HR=1.239
(Fig. S2A). KM plots of SAA2 expression was generated using
patient cohorts with GBM and medulloblastoma. The cohort
with GBM (n=39) demonstrated a log-rank test result of P
0.62 and HR=0.96. The patient cohort with medulloblastoma
(n=60) revealed a log-rank test result of P=0.11 and HR=1.404
(Fig. S2B). KM plots for GDF15 was generated using patient
cohorts with astrocytoma, GBM, glioma and medulloblas-
toma. The patient cohort with astrocytoma (n=154) revealed
a log-rank test result of P=0.082 and HR=1.273; the patient
cohort with GBM (n=39) demonstrated a log-rank test result of
P=0.83 and HR=0.0976; the patient cohort with glioma (n=50)
had a log-rank test result of P=0.00028 and HR=1.479; and the
patient cohort with medulloblastoma (n=60) demonstrated a
log-rank test result of P=0.57 and HR=1.224 (Fig. S2C). KM
curves for USP26 were generated using patient cohorts with
astrocytomas, glioblastomas, GBM and meningiomas. The
astrocytoma patient cohort (n=154) revealed a log-rank test
result of P=0.0012 and HR=0.0699; the patient cohort with
GBM (n=39) demonstrated a log-rank test result of P=0.035
and HR=1.103; the patient cohort with glioma (n=136) revealed
a log-rank test result of P=0.91 and HR=1.256; and the patient
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Table II. Downregulated mRNAs in temozolomide-resistant
GBM&8401 cells.

Gene expression

Gene NGS result qPCR result
TIE1 -3.85766 0.05
CACNA2DI1 -3.27131 0.17
CAPNG6 -3.05983 0.20
ADAMTS6 -3.66361 0.26

TIE1, tyrosine kinase with immunoglobulin and epidermal growth
factor homology domains 1; CACNA2DI1, calcium voltage-gated
channel auxiliary subunit a2A1; CAPNG6, calpain 6; ADAMTS6, a
disintegrin and metalloproteinase with thrombospondin motifs 6;
NGS, next-generation sequencing; qPCR, quantitative PCR.

Table III. Upregulated mRNAs in temozolomide-resistant
GBM&8401 cells.

Gene Gene expression

NGS result qPCR result
SAA2 4.384488 11.70
GDF15 3.957493 6.18
SAA1 3432643 6.13
USP26 4.788689 3.94

SA, serum amyloid; GDF15, growth differentiation factor 15; USP26,
ubiquitin specific peptidase 26; NGS, next-generation sequencing;
qPCR, quantitative PCR.

cohort with meningioma (n=67) demonstrated a log-rank test
result of P=0.47 and HR=0.901 (Fig. S2D).

Gene expression patterns of downregulated genes. In the
present study, the expression patterns of downregulated genes
(TIEI, CACNA2DI1, CAPN6 and ADAMTS6) were determined
using the GDC TCGA dataset of 671 GBM samples. First, the
expression of TTE] in GBM samples was assessed. In the gener-
ated scatter plot, most sample data points were plotted within
14.5-18 on the x-axis (RNAseq-HTseq-FPKM-UQ data). The
plotted data revealed Pearson's p=-0.06216 (P=0.4291) and
Spearman's rank p=-0.1551 (P=0.04734; Fig. 7A). Second,
the gene expression pattern of CACNA2D] was determined in
GBM samples. The scatter plot demonstrated that most sample
data points were plotted within 12-17 on the x-axis. The
plotted data revealed Pearson's p=-0.1629 (P=0.03716) and
Spearman's p=-0.1452 (P=0.06366; Fig. 7B). Third, the gene
expression pattern of CAPN6 was assessed in GBM samples.
The generated scatter plot demonstrated that most sample data
points were plotted within 16-17.5 of the x-axis. The plotted
data revealed Pearson's p=0.1882 (P=0.01582) and Spearman's
rank p=0.08109 (P=0.3020; Fig. 7C). Fourth, the gene expres-
sion pattern of ADAMTS6 was evaluated using GBM samples.
The scatter plot demonstrated that most sample data points
were plotted within 0-15.5 of the x-axis. The plotted data

revealed Pearson's p=0.1305 (P=0.09577) and Spearman's
rank p=0.1046 (P=0.1827; Fig. 7D).

Gene expression pattern of upregulated genes. The expres-
sion patterns of the upregulated genes (SAAI, SAA2,
GDFI5 and USP26) were also identified using 671 GDC
TCGA GBM samples. First, the gene expression pattern
of SAAI was assessed in GBM samples. The scatter plot
demonstrated that most sample data were plotted along
the x-axis (0-14; RNAseq-Htseq-FPKM-UQ data). The
plotted data revealed Pearson's p=0.06606 (P=0.4007)
and Spearman's rank p=-0.002141 (P=0.9783; Fig. 8A).
Second, the gene expression pattern of SAA2 was assessed
in GBM samples. The scatter plot demonstrated that most
of the sample data were plotted within 7.5-20 on the x-axis
(RNAseq-Htseq-FPKM-UQ data). The plotted data revealed
Pearson's p=0.06701 (P=0.3939) and Spearman's rank
p=-0.006710 (P=0.9320; Fig. 8B). Third, the gene expression
pattern of GDF15 was assessed in GBM samples. A scatter
plot was constructed from the analysis, which indicated that
most sample data points were plotted within 12-20 on the
x-axis. The samples were also scattered. The plotted data
revealed Pearson's p=0.1229 (P=0.1170) and Spearman's
rank p=0.06775 (P=0.3887; Fig. 8C). Finally, the gene
expression patterns of USP26 were determined using the
same aforementioned samples. The scatter plot illustrated
that there were fewer of these gene samples than the others,
and the sample data were plotted within 6-9 on the x-axis.
The plot revealed Pearson's p=0.02669 (P=0.7344) and
Spearman's rank p=0.02925 (P=0.7101; Fig. 8D).

Establishing a PPI network and cluster analysis using all
upregulated and downregulated genes. The physical and
functional relationships between the proteins of the upregu-
lated and downregulated genes were assessed. Several in silico
analyses were performed to understand the characteristics of
upregulated and downregulated protein coding genes by estab-
lishing a PPI network. The interactions within the PPI network
of downregulated protein-coding genes (T1El, CACNA2DI,
CAPN6 and ADAMTS6) were depicted using Cytoscape
(Fig. 9A-D), which demonstrated that other proteins were
associated with this network. In the PPI network for down-
regulated genes, the nodes denoting the proteins participated
in the interactions which denote the protein coding genes. The
edge of the network, which is part of the PPI network of two
nodes, was also noted and shows the interactions between
the two proteins. The maximum number of nodes in the PPI
network was observed for ADAMTS6 (n=23) and TIEI (n=23).
The lowest number of nodes was observed in the PPI network
of CACNA2DI (n=16). The maximum number of edges in the
PPI network was observed for CACNA2DI (n=101), and the
minimum number of edges was observed for CAPN6 (n=41;
Table SI). The results of the present study indicated that the
PPI networks of TIEI, CACNA2DI, CAPN6 and ADAMTS6
showed interactions between 6, 14, 7 and 2 partner proteins,
respectively (Table SII). Simultaneously, a box plot was gener-
ated using the numbers of nodes and edges, where the number
of edges was markedly greater than that of the nodes (Fig. 9E).
The protein clusters of the downregulated genes assessed
using the STRING server are also presented in Fig. S3.
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in blue. This figure was generated using the PRECOG server. PRECOG,
Prediction of Clinical Outcomes from Genomic Profiles; TIEI, tyrosine
kinase with immunoglobulin and epidermal growth factor homology
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a2Al; CAPNG, calpain 6; ADAMTS6, a disintegrin and metalloproteinase
with thrombospondin motifs 6; SA, serum amyloid; GDF15, growth differen-
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Furthermore, the PPI network proteins of the upregulated
genes were established (Fig. 10A-D). Several other proteins
associated with this network were also identified. In addi-
tion, the maximum number of nodes in the PPI network was

identified for USP26 (n=26) and the minimum number of nodes
for GDF15 (n=17). Moreover, the maximum number of edges
in the PPI-network was reported for SAA2 (n=236) and the
minimum number of edges for GDF15 (n=24; Table SI). The
results of the present study indicated that the PPI network of
SAAI,SAA2, GDF15 and USP26 showed interactions between
15, 21, 4 and 5 partner proteins, respectively (Table SII).
Simultaneously, a box plot was developed using the number
of nodes and edges (Fig. 10E). The number of edges is higher
than the number of nodes; however, the range of the number
of edges in the upregulated genes is greater than that in the
downregulated genes. Protein clusters of downregulated genes
identified using the STRING server are also present (Fig. S4).

Establishing a PPI network using all upregulated and
downregulated genes as a whole. Finally, a PPI network was
established using all downregulated and upregulated genes
as input samples (Fig. 11A). The PPI network contained 35
nodes and 241 edges (Table SI). Furthermore, a bar diagram
was generated to demonstrate the numbers of nodes and edges
assessed using a statistical model (Fig. 11B). For the polyno-
mial statistical model, the R? value was 1.297.

Co-expressed gene network and hierarchical clustering. In
the present study, a co-expressed gene network was described.
The Entrez Gene IDs of all downregulated and upregulated
genes were used as inputs or query genes (Table SIII). First,
a plot of co-expressed genes was constructed. This provided
a global view of the two-dimensional form of the network.
The global co-expressed gene plot demonstrated that only
4/8 query genes (TIEI, CAPN6, SAAI and GDF15) were
involved in generating the co-expressed gene plot (Fig. 12A).
Additionally, the co-expressed gene plot with the query and
co-expressed genes revealed that several co-expressed genes
were involved in co-expressed gene plot generation (Fig. 12B).

Hierarchical clustering of a co-expressed gene network
of all downregulated and upregulated genes was performed.
Hierarchical clustering is represented by a heat map in Fig. 12C.
Hierarchical clustering of the co-expressed gene network revealed
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Figure 8. Gene expression pattern of the upregulated genes assessed using 671 GDC TCGA GBM samples and represented through scatter plots. Gene expres-
sion pattern of (A) SAA1, (B) SAA2,(C) GDF15 and (D) USP26 using GBM samples. GDC TCGA, Genomic Data Commons-The Cancer Genome Atlas; GBM,
glioblastoma multiforme; SA, serum amyloid; GDF15, growth differentiation factor 15; USP26, ubiquitin specific peptidase 26.
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Figure 9. PPI network demonstrates the PPIs of the protein-coding downregulated genes depicted using Cytoscape. Nodes are represented as green ellip-
tical shapes. Edges are represented by blue lines. PPI network demonstrates the PPIs of the protein-coding gene (A) TIE1, showing two clusters in the PPI
networks. One main cluster has two sub-clusters, with one demonstrating no interactions with the gene of interest. The PPI network has 23 nodes and 52
edges; (B) CACNA2DI, showing one cluster in the PPI networks. The PPI network has 16 nodes and 101 edges; (C) CAPNG6, showing two clusters in the PPI
networks. One main cluster has two sub-clusters, with one demonstrating no interactions with the gene of interest. The PPI network has 21 nodes and 41 edges;
and (D) ADAMTS6, showing one cluster of the PPI network. The PPI network has 23 nodes and 51 edges. (E) Box plot representing the number of nodes and
edges of all the downregulated genes. PPI, protein-protein interaction; TIEI, tyrosine kinase with immunoglobulin and epidermal growth factor homology
domains 1; CACNA2DI, calcium voltage-gated channel auxiliary subunit a2A1; CAPNG, calpain 6; ADAMTS6, a disintegrin and metalloproteinase with
thrombospondin motifs 6.
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Figure 10. PPI network demonstrates the PPI of the protein-coding upregulated genes depicted using Cytoscape. Nodes are represented as yellow elliptical
shapes. Edges are represented as blue lines. PPI network demonstrated the PPI of the protein-coding gene (A) SAAI, showing one cluster in the PPI network.
The PPI network had 23 nodes and 129 edges; (B) SAA2, showing one cluster in the PPI network. This is the densest network among the upregulated genes. The
PPI network has 25 nodes and 236 edges; (C) GDF15, showing one cluster in the PPI network. It is linear in shape and the lightest network among upregulated
genes. The PPI network has 17 nodes and 24 edges; and (D) USP26, showing two clusters in the PPI network. The PPI network has 26 nodes and 127 edges.
(E) Box plot representing the number of nodes and edges of all the upregulated genes. PPI, protein-protein interaction; SA, serum amyloid; GDF15, growth
differentiation factor 15; USP26, ubiquitin specific peptidase 26.

a cluster of four genes: TIEI, CAPN6,SAAI and GDF15. Among  staining of GBM cells with wild-type or mutant IDH was
these, two genes were upregulated and two were downregulated.  performed. Immunohistochemical staining of IDH wild-type

or IDH-mutant GBM samples with two downregulated
Immunohistochemical staining assay to assess the upregu- mRNA-encoded proteins (TIE1 and CAPNG6) is presented in
lated and downregulated genes in IDH-wild type or mutant  Fig.13,and immunohistochemical staining of IDH-wild-type or
samples and their associations. Immunohistochemical IDH-mutant GBM samples of two upregulated mRNA-encoded
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Figure 11. PPI network of the protein-coding downregulated and upregulated genes. (A) PPI network demonstrating the PPI of protein-coding downregulated
and upregulated genes (TIEI, CACNA2DI, CAPN6, ADAMTS6, SAA2, GDF15, SAAI, and USP26), depicted using Cytoscape. Nodes are represented as
pink elliptical shapes. Edges are represented as blue lines. A total of one cluster is shown in the PPI network. The PPI network has 35 nodes and 241 edges.
(B) Bar diagram representing the number of nodes and edges of the PPI network. PPI, protein-protein interaction; TIEI, tyrosine kinase with immunoglobulin
and epidermal growth factor homology domains 1; CACNA2DI, calcium voltage-gated channel auxiliary subunit a2Al; CAPNG, calpain 6; ADAMTS6, a
disintegrin and metalloproteinase with thrombospondin motifs 6; SA, serum amyloid; GDF15, growth differentiation factor 15; USP26, ubiquitin specific

peptidase 26.

proteins (SAA1 and SAA?2) is demonstrated in Fig. 14. There
was a significant upregulation of TIE1 (P<0.001) and CAPN6
(P<0.05) protein expression in IDH-mutant GBM compared
with that in IDH wild-type (Fig. 13). Furthermore, there was
a significant downregulation of SAA1 (P<0.001) and SAA2
(P<0.05) protein expression in IDH-mutant GBM compared
with that in IDH wild-type (Fig. 14).

Mutational landscape of IDH in GBM through in silico models.
The present study demonstrated the mutational landscape of
IDH in GBM using in silico models. A total of three types
of structures were developed through the molecular modeling
of wild-type IDH: IDH1 with mutation position R132, and
IDH2 with mutation position R140 or R172. Fig. 15A presents
the wild-type IDHI homodimer; Fig. 15B demonstrates the
mutant-type IDH]1, in which the mutated residue position R132
was identified; Fig. 15C illustrates the mutant-type IDH2, with
mutation residue positions R140 or R172. Simultaneously, a
secondary structural landscape of IDH was demonstrated.
The mutated residue positions were indicated as R132 or R140
(Fig. 15D), demonstrating the position of the mutations in the
alpha helices or beta sheets. In addition, a 3D structural model
was developed using AlphaFold (Fig. 15E). Simultaneously,
all three mutant residues (R132, R140 and R172) were iden-
tified in the model (3D model of the AlphaFold; Fig. 15F).
Furthermore, the performance of the 3D structural model
was validated using the aligned residues, and an expected
position error was noted (Fig. 15G). Model performance evalu-
ation using the aligned residues indicated that the model was
significant.

Finally, the role of IDH mutations in GBM was illustrated
(Fig. 16). The wild-type heterodimer exhibited regular IDH
activity and could generate a-KG from isocitrate. The one-part
mutant IDH heterodimer (wild-type/R132H) could generate

D-2HG from a-KG. However, both one-part mutant types of
the IDH heterodimer were inactive against IDH. Furthermore,
IDH mutations were acquired by IDH, which resulted in
considerable metabolic reprogramming. Neomorphic activity
may diminish the Krebs cycle by draining a-KG for D-2-HG
production. However, further studies are needed to confirm
this hypothesis.

Discussion

In the present study, experimental and in silico analyses
were performed to assess the upregulated and downregulated
genes in a GBM8401 resistant strain to fulfill two objec-
tives: i) To establish the downregulated and upregulated
genes and their profiles (characterized dysregulation); and
ii) to understand the mutational landscape of IDH in GBM.
To fulfill the first objective, both experimental and in silico
analyses were used to evaluate the genes downregulated
(TIEI, CACNA2DI, CAPN6 and ADAMTS6) and upregu-
lated (SAAI, SAA2, GDF15 and USP26). First, the gene
expression of TMZ-resistant GBM8401 cells was analyzed
using NGS, and RNA expression profiles were assessed to
determine the downregulated and upregulated genes. Meta-Z
analysis was also performed using PRECOG to identify all
the upregulated and downregulated genes in TMZ-resistant
GBM. KM survival analysis, in silico gene expression pattern
identification, PPI network establishment, cluster analysis of
the co-expressed gene network, and hierarchical clustering of
all upregulated and downregulated genes were performed. To
fulfill the second objective, an immunohistochemical staining
assay of high-grade GBM tissue with wild-type or mutant
IDH from patient samples was performed. Finally, based on
NGS analysis and qPCR data in TMZ-resistant GBM8401
cells, IDH-mutant GBM was compared with IDH wild-type
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Figure 12. Co-expressed gene plot and hierarchical clustering. (A) Four query genes (T/EIl, CAPN6,SAAI and GDF15) were found to be involved in generating
a co-expressed gene plot. (B) Co-expressed gene plot with query and co-expressed genes. Several co-expressed genes were found in the plot. (C) Hierarchical
clustering of the co-expressed gene network was developed using all downregulated and upregulated genes. The genes (T/E!, CAPN6,SAAI and GDF15) were
found to be involved in the generation of hierarchical clustering. The Entrez Gene IDs of all downregulated and upregulated genes were used as input or query
genes (TIE1, CACNA2D1, CAPN6, ADAMTS6, SAAI, SAA2, GDFI15 and USP26). TIEl, tyrosine kinase with immunoglobulin and epidermal growth factor
homology domains 1; CACNA2DI, calcium voltage-gated channel auxiliary subunit a2A1; CAPNG6, calpain 6; ADAMTSG6, a disintegrin and metalloproteinase
with thrombospondin motifs 6; SA, serum amyloid; GDF15, growth differentiation factor 15; USP26, ubiquitin specific peptidase 26; Coex, co-expressed.

GBM in terms of upregulated and downregulated genes.
For comparison, two upregulated (SAA/ and SAA2) and two
downregulated genes (TIEI and CAPN6) were selected. The
relative intensities of the expressed genes were determined
in wild-type and mutant IDH cells. Finally, using in silico
models, the present study illustrated the mutational landscape
of IDH in GBM. Therefore, comprehensive, in-depth and
step-by-step analyses were performed to elucidate the gene
expression profile and pattern in GBM8401-resistant cells and
the mutational landscape of IDH in GBM.

Chemotherapy resistance is a major global concern, with
>90% of cancer-related deaths associated with MDR (50).

Studies have focused on analyzing the gene expression
patterns in chemotherapy-resistant cancers and the identifica-
tion of differentially upregulated and downregulated genes in
different cancers is a priority. For example, Rapin et al (51)
compared the gene expression profiles of patients with acute
myeloid leukemia, and recently, Cheng er al (52) investigated
upregulated and downregulated genes in TMZ-resistant GBM
cells. In the present study, upregulated and downregulated
genes in TMZ-resistant GBM samples from hospitalized
patients (TMZ-resistant GBM8401 cells) were analyzed.
Therefore, the findings of the present study are important from
the perspective of chemoresistance.
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Figure 13. Immunohistochemical staining for TIE1 and CAPNG6 expression on human GBM samples with either wild-type or mutant IDH. Representative
images of TIEl-immunoreactivity in GBM tissues with (A) IDH wild-type and (B) IDH mutant. (C) TIEI relative intensity in IDH wild-type and IDH-mutant
samples. Representative images of CAPN6-immunoreactivity in GBM tissues with (D) IDH wild-type and (E) IDH-mutant. (F) CAPNG relative intensity in
IDH wild-type and mutant samples. Values are expressed as the mean + standard deviation. The data were analyzed using unpaired Student's t-tests. "P<0.05;
**P<0.001. IDH, isocitrate dehydrogenase; IHC, immunohistochemistry; TIE1, tyrosine kinase with immunoglobulin and epidermal growth factor homology

domains 1; CAPNG6, calpain 6.

Several researchers have used methods similar to those
used in the present study to map gene expression in different
types of cancer (53,54). In the present study, different in silico
methods were used to understand the gene expression patterns
in different types of brain cancer using the PRECOG server,
and the Z-scores of the downregulated and upregulated genes
were calculated. However, in addition to GBM, meta-Z anal-
ysis was performed for different types of brain cancers, such
as astrocytoma, glioma, medulloblastoma, meningioma and
neuroblastoma, for all upregulated and downregulated genes.
The results of the present study provide further understanding
of the prognostic landscape of genes in all human cancers. In
addition, KM survival analysis was performed for different
brain cancer types along with GBM. The observations from
the analyses performed in the present study provide further
understanding of the survival of patients with brain tumors.

Kothari et al (55) applied the PRECOG method to evaluate
the Z-scores of genes in triple-negative breast cancer, which
were analyzed using machine learning. Gentles et al (33)
applied the PRECOG method to pan-cancer gene signatures
related to cancer-associated fibroblasts. The present study
attempted to identify the therapeutic targets. A PPI network
was developed and cluster analysis was performed using the
STRING server and Cytoscape software to depict the network
between genes. Kumar et al (56) used the STRING server and
Cytoscape software to develop a network of genes associated
with ovarian cancer. Chakraborty et al (57) used the STRING
server and Cytoscape software to map and create a network
of immune protective genes against severe acute respiratory

syndrome-coronavirus 2 infection. Similarly, studies have
used the COXPRESdD server to develop a co-expression
gene network and construct a hierarchical cluster of differ-
entially expressed genes in monkeypox-infected MK2 cells
and damaged osteoarthritis cartilage (58,59). In the present
study, several bioinformatics methods and servers (PRECOG,
COXPRESdb and STRING) were used to assess gene expres-
sion and networks in TMZ-resistant GBM8401 cells. However,
one of the limitations of COXPRESdD is that it does not have
a feature for searching negative correlations of co-expression,
resulting in only positive correlations in the co-expression
analysis. In a PPI network, edges symbolize interactions
between proteins and nodes symbolize proteins (60). According
to the graph theory, the topological structure of a PPI network
provides direct and preliminary information related to the
network and its biological functions (60,61). The PPI network
provides information on different factors, such as genetic
cues and signaling circuits. It improves the understanding of
circuitry to predict the function of genes and cellular behav-
iors associated with different signals (62). The present study
therefore provides a preliminary understanding of the PPI
networks in TMZ-resistant GBM cells; however, to further
understand these factors, a broader and more specific study of
the PPI network in TMZ-resistant GBM is necessary. Future
studies should focus on these topics.

The present study evaluated the upregulated and down-
regulated genes in wild-type and mutant IDH samples from
TMZ-resistant GBM8401 cells. Previous studies have mainly
focused on TMZ resistance in IDH wild-type GBM (63-65)
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Figure 14. Immunohistochemical staining for SAA1 and SAA2 expression on human GBM samples with either wild-type or mutant IDH. Representative
images of SAAl-immunoreactivity in GBM tissues with (A) IDH wild-type and (B) IDH-mutant. (C) SA A1 relative intensity in IDH wild-type and IDH-mutant
samples. Representative images of SAA2-immunoreactivity in GBM tissues with (D) IDH wild-type or (E) IDH-mutant. (F) SAA?2 relative intensity in IDH
wild-type and mutant samples. Values are expressed as the mean + standard deviation. The data were analyzed using unpaired Student's t-tests. "P<0.05;
“*P<0.001. IDH, isocitrate dehydrogenase; SA, serum amyloid; IHC, immunohistochemistry.

and OS-methylguanine-DNA-methyltransferase (66). There
is a higher incidence of TMZ-induced hypermutations in
IDH-mutant gliomas than in IDH wild-type gliomas (67,68).
Exogenously expressed mutant IDH increases TMZ resistance
in glioma cells (69). Sun and Turcan (23) also suggested that
TMZ treatment may exacerbate IDH mutations in GBM.
However, previous studies have not elucidated the possible
mechanisms of IDH mutations that contribute to TMZ resis-
tance in GBM, to the best of our knowledge.

TIEI is an angiopoietin receptor with immunoglobulin
and EGF-like domains 1, and the TIEl protein is a cell
surface protein expressed in endothelial cells (70); however,
it is also expressed in immature hematopoietic cells and
platelets (71). TIEI has an inflammatory effect and may
serve a role in mechanotransduction, neovascularization and
inflammation. It serves an important role in the development
of atherosclerosis (72) and a significant pathophysiological
role in the development of several cancers. Therefore, the
orphan receptor T/E] is a drug target for inhibiting cancer
angiogenesis and migration (73). Therefore, it is necessary
to understand T/E] gene expression patterns in gliomas and
GBMs. CACNA2DI encodes calcium voltage-gated channel
auxiliary subunit a2/Al protein (calcium channel 0281
subunit), a membrane protein associated with the voltage-gated
calcium channel complex. It serves a role in the influx of
calcium ions into calcium channels (74). The CACNA2D1
protein is the molecular target of the gabapentinoid group of
molecules, including gabapentin and pregabalin. Gabapentin
is a class of anticonvulsant molecules used to treat epilepsy,
particularly drug-resistant focal epilepsy (75). Pregabalin is

used for the treatment of diabetic neuropathic pain in adults.
It is also used to treat neuropathic pain, such as cancer and
chemotherapy-induced postherpetic neuralgia, fibromyalgia
and diabetic neuropathy (76-78). Understanding CACNA2D]
gene expression patterns in gliomas, GBMs and other brain
tumors is therefore essential. The CAPN6 gene is encodes
the calpain protein. This gene helps in microtubule stabili-
zation and is associated with cytoskeletal organization and
regulation of microtubule dynamics (79). The protein belongs
to a family of calcium-dependent cysteine proteases that is
well conserved in nature (80). CAPN6 may also serve a role
in tumor formation by inhibiting apoptosis and promoting
angiogenesis (81). Therefore, CAPNG6 gene expression patterns
should be studied in GBM and other brain tumors. ADAMTS6
encodes ADAM metallopeptidase with six thrombospondin
type 1 motif proteins, which are members of the ADAMTS
protein family (82). Researchers have reported that cytokine
TNF-a may regulate the expression of a gene, which may be
ADAMTSG6. Similarly, it has been reported that ADAMTS6
restrains tumor development through the ERK signaling
pathway (83); however, further studies are required to under-
stand the ADAMTS6 gene in GBM and its resistance.

SAAI and SAA2 are two significant and highly homolo-
gous genes (84,85). The SAAI gene encodes the SAAL
protein, which is considered to be an ‘acute response
protein’. This gene is expressed in hepatocytes, amnion
fibroblasts, the epithelium of the amnion and trophoblasts
of the chorion (86) and is expressed in tissue injury, infec-
tion, chronic inflammation and cancers such as renal
cancer (87,88). SAAI expression patterns should be studied
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Figure 15. Mutational landscape of IDH in glioblastoma multiforme. (A) Homodimer structure of wild-type IDHI1. (B) Mutant-type IDH1and its mutation
residue position at R132. (C) Mutant-type IDH2 and its mutation residue position at R140 or R172. (D) Secondary structural landscape of IDH with a mutation
residue position at R132 or R140. (E) IDH 3D structural model developed using AlphaFold. (F) Mutant residue positions (R132, R140 and R172) are shown
in the 3D model of IDH, which was developed using AlphaFold. (G) Performance of the 3D structural model was validated by the aligned residues. IDH,

isocitrate dehydrogenase; 3D, three-dimensional.

in gliomas, GBMs and other brain cancers, as well as in
chemotherapy-resistant brain tumors. Similarly, SAA2
encodes the SAA2 protein, which is highly conserved
during mammalian evolution (89). Furthermore, SAA2 may
be expressed in lung cancer cells. Kim et al (90) quantified
the SAA2 protein in lung cancer plasma. However, the role
of SAA2 in GBM and its resistance to chemotherapy remains
unknown and should be investigated. GDF15 was first iden-
tified as a macrophage inhibitory cytokine that encodes the
GDF15 protein and belongs to the TGF-f superfamily (91).
Elevated GDF15 levels have also been observed in patients
with autoimmune diseases (91,92). GDF15 has a functional
association with Ras suppressor-1 in cancer cell invasion

and may act as a drug target for cancers, such as breast
cancer (93). The USP26 gene encodes a member of a family
of ubiquitin-specific processing proteins, and it is an X chro-
mosome-linked deubiquitinase. This gene has a distinct role
in spermatogenesis (94). Recently, Guo et al (95) reported an
association between GDFI5 gene expression and malignant
progression in gliomas. USP26 gene expression patterns in
gliomas, GBMs and chemotherapy-resistant brain tumors
should be investigated.

Furthermore, a relationship between SAA/ upregulation
and TMZ resistance in GBM may exist, and SAA] upregula-
tion may promote TMZ resistance. Zhang et al (96) reported
that SAA] knockdown promoted GBM cell apoptosis through
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PI3K/Akt signaling. Moreover, Singh ef al (48) reported the
role of the PI3K/Akt signaling pathway in TMZ-resistant
GBM. Therefore, SAAI may serve a role in TMZ-resistant
GBM via the PI3K/Akt signaling pathway. However, further
studies are needed to confirm this hypothesis. Similarly, other
than the PI3K/Akt signaling pathway, the involvement of the
tricarboxylic acid (TCA) cycle has been noted in TMZ-resistant
GBM as IDH enzymes are the prime components of the TCA
cycle. Therefore, the TCA cycle may be associated with
TMZ-resistant GBM (97). However, Immanuel er al (98)
investigated the metabolic landscapes associated with oxida-
tive phosphorylation pathways, the malate-aspartate shunt,
glycolysis and the TCA cycle, which are linked with the
oxidative phosphorylation of neuronal cells, and potentially,
TMZ-resistant GBM.

Among the genes assessed in the present study, certain
genes were found to serve a role in cell differentiation and
the relative tumor response. For example, SAAJ and SAA2
serve potential roles in cell differentiation. Lee et al (99)
reported that SA proteins (SAAl and SAA2) promote
Th17 cell differentiation. Additionally, Takehara et al (100)
reported that SAAJ expression promotes cancer cell progres-
sion. SAAI may also serve arole in cancer cell differentiation
and progression. Similarly, studies have shown that GDF15,
a mitochondrial cytokine (mitokine), induces cancer
cell subpopulations and provides an invasive advantage.
Kang et al (101) reported that GDF15 expression in tumors
is associated with tumor aggressiveness and that GDF15
influences STAT3 activation, which assists in thyroid cancer
tumor progression. They also reported that GDF15 acts via
the STAT3 signaling axis. Similarly, Wosnitzer et al (102)
reported that the expression of the USP26 gene promotes cell
differentiation and induces tumorigenesis.

IDH mutations are among the most critical and earliest
genomic alterations in GBM progression and recurrence (24).
IDH enzymes catalyze the conversion of isocitrate to a-KG, an
intermediate in the citric acid cycle that contributes to NADPH
production (103). The IDH mutation produces neomorphic
enzymatic activity that converts a-KG to D-2-HG, leading to

the accumulation of 2-HG and inhibition of a-KG-dependent
enzymes such as histone and DNA demethylases in the
tumor (104). The role of IDH mutations has also been explored
in other brain tumors (105). Therefore, it is necessary to
understand the role of IDH mutations in GBM progression.
The present study assessed the mutational landscape of IDH
in GBM through in silico models. Therefore, the findings of
the present study are important for understanding the role of
IDH mutations in GBM progression. However, future research
is required to enhance the understanding of the complete
molecular mechanisms underlying IDH mutations in GBM
progression.

The present study identified the gene expression profiles
of TMZ-resistant GBM, mainly the upregulated and down-
regulated genes and the IDH mutational landscapes in GBM.
The mapped genes will help future researchers understand
the association between these upregulated and downregulated
genes and the development of TMZ resistance. Specifically,
previous studies reported that there may be an indirect
relationship between the SAAJ gene and TMZ-resistant
GBM through the PI3K/Akt signaling pathway (48,96);
however, future studies are needed to assess the hypoth-
esis. Additionally, a previous study reported that GDFI5
promotes the upregulation of the programmed death-ligand
1 (PD-L1) protein expression in glioblastoma (106); however,
no direct evidence indicates that the upregulation of GDF15
promotes TMZ resistance. Nevertheless, a study reported that
TMZ-mediated PD-L1 expression in GBM cells and knock-
down of PD-LI impaired the TMZ-induced inhibition effect
of GBM cells (107). Therefore, we hypothesize that GDFI5 is
likely to be involved in TMZ resistance through the regulation
of PD-LI. Furthermore, CACNA2D3 is a tumor suppressor
in gliomas (108) and can enhance the chemosensitivity of
esophageal squamous cell carcinoma (109). It is also one of
the objectives worthy of future exploration.

In the future, the targeted genes whose expression levels
increase (SAAI, SAA2, GDFI5 and USP26) or decrease (TIEI,
CACNA2DI, CAPN, and ADAMTS6) in TMZ-resistance
GBM will be manipulated by gene knockdown (e.g., using
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siRNA) or gene overexpression (e.g., via transfection plasmid),
respectively. Further research should investigate whether the
cytotoxic sensitivity to TMZ of TMZ-resistant GBM cells can
be altered and the molecular mechanisms involved, in order to
understand TMZ resistance in GBM from a molecular mecha-
nistic viewpoint, which may help solve the MDR problem.

However, researchers are attempting to fight GBM from
different directions, and therefore, rapid progress has been
made in GBM research to combat tumors. For example, the 3D
bioprinting of neural cells is essential for understanding neural
cells and their therapeutics (110). Dai ef al (111) developed a
3D-bioprinted model in which glioblastoma stem cells (GSCs)
and mesenchymal stem cells (MSCs) were fused. This will
aid in understanding the interaction between GSCs and MSCs
and explain tumor progression. Interactions between NSCs
and microglial cells have also been studied through single-cell
whole-transcriptome sequencing, which helps to further under-
stand the recurrence of GBM (112). Additionally, Liu et al (113)
developed ultra-small zirconium carbide nanoparticles to treat
gliomas.

The present study has some limitations. Firstly, during
immunohistochemical staining, the expression of T/EI and
CAPNG genes, and SAAI and SAA2 genes was studied. The
expression of other genes was not studied through immu-
nohistochemical staining due to the lack of availability
of other antibodies. Secondly, the study depended on the
servers' dataset for bioinformatics analysis. For example, the
PRECOG server dataset was used during the KM survival
and meta-Z analyses. However, these servers are highly
cited.

In conclusion, GBM is a complex heterogeneous disease
and chemoresistance is a significant issue in patients with
GBM. To this end, the present comprehensive study identified
the downregulated and upregulated genes and their expression
patterns. This simplifies the current understanding of this
complex disease and TMZ resistance. NGS and RNA-seq
analyses identified upregulated and downregulated genes in
the GBM8401-resistant cells. The present study also illustrated
the mutational landscape of IDH in GBM, which suggested
that the IDH mutational landscape contributes to TMZ resis-
tance in GBM cells. The results of the present study provide
possible mechanisms for IDH mutations that contribute to
TMZ resistance in GBM. They also provide significant insights
into the molecular mechanisms of resistance in GBM. The
present study also provides directions that may assist in future
therapeutic developments related to IDH mutations. A deeper
understanding of TMZ resistance in GBM may help solve the
MDR problem. Therefore, the results of the present study are
important for future researchers to develop novel biomarkers
and therapeutics for brain tumors. These findings will help to
identify the underlying molecular mechanisms and signaling
networks, appropriate biomarkers, new therapeutic targets and
novel therapeutics for GBM and other brain tumors.
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