Iran. J. Biotechnol. October 2024;22(4): e3892 DOI: 10.30498/1jb.2024.448826.3892
Research Article '!)

Check for
updates

Identification and Verification of Key Genes Associated with
Temozolomide Resistance in Glioblastoma Based on Comprehensive
Bioinformatics Analysis

Jun Hu", Jingyan Yang”, Na Hul, Zongting Shi', Tiemin Hu?, Baohong Mi'*, Hong Wang*, Weiheng Chen'*

'The Third Affiliated Hospital of Beijing University of Chinese Medicine, Beijing, China

2The Third Clinical School of Beijing University of Chinese Medicine, Beijing, China.

3Department of Neurosurgery, Affiliated Hospital of Chengde Medical University, Chengde, Hebei, China.

“Engineering Research Center of Chinese Orthopaedics and Sports Rehabilitation Artificial Intelligent, Ministry of Education,
Beijing, China

SDepartment of Neurosurgery, Affiliated Hospital of Hebei University, Baoding, Hebei, China

*Corresponding author: Weiheng Chen, The Third Affiliated Hospital of Beijing University of Chinese Medicine, Beijing, China. Tel/Fax:
+86-010-84856226, E-mail: drchenweiheng@163.com

#Jun Hu and Jingyan Yang contributed equally to this work.

Received: 2024/03/16 ; Accepted: 2024/11/26

Background: Glioblastoma (GBM) is the most aggressive form of brain cancer, with poor prognosis despite treatments like
temozolomide (TMZ). Resistance to TMZ is a significant clinical challenge, and understanding the genes involved is crucial
for developing new therapies and prognostic markers. This study aims to identify key genes associated with TMZ resistance
in GBM, which could serve as valuable biomarkers for predicting patient outcomes and potential targets for treatment.
Objectives: This study aimed to identify genes involved in TMZ resistance in GBM and to assess the value of these genes
in GBM treatment and prognosis evaluation.

Materials and Methods: Bioinformatics analysis of Gene Expression Omnibus (GEO) datasets (GSE113510 and
GSE199689) and The Chinese Glioblastoma Genome Atlas (CGGA) database was performed to identify differentially
expressed genes (DEGs) between GBM cell lines with and without TMZ resistance. Subsequently, the key modules
associated with GBM patient prognosis were identified by weighted gene coexpression network analysis (WGCNA).
Furthermore, hub genes related to TMZ resistance were accurately screened and confirmed using three machine learning
algorithms. In addition, immune cell infiltration analysis, TF-miRNA coregulatory network analysis, drug sensitivity
prediction, and gene set enrichment analysis (GSEA) were also performed for temozolomide resistance-specific genes.
Finally, the expression levels of key genes were validated in our constructed TMZ-resistant cell lines by real-time
quantitative polymerase chain reaction (RT—qPCR) and Western blotting (WB).

Results: Integrated analysis of the GEO and CGGA datasets revealed 769 differentially expressed genes (DEGs),
comprising 350 downregulated and 419 upregulated genes, between GBM patients and normal controls. Among these
DEGs, three key genes, namely, PITX1, TNFRSF11B, and IGFBP2, exhibited significant differences in expression
between groups and were prioritized via machine learning algorithms. The expression levels of these genes were found to
be closely related to adverse clinical features and immune cell infiltration levels in GBM patients. These genes were also
found to participate in several biological pathways and processes. RT—-qPCR and WB confirmed the differential expression
of these genes in vitro, indicating that they play vital roles in GBM patients with TMZ resistance.

Conclusions: PITX1, TNFRSF11B, and IGFBP2 are key genes associated with the prognosis of GBM patients with
TMZ resistance. The differential expression of these genes correlates with adverse outcomes in GBM patients, suggesting
that they are valuable biomarkers for predicting patient prognosis and that they could serve as diagnostic biomarkers or
treatment targets.

Keywords: Biomarkers, GEO database, Glioblastoma, Machine learning algorithm; Temozolomide resistance

Copyright © 2024 The Author(s),; Published by National Institute of Genetic Engineering and Biotechnology. This is an open access article, distributed
under the terms of the Creative Commons Attribution-NonCommercial 4.0 International License (http://creativecommons.org/licenses /by-nc/4.0/)

which permits others to copy and redistribute material just in noncommercial usages, provided the original work is properly cited.



Huletal

1. Background

Glioblastoma (GBM) is the most prevalent and lethal
malignant primary intracranial tumor and has a high and
increasing incidence rate and a dismal prognosis (1, 2).
Despite advances in combined therapeutic approaches,
including maximal safe tumor resection, concurrent
chemoradiotherapy, and adjuvant chemotherapy, the
treatment outcome and overall survival for GBM
patients are still unsatisfactory (3, 4).

Temozolomide (TMZ) is the commonly used chemo-
therapeutic regimen after tumor resection in GBM
patients. However, the major obstacles to effective
treatment are acquired chemotherapy resistance and
cancer recurrence after surgery (5-7). Thus, it is
important to elucidate the exact molecular processes and
pathological mechanisms involved in TMZ resistance.
Additionally, reliable biomarkers for evaluating the
response to TMZ and new targeted treatments are
needed to reduce the incidence of chemotherapeutic
resistance.

Weighted gene coexpression network analysis
(WGCNA) has been widely used to describe
coexpression patterns between genes in disease
transcriptomes and to identify gene modules related
to clinical characteristics (8). In contrast to the
conventional approach of analyzing differentially
expressed genes (DEGs), WGCNA is a robust
systematic method for identifying higher-order
correlations among genes rather than solely focusing
on the identification of individual genes associated
with diseases. Machine learning methods include least
absolute shrinkage and selection operator (LASSO)
analysis and analyses based on support vector machines
(SVMs) and the random forest (RF) algorithm. These
methods have been developed to aid in the diagnosis
of cancer and the discovery of sensitizing drug targets
(9, 10).

In our study, we first screened DEGs between TMZ-
resistant and TMZ-sensitive GBM cell lines from the
Gene Expression Omnibus (GEO) database. Next, we
downloaded transcriptional data and clinical information
on GBM patients from The Chinese Glioblastoma
Genome Atlas (CGGA). Subsequently, functional
modulesrelated to GBM tumor status and candidate TMZ
resistance-related hub genes were screened based on
WGCNA and machine learning strategies. Furthermore,
we performed immune infiltration analysis, TF-miRNA
coregulatory network analysis, and drug sensitivity

Iran. J. Biotechnol. October 2024;22(4): e3892

analysis to better understand the molecular mechanisms
involved in the onset of TMZ resistance.

2. Objectives

The objectives of this study are to delineate the genetic
landscape of TMZ resistance in GBM by identifying
DEGs associated with this resistance. We aim to
evaluate the clinical significance of these DEGs in
terms of their potential as prognostic indicators and
therapeutic targets for GBM patients. Furthermore, the
study seeks to validate the expression patterns of key
genes identified through bioinformatics and machine
learning approaches, and to explore their functional
roles and clinical relevance in TMZ-resistant GBM.

3. Materials and Methods

3.1. Raw Data Acquisition and Preprocessing

Two gene expression datasets were obtained from the
GEO database (https://www.ncbi.nlm.nih.gov/geo/).
The GSE113510 dataset contained three samples from
TMZ-resistant cells and their parental TMZ-sensitive
cells and was sequenced using the GPL21047 platform.
The GSE199689 dataset included three samples from
TMZ-resistant cells and three samples from their
parental cell lines and was based on the GPL16956
sequencing platform. The raw data were normalized
using the R package “preprocessCore” (version
R4.1.3). Transcriptional and clinical information for
glioblastoma patients was downloaded from the CGGA
(http://www.cgga.org.cn/). Eight clinical characteristics
were retained for subsequent analysis: recurrence status,
grade, age, OS time, survival status, IDH wild-type
status, 1p/19q codeletion status, and MGMT promoter
methylation status.

3.2. Identification of DEGs

After normalization and comparison of gene expression
levels between the TMZ-sensitive and TMZ-resistant
groups, DEGs were screened using the R package
“limma” with the cutoff criteria |log2-fold change| >1
and adjusted p value < 0.05. The R packages “ggplot2”
and “pheatmap” were subsequently used to present
DEG expression levels in volcano plots and heatmaps.

3.3. Gene Ontology (GO) and Kyoto Encyclopedia of
Genes and Genomes (KEGG) analyses
GO and KEGG (https://www.genome.jp/kegg)
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analyses of intersecting genes from the GSE113510
and GSE199689 datasets were performed with the R
package “clusterProfiler” (11), and visualization was
subsequently performed using the R package “ggplot2”.
Significantly enriched GO terms and KEGG signaling
pathways were screened for analysis (12-14).

3.4. Construction of the WGCNA

Based on the R package “WGCNA”, the WGCNA
network was constructed to discern gene modules
related to TMZ resistance in GBM (8). First, all the
samples were clustered, and the clinical features were
demonstrated. Second, the soft-thresholding power
(B) was calculated by using the “pickSoftThreshold”
function to better detect strong correlations between
gene modules and convert the correlation matrix into
a weighted adjacency matrix. Using a soft threshold
of 7 for a correlation coefficient of 0.9, the DEGs
were incorporated into a connectivity matrix. Third,
the converted topological overlap matrix (TOM) was
used to identify coexpressed gene modules (minimum
number =50, cutoff height threshold = 0.3). Fourth, key
modules were selected based on their correlations with
malignant features in GBM, and genes within those
modules were considered key genes. Subsequently,
the genes with the highest node degree values were
subjected to GO and KEGG analyses, as described
above.

3.5. Machine Learning-Based Screening of Key Genes
Related to TMZ Resistance

The study employed the LASSO logistic regression,
SVM, and RF algorithms to ascertain the pivotal
genes associated with TMZ resistance and their
impact on survival status. The R packages “glmnet”,
“e1071” and “randomForest” were utilized to identify
significant genes using the above three machine
learning algorithms. As a dimensionality reduction
method, LASSO regression analysis has advantages
over traditional regression analysis for evaluating high-
dimensional data. For the selection of relevant features
and the removal of redundant features, SVM-RFE
outperforms linear discriminant analysis and the mean
square error. Drug resistance-associated genes that are
affected by survival status were ranked using the RF
algorithm. A tenfold cross-validation method was used
to estimate the prediction performance, identifying
twenty genes of relative importance as feature genes.
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Ultimately, genes that overlapped among the three
machine learning algorithms were considered potential
markers that can impact survival. Key genes obtained
by machine learning were compared between GBM
patients with different clinical characteristics. Receiver
operating characteristic (ROC) curves were generated
with the R package “pROC”. The area under the curve
(AUC) values were subsequently calculated to estimate
the predictive utility of the biomarkers.

3.6. Evaluation of Immune Cell Infiltration
Single-sample gene set enrichment analysis (ssSGSEA)
was subsequently performed to assess immune cell
infiltration. The immune cell enrichment scores and
immune function information of the GBM patients
were obtained using the R packages “GSVA”, “limma”,
and “GSEABase”. To analyze differences in immune
function between patients according to survival status,
we utilized the R packages “limma”, “reshape2”, and
“gopubr”. Finally, visualization was implemented via
the R “ggplot2” package.

3.7. Correlation and Enrichment Analyses

Pearson correlation analysis of the top 50 genes most
positively and negatively associated with key genes was
performed through the R package “pheatmap”. Using
the gseGO, gseKEGG, and gsePathway functions of the
R package “clusterProfiler”, GSEA was conducted with
nPerm = 1,000, minGSSize = 10, maxGSSize = 1,000,
and p value cutoff = 0.05.

3.8. TF-miRNA Coregulatory Network Construction
and Drug Sensitivity Analysis

The RegNetwork repository (http://www.regnet-
workweb.org/) was used to predict combinatorial
regulatory interrelations between microRNAs
(miRNAs), transcription factors (TFs), and TMZ
resistance-specific target genes. The TF—miRNA-
mRNA regulatory network was visualized with
Cytoscape. The Gene Set Cancer Analysis (GSCA)
database (http://bioinfo.life.hust.edu.cn/GSCA/)
was used to analyze the correlation between drug
sensitivity and the expression of key genes (15).

3.9. Construction of TMZ-Resistant Cell Lines

Temozolomide was purchased from Sigma—Aldrich
(T2577, Sigma—Aldrich, St. Louis, USA). U343 and
U251 cells were purchased from Xiamen Immocell
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Biotechnology Co., Ltd. (Xiamen, Fujian, China).
Based on our previously established methods, we
constructed stable TMZ-resistant cells and named them
U343-R and U251-R (16). The cells were cultured
in a humidified incubator at 37 °C and 5% CO, in
high-glucose Dulbecco’s minimal essential medium
(DMEM; Gibco, USA) supplemented with 10% fetal
bovine serum (FBS; Meiluncell, Australia) and 1%
penicillin—streptomycin (Gibco, USA).

3.10. Cell Counting Kit-8 (CCK-8) Assay

Cell viability was determined after treatment with
different concentrations of TMZ via CCK-8 assays
(Solarbio, CA1210, China). Briefly, glioma cells were
incubated with various concentrations of temozolomide
in a 96-well plate for 48 hours. Then, 10 pL of CCK-8
solution was added, and the optical density (OD) at 450
nm was measured. Cell viability (%) was calculated
by using the following formula: [OD (TMZ) — OD
(blank)]/ [OD (control) — OD (blank)] x 100%. The
half-maximal inhibitory concentration (IC50) was
calculated by using GraphPad Prism.

3.11. Real-Time Quantitative Polymerase Chain
Reaction (RT—qPCR)

Total RNA was extracted with TRIzol reagent (Thermo
Scientific, USA). Subsequently, its concentration and
purity were assessed using a NanoDrop 2000 (Thermo
Scientific, USA). cDNA synthesis was performed using
SuperScript III Reverse Transcriptase (Invitrogen,
USA), followed by PCR amplification to quantify
the expression levels of the hub genes. The relative
expression levels of target genes were determined using
the 224 method (17, 18). B-actin used as the internal
control (or reference gene) (19-21). The primers used
are listed in Table S1.

3.12. Western Blotting (WB)

The protein expression levels of hub genes were
assessed using Western blotting (WB). Cells were
lysed in RIPA buffer supplemented with protease
and phosphatase inhibitors to extract total proteins.
Protein concentrations were quantified using a BCA
protein assay kit. Equal amounts of protein samples
were resolved by 10% sodium dodecyl sulfate-
polyacrylamide gel electrophoresis (SDS-PAGE) and
subsequently transferred onto polyvinylidene difluoride
(PVDF) membranes. The membranes were blocked
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with 5% non-fat dry milk in Tris-buffered saline with
Tween-20 (TBST) for 1 hour at room temperature and
then incubated with the following primary antibodies
at 4°C overnight: anti-IGFBP2 (1:1000; Cat No.
11065-3-AP, Proteintech), anti-PITX1 (1:1000; Cat
No. 10873-1-AP, Proteintech), and anti-TNFRSF11B
(1:3000; Cat No. PS-18571, Ab-mart). After incubation
with primary antibodies, membranes were washed
with TBST and incubated with horseradish peroxidase-
conjugated secondary antibodies for 1 hour at room
temperature. Immunoreactive bands were visualized
using chemiluminescence reagents (Sharebio, China)
and detected with a ChemiScope Series imaging
system (Clinx Science Instrument Co., China). Relative
protein expression levels were quantified using ImagelJ
software, with B-actin (1:2000; Cat No. 20536-1-AP,
Proteintech) serving as an internal loading control.

4. Results

4.1. Identification of TMZ Resistance-Related Degs in
GBM

The expression profiles from the 2 GEO datasets
(GSE113510 and GSE199689) were normalized using
the R package “preprocessCore” (Fig. S1). A total
of 7911 DEGs were obtained in GSE113510; these
DEGs included 3946 upregulated genes and 3965
downregulated genes (Fig. S2A, S2B). Analysis of the
GSE199689 dataset revealed 2610 upregulated genes
and 1938 downregulated genes (Fig. S2C, S2D).

4.2. Functional Enrichment Analysis of The Degs

We analyzed the intersection of the 769 DEGs obtained
from GSEI113510 and GSE199689 (Fig. 1A, 1B).
GO enrichment and KEGG pathway analyses were
subsequently carried out for the up- and downregulated
genes to assess their biological functions. The
genes were mainly enriched in biological processes
(BPs) including extracellular matrix organization,
extracellular structure organization, and external
encapsulating structure organization. The enriched
cellular component (CC) terms included collagen-
containing extracellular matrix, adherens junction,
basement membrane, and related terms (Fig. 1C).
KEGG enrichment analyses revealed that the genes
were associated with cytokine—cytokine receptor
interaction and the lipid and atherosclerosis pathway
(Fig. 1D).
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Figure 1. Intersection and functional enrichment analysis of the DEGs. A, B) intersection of the upregulated
and downregulated DEGs. C) GO analysis showing enrichment of the DEGs in the BP, CC. D) KEGG analysis
of the DEGs. BP, biological process; CC, cellular component; DEGs, differentially expressed genes; GO, Gene

Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes.
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Figure 3. The identification of modules specific to glioblastoma and functional enrichment analyses of module
eigengenes. A) Relationships of consensus modules with malignant features of glioblastoma are explored. Each
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analyses were conducted to predict the potential functions of genes in the MEbrown module, including CC, MF, and
BP. C) KEGG potential pathways regarding genes in the MEbrown module were evaluated. D) The cord diagram
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4.3. WGCNA-Based Screening of Crucial Modules
Associated with TMZ Resistance In GBM

Data on 23971 transcribed genes in 693 samples were
obtained from the CGGA database. A total of 486
patients were enrolled after patients with incompleted
clinical feature data were excluded. A total of 769
overlapping DEGs were obtained from the GEO data
analysis, and 713 genes were retained after comparison
with the DEGs in the CGGA dataset. The above data
were subsequently used to screen for TMZ resistance-
related hub modules. Both samples showed a better
clustering trend (Fig. 2A). The gene modules were
constructed based on a soft-threshold power of 7 (Fig.
2B). A coexpression matrix network was constructed,
and five gene modules were visualized as heatmaps
via dynamic hybrid shearing (Fig. 2C). A strong
association was found between the MEbrown module
and clinical prognostic signatures in GBM patients
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(Fig. 3A). Eigengenes from the MEbrown module were
selected for subsequent functional enrichment analyses.
As shown in Figure 3B, the functional enrichment
of the genes was analyzed in three categories: the
main enriched BP terms were extracellular matrix
organization, extracellular structure organization,
external encapsulating structure organization, and
T-cell activation. The main enriched CC terms were
collagen-containing extracellular matrix, endoplasmic
reticulum lumen, and basement membrane. The main
enriched MF terms were cytokine activity, receptor—
ligand activity, and signaling receptor activator
activity. As shown in Figure 3C, KEGG analyses
revealed that the module genes were significantly
enriched in pathways related to rheumatoid arthritis,
cytokine—cytokine receptor interaction, and viral
protein interaction with cytokines and cytokine
receptors.
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The interrelationships among the five major signaling
pathways and the crucial genes are indicated in Figure
3D.

4.4. Screening And Confirmation of TMZ Resistance-
Related Genes Via a Comprehensive Strategy

Among the DEGs common to both datasets, 25 genes
were identified as potential TMZ resistance-related
genes via the LASSO logistic regression algorithm
(Fig. 4A). Twenty candidate resistance-related genes
were identified via the RF algorithm (Fig. 4B). One
hundred and seven candidate resistance-related genes
were identified via the SVM-RFE algorithm (Fig.
4C). The overlapping DEGs among those identified
via the three algorithms were regarded as potential
TMZ resistance-related genes; these genes included
TNFAIP6, TNFRSF11B, TGIF1, PITX1, FCGR2A,
LOXL3, SLC25A37, TNC, IGFBP2, and MAOB
(Fig. 4D). Further analysis revealed a general positive
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correlation among all ten genes (Fig. 4E). According
to the heatmap, three highly expressed genes (PITX1,
TNFRSF11B, and IGFBP2) exhibited significant
differences in expression levels between GBM patients
grouped based on clinical characteristics (Fig. 5A, 5C,
S5E). The Kaplan—Meier analysis of survival curves
revealed that recurrent GBM patients who had high
expression of the three genes had shorter overall survival
than those with low expression of these genes (Fig. 5B,
5D, 5F). The calculated AUCs for TNFRSF11B, PITX1,
and IGFBP2 were all greater than 0.7, indicating that
these three genes have moderate diagnostic value (Fig.
S3).

4.5. Analysis of Immune Cell Infiltration

The majority of the correlations between the ratio of
infiltrating immune cells and total macrophages were
positive, as shown in Figure S4A. A violin plot was
generated, and the results showed that the level of
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most infiltrating immune cells was significantly greater
in the decreased patient subgroup than in the live
patient subgroup. However, there were no significant
differences in the infiltration levels of activated B cells,
CD56dim natural killer cells, eosinophils, monocytes,
or neutrophils between the groups (Fig. S4B). The
results of the correlation analysis indicated that there
was a strong positive correlation between the expression
of TMZ resistance-related genes and the infiltration of
multiple immune cell types. Conversely, TNFRSF11B
exhibited a negative correlation with the infiltration
levels of CD56dim natural killer cells (Fig. S4C).

4.6. Correlation And Enrichment Analyses
Utilizing CGGA data, we performed a correlation
analysis between these three TMZ resistance-related

TNFRSF11B
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genes and other genes in GBM samples to predict their
functions and related pathways (Fig. SSA-S7A, Fig.
S5B-S7B). The top 50 genes with the strongest positive
and negative associations with the three hub genes
were subjected to enrichment analysis. GO analysis
via the GSEA website revealed that IGFBP2, PITX1,
and TNFRSFI11B were primarily associated with
neutrophil-mediated immunity, neutrophil activation
involved in the immune response, G2/M transition of
the mitotic cell cycle, response to hypoxia, regulation
of cytokine-mediated signaling pathways, and cytokine
production. Additionally, KEGG pathway analysis
revealed significant enrichment in protein processing in
the endoplasmic reticulum, viral carcinogenesis, the cell
cycle, the P53 signaling pathway, cytokine—cytokine
receptor interaction, and osteoclast differentiation.

F) /All WHO Grade Survival (Recurrent Glioma)

Strata s expebigh expression 24y expeLown prossion 260

Figure 5. The expression of the three TMZ-resistance genes is related to clinical characteristic subgroups and
overall survival for GBM patients. A) The correlation between TNFRSF11B expression levels and glioblastoma
clinical characteristic subgroups and B) Kaplan—Meier overall survival curves for recurrent GBM patients. C) He
correlation between PITX1 expression levels and glioblastoma clinical characteristic subgroups and D) Kaplan—
Meier overall survival curves for recurrent glioblastoma. E) The correlation between IGFBP2 expression levels and
glioblastoma clinical characteristic subgroups and F) Kaplan—Meier overall survival curves for recurrent GBM patients.
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Moreover, the following pathways were strongly
enriched according to Reactome pathway analysis: cell
cycle mitotic, cell cycle, separation of sister chromatids,
mitotic anaphase, neutrophil degranulation, and
cytokine signaling in the immune system pathway (Fig.
S5C-S7C). These results indicate that IGFBP2, PITX1,
and TNFRSF11B play important roles in several
malignancy-related pathways in GBM, especially those
related to immunity, cellular signal transduction, and
cell cycle regulation.

4.7. TF-Mirna Coregulatory Network and Analysis
MicroRNAs (miRNAs) and transcription factors (TFs)
regulate target gene expression at multiple levels. We
performed a comprehensive analysis to investigate
the potential dual regulatory role of miRNAs and TFs
in GBM. Initially, we screened three genes linked
to TMZ resistance and identified their predicted
and experimentally verified targets among TFs and
miRNAs. The constructed TF-miRNA coregulatory
network consisted of 74 nodes, including 21 TFs, 3
core genes, and 50 miRNAs (Fig. S8). Three miRNAs,
namely, hsa-miR-145, hsa-miR-19a, and hsa-miR-
220c, exhibited high connectivity with the core genes.
Additionally, the TF gene MZF1 was identified as the
most prominent target and exhibited connections with
the core genes.

4.8. Drug Sensitivity Analysis

The drug sensitivity of IGFBP2, TNFRSF11B, and
PITX1 was represented by bubble plots following
GSCA analysis (Fig. S9). According to the Clinical
Trials Reporting Program (CTRP), high expression
of IGFBP2 might be an indicator of sensitivity to
austocystin D. High expression of TNFRSFI11B
might indicate sensitivity to dasatinib. Moreover,
the expression levels of IGFBP2, TNFRSF11B, and
PITX1 exhibited significant correlations with the
IC50 values of some drugs (Fig. S9A). Analysis of
the GDSC database indicated that patients with high
expression of IGFBP2 might exhibit resistance to
AZD6482, BEZ235, and 17-AAG, and those with high
expression of PITX1 and TNFRSF11B might exhibit
resistance to BX-912, GSK1070916, and NPK76-
II-72-1. Conversely, the results indicated that patients
with high expression of IGFBP2 may exhibit sensitivity
to specific drugs, such as SB2334 and navitoclax.
Notably, high expression of PITX1 and TNFRSF11B
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may indicate sensitivity to 17-AAG (Fig. S9B).

4.9. Generation of Temozolomide-Resistant Cells and
Validation of The Resistance-Related Key Genes

U251 and U343 cells were treated with increasing
doses of TMZ to establish cell lines that were
resistant TMZ. After a continuous culture period of
6 months, the IC50 values of both the parental and
the resistant cells were assessed using the CCK-8
assay. A noticeable association was observed between
the concentration of TMZ and the viability of both
parental and TMZ-resistant cells, and the correlation
became stronger as the dose increased. Notably,
compared with that of U251-R cells, the viability rate
of U251 cells was significantly lower under treatment
with varying concentrations of TMZ, and a similar
trend was observed for U343 and U343-R cells (Fig.
6A, 6B). Subsequently, a comparative analysis of
mRNA expression levels in temozolomide (TMZ)-
resistant cells revealed a significant upregulation of
TNFRSF11B and IGFBP2 transcripts (all P < 0.01)
(Fig. 6C, 6D). To corroborate these findings at the
protein level, we performed western blot validation,
which confirmed that the protein expression levels of
TNFRSF11B and IGFBP2 were consistent with the
observed mRNA expression trends in RT-qPCR (P <
0.01) (Fig. 7).

5. Discussion

TMZ is a chemotherapeutic agent routinely used to
treat high-grade gliomas, especially GBM. However,
biological heterogeneity within the GBM patient
population significantly
response, leading to considerable variations in outcomes
and posing a substantial obstacle to the implementation
of tailored therapies and the improvement of patient
prognosis (22-24). Consequently, identifying TMZ-
sensitive patients is of paramount importance in the
context of personalized therapeutic interventions.
Several studies have investigated the mechanism of
chemoresistance in GBM by generating cells resistant
to TMZ (25, 26). However, few studies have focused
on RNA sequencing (RNA-seq) of TMZ-resistant
cells and their parental counterparts to identify key
genes that are differentially expressed between cells
with and without TMZ resistance. A recent study
developed a risk model to predict glioma’s response
to TMZ and identified DACHI1 as a key gene involved

influences the treatment
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in TMZ resistance, which could serve as a potential
therapeutic target for enhancing chemosensitivity (27).
However, this single-gene research approach lacks
a systematic and comprehensive nature. Therefore,
this study systematically investigates gene expression
and explores the biological processes involved in the
resistance of glioma cells to TMZ chemotherapy.

We identified the DEGs between resistant and
nonresistant cells and found that the expression of
three key genes (PITX1, TNFRSF11B, and IGFBP2)
was notably increased in TMZ-resistant cells and
was positively related to adverse clinical features.
Furthermore, the expression levels of key genes were
validated in our constructed glioma TMZ-resistant
cell lines by using RT—qPCR and WB. These findings
elucidated the possibility that these three genes play
essential roles in TMZ resistance.

The pituitary homeobox 1 gene, commonly referred to
as PITX1, has garnered extensive research attention.
Recent studies have revealed the dysregulation
of PITX1 expression in various malignancies,
underscoring its important role in tumor progression
and resistance to chemotherapy. According to previous
studies, the upregulation of PITX1 in neoplastic cells
facilitates drug-induced apoptosis following exposure
to mitomycin C and etoposide (28). Sorafenib and
regorafenib have been demonstrated to increase the
PITX1 protein expression level and promote apoptosis
(29, 30). The findings of our study are in concordance
with these findings. RT-qPCR showed that PITX1
expression is decreased in TMZ-resistant cell lines, and
the inconsistency between these results and that of the
bioinformatic analysis may be partly attributed to the
use of different GBM cell lines. We speculate that TMZ
treatment leads to a noteworthy increase in PITXI
expression in TMZ-sensitive cells, which markedly
promotes apoptosis.

Tumor necrosis factor receptor superfamily
member 11B (TNFRSF11B), always referred to as
osteoprotegerin (OPQG), is a constituent of the tumor
necrosis factor (TNF) receptor superfamily (31, 32).
Patients who exhibit high expression of TNFRSF11B
in prostate cancer have a significantly poorer prognosis
than those with low expression, and TNFRSF11B
serves as a key determinant in cell survival in hormone-
resistant prostate cancer cells (33, 34). Moreover,
elevated levels of the secreted protein TNFRSF11B
are associated with a dismal postoperative prognosis
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in hepatocellular carcinoma patients (35). Specific to
the field of glioma research, A previous study indicates
that the methylation-regulated gene TNFRSF11B plays
a significant role in GBM progression, with potential
as a therapeutic target for drugs like zoledronic acid,
which may enhance treatment efficacy (36). Insulin-
like growth factor binding protein 2 (IGFBP2)
is a prominent constituent of the IGFBP family.
Numerous studies have highlighted the pivotal role of
IGFBP2, whether by binding to IGFs independently,
in influencing tumorigenesis by modulating various
cancer-related characteristics (37). In addition, the
upregulation of IGFBP2 has been consistently related to
enhanced tumor cell proliferation, invasion, migration,
and chemotherapy resistance. Multiple investigations
have established a positive correlation between
heightened IGFBP2 expression and unfavorable
outcomes in patients diagnosed with gliomas (38-40).
Another study reported that IGFBP2 can facilitate
chemotherapy resistance, cell proliferation, and
invasion in glioma patients through the integrin 1/
ERK signaling pathway (41). Specifically, IGFBP2 was
found to hinder the binding of IGF-1 to its receptor. A
previous study revealed that IGFBP2 contributes to
erlotinib resistance by modulating adipokine leptin-
activated IGF-1R signaling (42). Furthermore, Masuo
and coworkers demonstrated that the overexpression
of the zinc finger protein SNAIL2 in pancreatic cancer
promotes gemcitabine resistance through the regulation
of transcription and expression of IGFBP2 (43).

Our study revealed that high TNFRSF11B and
IGFBP2 expression is significantly correlated with
malignant clinicopathological characteristics and a
poor prognosis in glioma patients. RT-qPCR and
WB analysis further confirmed that TNFRSF11B
and IGFBP2 were more highly expressed in TMZ-
resistant cell lines than in TMZ-sensitive cell lines.
This observed trend is consistent with the findings of
previous studies on chemoresistance in glioma and
other tumor types. Therefore, we speculated that the
TNFRSF11B and IGFBP2 genes possibly participate
in similar mechanisms in GBM chemoresistance and
proposed a potential therapeutic target for improving
the response to GBM TMZ chemotherapy. In addition,
our findings align with the theory that aberrant crosstalk
among cytokines is linked to chemotherapy resistance
and relapse risk. This is supported by the results of the
current study, which demonstrated that genes correlated
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with TMZ resistance were enriched in the cytokine—
cytokine receptor interaction pathway (44, 45).
Compared with previous studies, we utilized more
accurate and comprehensive bioinformatics analysis
and machine learning methods to screen key TMZ
resistance-related genes. In addition to using GEO
datasets, we used the CGGA database as validation
cohort to increase the sample size of the study and the
reliability of the results. However, our study has several
limitations. First, it is imperative to acknowledge that
the sample size was too small. Studies with larger
sample sizes and more comprehensive methods could
yield more accurate conclusions regarding the potential
value of the identified genes as predictive markers
of drug resistance and/or therapeutic targets for
glioma. Second, while three pivotal genes exhibiting
differential expression between groups were identified,
the mechanisms by which these genes are involved
in glioma TMZ resistance have not been determined.
Consequently, subsequent  functional
experiments are warranted to determine the biological
functions and pathogenesis mechanisms of these key
genes.

numerous

6. Conclusion

In conclusion, our study identified and wvalidated
three potential key genes (PITX1, TNFRSF11B, and
IGFBP2) that are specifically associated with resistance
to TMZ in GBM patients. Furthermore, we predicted
the pathways and biological functions related to these
genes. These preliminary findings offer a glimpse
into the underlying mechanisms of TMZ resistance
and promising therapeutic targets for overcoming
chemoresistance in GBM. Ultimately, the application
of these results has the potential to improve therapeutic
outcomes for patients diagnosed with GBM.
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