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I[dentification and verification of
the temozolomide resistance
feature gene DACHL1 in gliomas

Qiang Gu, Lang Li, Jiahao Yao, Fa-yan Dong, Yifan Gan,
Shuhuai Zhou, Xinyu Wang and Xue-feng Wang*

Harbin Medical University, Harbin, China

Introduction: The most important chemotherapy treatment for glioma patients
is temozolomide. However, the development of drug resistance severely restricts
the use of temozolomide. Therefore, elucidating the mechanism of
temozolomide resistance, enhancing temozolomide sensitivity, and extending
patient survival are urgent tasks for researchers.

Methods: Temozolomide resistance hub differential genes were identified using
differential analysis and protein interaction analysis from the GEO datasets
(GSE100736 and GSE113510). These genes were further studied in glioma
patients treated with temozolomide in the TCGA and CGGA databases.
Patients from the mRNAseq_325 dataset (CGGA) were considered as the
training set to construct a risk model for predicting glioma sensitivity to
temozolomide, while patients from the mRNAseq_693 dataset (CGGA) and
TCGA-GBM dataset were considered as the validation set to evaluate the
performance of models. PCR and western blot were performed to determine
the difference in expression of the feature gene DACH1 between glioma cells and
temozolomide-resistant glioma cells. The alterations in the sensitivity of tumor
cells to temozolomide were also observed after DACH1 was silenced. The
patients were then divided into two groups based on the expression of
DACH1, and the differences in patient survival rates, molecular pathway
activation, and level of immune infiltration were compared.

Results: Based on four signature genes (AHR, DACH1, MGMT, and YAP1), a risk
model for predicting glioma sensitivity to temozolomide was constructed, and
the results of timeROC in both the training and validation sets showed that the
model had good predictive performance. The expression of the signature gene
DACH1 was significantly downregulated in temozolomide-resistant cells,
according to the results of the PCR and western blot experiments. The
sensitivity of tumor cells to temozolomide was significantly reduced after
DACH1 was silenced. DACH1 probably regulates temozolomide resistance in
glioblastoma through the transcriptional dysregulation in cancer and ECM.

Discussion: This study constructs a risk model that can predict glioma
susceptibility to temozolomide and validates the function of the feature gene
DACH1, which provides a promising target for the research of temozolomide
resistance.
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Introduction

Gliomas are the most common primary intracranial tumors,
which mostly affect the frontal and temporal lobes of the cerebral
hemispheres (1). Although this tumor shares many characteristics
with typical glial cells, its precise origin is yet unknown (2). The
current standard of care is surgical resection combined with
postoperative radiation and temozolomide chemotherapy,
followed by continued adjuvant chemotherapy with
temozolomide (3). Despite the benefit of standard treatment, the
prognosis for patients is still poor, with a median survival rate of less
than 15 months and a five-year survival rate of only 6.9% (4). This is
closely related to a number of factors, such as the tumor’s infiltrative
growth, the inadequate surgical resection, and the development of
chemo-radiotherapy resistance (5). Temozolomide is a novel, 2nd-
generation oral alkylating agent that has been approved by the FDA
(Food and Drug Administration) for the treatment of brain tumors
since 2005 (6). Temozolomide does not directly inhibit the growth
of tumors. It can degrade into MTIC (5-(3-methyl-1-triazeno)
imidazole-4-carboxamide), and then degrade into AIC (4-amino-
5-imidazole-carboxamide) and methane-diazonium. Methane-
diazonium is considered as an active alkylating substance that can
alkylate the N” and O sites of guanine and the N° site of adenine,
interfering with DNA replication through the MMR (mismatch
repair) pathway to exert cytotoxic effects and induce apoptosis in
tumor cells (7). Due to its lipophilic nature, temozolomide easily
penetrates the BBB (blood-brain barrier) (8). Temozolomide is the
recommended chemotherapeutic agent for glioma since it has a
good oral absorption ratio and fewer side effects compared to other
chemotherapy drugs (such as procarbazine, lomustine, vincristine,
etc.) (9). However, as treatment proceeds, tumors gradually develop
chemoresistance, which ultimately results in treatment failure.
Currently, the theoretical explanations for Temozolomide
resistance include DNA repair mechanisms, survival autophagy,
glioma stem cells (GSCs), drug efflux transporters, and others (10).
However, the precise mechanisms through which drug resistance
develops are still unknown.

Machine learning is a multidisciplinary technique that
combines statistics and computer science and uses a variety of
strategies and algorithms to arrive at the best model (11). Compared
with traditional statistical methods that concentrate on the causality
of hypothesis testing and the significance of model features,
machine learning focuses more on the downscaling of high-
dimensional data and the predictive performance and
generalization of models (12, 13). As a result, machine learning is
better suited for analyzing complex and large quantities of data (e.g.,
gene expression analysis, image feature extraction, drug sensitivity
prediction, etc.).

In conclusion, we developed a risk model to predict the
prognosis of patients treated with temozolomide using gene
expression profiles and clinical data from the GEO (Gene
Expression Omnibus), TCGA (The Cancer Genome Atlas), and
CGGA (Chinese Glioma Genome Atlas) databases. One of the
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model’s signature genes (DACHI1) was identified and validated,
providing a promising target for temozolomide resistance research.

Materials and methods
Patients and datasets

The RNA expression profiles of glioma cells and glioma TR
(temozolomide-resistance) cells were obtained from the GEO
database. There was a total of two datasets: GSE100736 contained
the RNA expression profiles of three U251 and three U251TR, while
GSE113510 contained the RNA expression profiles of three LN229
and three LN229TR. The RNA expression profiles and clinical
information of glioma patients were obtained from the CGGA and
TCGA databases. The training set included 188 patients from the
mRNAseq 325 dataset (CGGA), the validation set I included 435
patients from the mRNAseq_693 dataset (CGGA), and the
validation set II included 58 patients from the TCGA-GBM.
Selection criteria include: 1. receiving standard temozolomide
treatment; 2. having a survival time of more than 30 days; 3.
having a glioblastoma with a clear pathologic diagnosis. R
software (version 4.2.0) was used to standardize, batch-correct,
quality-check, and ID-transform the data.

Differential expression analysis

Differential expression analysis was performed using the
“limma” package (version 3.52.1) for microarrays from the GEO
database and the “DESeq2” package for RNA-seq from the CGGA
and TCGA databases in R software. Volcano plots were used to
depict differential expression genes (DEGs).

Protein-protein interaction

DEGs were imported into the string website (14) (https://
cn.string-db.org/) to build PPI networks online. The generated
networks were then imported into the Cytoscape software
(version 3.9.1) to analyze the hub node of the network using the
Centiscape plugin, with the following selected parameters: degree,
betweenness, Eigenvector centrality, and bridging centrality. For the
genes whose scores were all above 50%, we defined them as
hub DEGs.

Model construction and evaluation

A batch univariate COX regression analysis was conducted to
identify genes that were significantly related with patient prognosis
(p <0.05). Genes that were risky for prognosis and up-regulated in
the DEGs as well as genes that were protective for prognosis and
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down-regulated in the DEGs were picked out. Then, lasso
regression analysis and random forest were used to further screen
these genes. The risk model was built using the final feature genes
that had been screened, and the patient’s riskScore values were
calculated (riskScore = hy (t)*exp(Blx1+P2x2+... + PBnxn). The
performance of the model was evaluated using the training set and
validation set data.

Drug prediction

Based on the riskScore values calculated by the model, patients
were divided into high- and low-risk groups, and differences in
temozolomide sensitivity between high- and low-risk groups were
predicted by the “oncoPredict” package. Drugs that can reverse
feature gene expression were predicted online with the help of the
SPIED3 website (http://212.48.67.52/cgi-bin/HGNC-SPIED3.cgi).

Functional prediction of DACH1

Genes that interact with DACHI1 were identified on the
GeneMANIA website (http://genemania.org/), and these genes
were entered into the Metascape website (https://metascape.org/
gp/index.html#/main/stepl) for enrichment analysis of GO
biological processes and KEGG pathways to predict the function
of DACHLI.

Cell culture and inducing temozolomide-
resistant clones

U251 human-derived GBM cell lines were obtained from the
Chinese Academy of Sciences Cell Bank and cultured using 90%
DMEM (Dulbecco’s modified Eagle medium, Gibco) + 10% FBS
(fetal bovine serum, Hyclone) at 37° and 5% CO2 environment. After
the cell proliferation was stabilized, ten U251 clones were selected for
the construction of drug-resistant cell lines by the drug concentration
increment method. The temozolomide concentrations were in the
following order: 0.125 pg/mL, 0.25 pg/mL, 0.5 ug/mL, 1 ug/mL, 2 pug/
mL, 4 pug/mL, 8 ug/mL, and 16 pg/mL. Each concentration was
maintained until the cells could keep growing steadily for five to six
generations. After more than 6 months of induction, three U251
clones were successfully converted to U251TR, which were employed
in subsequent biological experiments.

Cell transfection

The DACH1 shRNA lentiviral vector was purchased from
Shanghai Genechem Co., Ltd. The interference target sequence is
5-GCACTTGAGTTTGAGACGA-3’ [from the research by Zhao
et al. (15)]. The vector component is hU6-MCS-CBh-gcGFP-IRES-
puromycin. U251 cells were cultured in 6-well plates at 10,000 cells
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per well, incubated for 24 h, and then replaced with medium
containing virus (MOI = 5) for transfection, which took roughly
8 h. Puromycin (concentration: 2 pg/ml) was then used to further
treat U251 cells for 48 hours in an effort to remove any
failed transfections.

Quantitative real-time PCR

RNAiso Plus (Takara, Code No. 9108) and PrimeScriptTM
RT reagent Kit (Takara, Code No. RR047A) were used to extract
and reverse-transcribe total RNA to cDNA. The SYBR Green Premix
Ex Taq kit (Takara, Code No. RR820A) was used to perform real-time
quantitative fluorescence analysis in the CFX Connect Real-Time
System (Bio-Rad, USA). The experimental steps are followed
according to the manual. The PCR procedure was 95°C for 30 s,
45 cycles at 95°C for 10 s, and 55°C for 30 s. Relative mRNA expression
was calculated through the 24" method and adjusted to GAPDH.
Prism software was used to analyze and display the results.
The primer sequences are as follows: GAPDH (forward primer: 5-
AGTAGAGGCAGGGATGATG-3’; reverse primer: 5- TGG
TATCGTGGAAGGACTC-3’); DACHI1 (forward primer: 5’-
GGAATGGATTGTGGCTGAAC-3’; reverse primer: 5- GGT
ATTGGACTGGTACATCAAG-3)).

Western blot

Cell lysis buffers (Beyotime) were used to lyse the cell. Protein
concentrations were determined by the BCA method and finally
diluted to 3 pg/ul. Electrophoresis was performed using 12.5%
PAGE gel with a loading volume of 10 ul per lane. After
electrophoresis, proteins were transferred from gel to PVDF
membrane. The PVDF membrane was sealed for 2 h with 5%
skim milk, then incubated with primary antibodies at 4°C for 12 h
and secondary antibodies at room temperature for 1.5 h. Prior to
each step, the membrane was washed three times with TBST for ten
minutes. Final imaging by ECL (enhanced chemiluminescence).
Both primary and secondary antibodies were purchased from the
Proteintech company. Primary antibodies included DACHI
monoclonal antibody (Cat No: 60082-1-Ig, dilution: 1:5000) and
GAPDH monoclonal antibody (Cat No: 60004-1-Ig, dilution:
1:50000). The secondary antibody is HRP-conjugated Affinipure
Goat Anti-Mouse IgG(H+L) (Cat No: SA00001-1, dilution: 1:5000).

Temozolomide toxicity experiment

Cells from the experimental and control groups were cultured
in 96-well plates with 5000 cells per well for 24 h and then replaced
with serum-free medium containing different concentrations of
temozolomide (GLPBIO) (0 uM, 400 puM, 1000 uM, 1600 uM,
2200 UM, 2800 UM in order). The CCK8 (GLPBIO) (final
concentration of 10%) was administered after 48 h of incubation.
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The OD value was measured after 1 hour, and the cell survival rate
was calculated. Cell survival rate = (experimental group - blank
group)/(control group - blank group). The IC50 was extrapolated
from a fitted curve made using the cell survival rate and
temozolomide concentrations.

Scratch assay

Cells were cultured in 6-well plates with 30,000 cells per well
after marking the 6-well plates’ bottom surface. After 24 h, the 6-
well plates were scratched perpendicularly to the marker line and
replaced with medium containing temozolomide (concentration: 50
UM). The marker points at 0 and 24 hours, respectively, were
captured on camera. The formula for calculating the cell migration
rate is (1-24 h scratch area/0 h scratch area) * 100%.

Survival analysis

Based on the feature genes’ median levels of expression, the
samples were divided into two groups. The “survival” package was
used to analyze survival differences between the two groups.

Analysis of immune infiltrates and gene set
enrichment analysis

Based on the median value of the feature gene DACHI
expression, patients in the training set were divided into high and
low expression groups, and differential expression analysis was run
for the two groups. Genes were sorted according to logFC value
from largest to smallest, and GESA was performed by the
“clusterprofiler” package to find potential molecular pathway

10.3389/fonc.2023.1120103

associations for the high and low expression groups. Pathways
with a P-value < 0.05 were considered statistically significant. The
“Estimate” package was applied to examine the immune score and
tumor purity of patients. The Cibersortx website (https://
cibersortx.stanford.edu/) (16) was visited to examine immune cell
infiltration in patients.

Statistical analysis

The Prism software (version 9.3) and R software (version 4.2)
were used for statistical analysis of the experimental results. The t-
test was used to compare two groups, and double-factor variance
analysis was used to compare several groups. The Kaplan-Meier
method was used to compare the survival rates of high-risk and
low-risk groups. Risk models were constructed by multivariate Cox
regression analysis. In the figure, 'ns' indicates P > 0.05, ™' indicates
P <0.05, ** indicates P < 0.01, ***' indicates P < 0.001, and ****'
indicates P < 0.0001. The prediction accuracy of the risk model was
evaluated by TimeROC. There were at least three successful
replications in each experiment.

Result

Identification of hub DEGs

1529 DEGs were yielded by differential analysis from the
GSE100736 dataset and the GSE113510 dataset, of which 556
DEGs were up-regulated and 973 DEGs were down-regulated.
The results are shown by volcano plots (Figure 1A) and heat map
(Figure 1B). In the volcano plot, the red dots represent genes that
are upregulated in the temozolomide resistance group (logFC > 2
and P.value < 0.01) while the green dots represent genes that are
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FIGURE 1

Identification of hub DEGs. (A) DEGs are shown by the volcano plot. Red dots represent genes that are upregulated in the resistance group (logFC >
2 and P.value < 0.01), and green dots represent genes that are downregulated (logFC < 2 and P.value < 0.01). (B) The heatmap shows the top 30 up-
regulated and top 30 down-regulated genes in the drug resistance group. Red means genes up-regulated and blue means genes down-regulated.

(C) 45 hub DEGs PPI network.
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downregulated (logFC < 2 and P.value < 0.01) in that group. The
heatmap displays the top 30 genes that were up- and down-
regulated in the temozolomide resistance group. Blue indicates
down-regulated genes, while red indicates up-regulated genes.
These DEGs were input into the string website for the PPI
network’s construction. 45 hub DEGs network were identified
and constructed with the help of the Centiscape plugin of the
Cytoscape software (Figure 1C).

Construction and evaluation of a risk
model for predicting glioma sensitivity
to temozolomide

Univariate COX regression analysis identified 18 genes from 45
hub DEG that were significantly (P<0.05) related with patient
prognosis (Supplementary material 1). Finally, nine genes were
determined by intersecting genes with HR > 1 and upregulated
DEGs as well as genes with HR < 1 and downregulated DEGs
(Figure 2A). The lasso regression analysis was ran using the
“glmnet” package. As log(A) increases, the regression coefficients
of variables start to converge, eventually reaching 0 (Figure 2B). As
the variables gradually converge, the partial likelihood deviance
changes in a waveform. When there are 7 variables, the model
performs best (Figure 2C). Hence, these 7 genes were chosen for
further analysis. The random forest algorithm was executed using
the “randomForestSRC” package. As the number of decision trees

10.3389/fonc.2023.1120103

increased, the model’s error rate gradually reduced (Figure 2D). The
variables were ordered from high to low importance in the model
(Figure 2E). The top 4 genes in terms of importance were used as
the feature variables (Figure 2F), and the coxph function of the
“survival” package was used to construct the risk model. In the risk
model, riskScore = exp (0.26495 * AHR +0.30219 * MGMT-0.08143
*DACH1+0.07468 * YAP1) *h0(t). We calculated the riskScore of
each patient in the training and validation sets based on this
formula, then divided the patients into high-risk and low-risk
groups based on the median riskScore in the training set. The risk
distribution of patients and the expression of feature genes are
shown in Figures 3A-C. The top 3 panels in Figures 3A-C show the
proportional relationship between the high-risk and low-risk
groups. Patients are ranked from low to high according to their
riskScore, and the dotted line divides them into high-risk group
(indicated by red dots) and low-risk group (indicated by green
dots). The middle 3 panels in Figures 3A-C show the relationship
between the riskScore and patient survival time (red dots indicate
dead patients, green dots indicate alive patients). As the riskScore
increases, the survival time of patients decreases and the number of
deaths increases. The bottom 3 panels in Figures 3A-C show the
relationship between the riskScore and the expression of the feature
genes. As the riskScore increases, the expression of MGMT, AHR,
and YAP1 increases, while the expression of DACHI decreases. The
Kaplan-Meier method was used to determine the difference in
survival between the high-risk and low-risk groups. The results
show that the survival rates of patients were significantly lower in
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FIGURE 2

Acquisition of signature genes and construction of risk models. (A) Nine genes were significantly associated with the prognosis of temozolomide-
treated patient, among which the HR values of TGFA, DACH1, and NEEL were less than 1, and they played a protective role, while the HR values of
TFAP2A, YAPL, SRGN, AHR, PRDM1, and MGMT were more than 1, and they played a risky role. (B) The nine different colored lines represent nine
different variables. As log(A) increases, the regression coefficients of variables start to converge, eventually reaching 0. (C) As the variables gradually
converge, the partial likelihood deviance changes in a waveform. When the number of variables is 7, the model performs best. When the number of
variables is 5, the model is the simplest. (D) As the number of decision trees increases, the error rate gradually decreases. (E) Variable importance
ranking in random forests (F) The top 4 variables of importance in the random forest. (The x-axis represents gene expression level, the y-axis

represents mortality, and the red line is the fitted curve.).
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FIGURE 3

Validation of the risk model. (A-C) The top 3 panels show the proportional relationship between the high-risk and low-risk groups. Patients are
ranked according to their riskScore from low to high, and the dotted line divides patients into high-risk group (indicated by red dots) and low-risk
group (indicated by green dots). The middle 3 panels show the relationship between the riskScore and patient survival time (red dots indicate dead
patients, green dots indicate alive patients). As the riskScore increases, the survival time of patients decreases and the number of deaths increases.
The bottom 3 panels show the relationship between the riskScore and the expression level of the feature genes. As the riskScore increases, the
expression of MGMT, AHR, and YAP1 increases, while the expression of DACH1 decreases. (D-F) The red represents the high-risk group, and the
green represents the low-risk group. Patients’ survival rates in the high-risk group were significantly lower than in the low-risk group (P<O.05).
(G-1) ROC curves and AUC values at different time points. The red, blue, and orange lines in Figures A and B indicate the ROC curves for 1, 3, and 5
years, and in Figure C, the ROC curves for 1, 2, and 3 years. The AUC values are 0.728, 0.738, and 0.781 in the CGGA-mRNAseq_325, 0.699, 0.712,
and 0.708 in the CGGA-mRNAseq_693, 0.588, 0.712, and 0.66 in the TCGA-GBM.

the high-risk group than those in the low-risk group (P < 0.05)
(Figures 3D-F). ROC curves were plotted by the “timeROC”
package to evaluate the performance of the model. The AUC
values for 1, 3, and 5 years were 0.728, 0.738, and 0.781 in
CGGA-mRNAseq_325 (Figure 3G) and 0.699, 0.712, and 0.708 in
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CGGA-mRNAseq_693 (Figure 3H). Because the patient survival in
the TCGA-GBM was all less than 5 years, we calculated AUC values
for 1, 2, and 3 years, and they were 0.588, 0.712, and 0.66,
respectively (Figure 3I). The results showed that the model
performed well in terms of prediction.
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Drug prediction

Patients were divided into high- and low-risk groups based on
the median riskScore, and the “oncoPredict” package was used to
forecast the temozolomide sensitivity. The results showed that
patients in the high-risk group had significantly lower
temozolomide sensitivity than those in the low-risk group
(Figure 4A). This result further demonstrated the accuracy of the
model. We entered the four feature genes and their logFC into the
SPIED3 website to seek some drugs that could reverse the
expression of the feature genes. Finally, some compounds were
found that were considered to be promising treatments for
temozolomide resistance (Supplementary Material 2). The top 10
compounds are shown in Figure 4B.

Functional prediction of DACH1

The GeneMANIA website identified 20 genes that interact with
DACHI (Figure 5A). Enrichment analysis revealed that genes
interacting with DACH1 were enriched for functions such as
transcriptional misregulation in cancer, TGF-beta receptor
signaling pathway, and negative regulation of signal transduction
in absence of ligand (Figure 5B).

Construction and validation of
U251TR cells

After 6 months of continuous induction, 3 out of 10 U251
clones were successfully converted into U251TR. The drug toxicity
test indicated that the cell survival rate of U251TR was significantly
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higher than that of U251 at various Temozolomide concentrations
(Figure 6). The IC50 was estimated from a fitted curve made using
the cell survival rate and temozolomide concentrations. The results
suggest that the IC50 of U251 TR (1545.45 pM) was about 2.3 times
higher than that of U251 (671.8 uM).

The expression differences of the DACH1
between the U251 and the U251TR

The qPCR and western blot experiments were performed to
determine the difference in DACHI1 expression between U251 and
U251TR. The results of PCR experiments indicated that the relative
RNA expression of DACHI (adjusted to GAPDH) was significantly
higher in the U251 group than that in the U251TR group (P < 0.05)
(Figure 7A). The results of western blot experiments indicated that
the gray degree of DACHI1 was significantly higher in three U251
clones than that in three U251TR clones (Figure 7B). The statistical
results of the gray values show that the relative protein expression of
DACH]I (adjusted to GAPDH) was significantly higher in the U251
group than that in the U251TR group (Figure 7C).

The effect of DACH1 on
temozolomide sensitivity

The expression of DACHI in U251 was silenced using the
lentivirus. Cells display green fluorescence after successful
transfection (Figure 8A). The effect of silencing was investigated
using qPCR and western blot experiments. The results of PCR
experiments showed that the relative RNA expression of DACH1
(adjusted to GAPDH) was significantly lower in the U251+Sh-

score

DACH1(0.95) YAP1(-0.75) AHR(-0.63)
AHR(-0.82)  DACH1(0.76) MGMT(-0.70)
MGMT(-0.66) DACH1(0.63) YAP1(-0.48)  AHR(-0.43)

-1.81 YAP1(-0.67)  MGMT(-0.66) DACH1(0.48)

-1.71 AHR(-0.94)  YAP1(-0.77)

-1.64 YAP1(-0.90)  AHR(-0.74)

153 MGMT(-0.61) AHR(-0.49)  YAP1(-0.43)

-1.53 MGMT(-0.85) DACH1(0.68)

-1.47 MGMT(-0.76) AHR(-0.71)

-1.46 MGMT(-0.85) DACH1(0.61)

(A) The red indicates the high-risk group, and the green indicates the low-risk group. Patients in the high-risk group had significantly lower temozolomide
sensitivity than the low-risk group (P < O.05). (B) The top 10 compounds predicted by the SPIED3 website that reversed feature gene expression.
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FIGURE 5

(A) Twenty genes that interact with DACH1 were identified on the GeneMANIA website. (B) Genes interacting with DACH1 were enriched for
functions such as transcriptional misregulation in cancer, TGF-beta receptor signaling pathway, and negative regulation of signal transduction in
absence of ligand
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The blue color indicates the U251 group, and the coffee color indicates the U251TR group. The results of temozolomide toxicity experiments
revealed that the survival rate of U251 was significantly lower than that of U251TR at various temozolomide concentrations (P<0.05).
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(A) The results of PCR experiments indicated that the relative RNA expression of DACH1 (adjusted to GAPDH) was significantly higher in the U251
group than in the U251TR group (P < 0.05). (B) The results of western blot experiments indicated that the gray degree of DACH1 was significantly
higher in three U251 clones than in three U251TR clones. (C) The statistical results of the gray values show that the relative protein expression of
DACHL1 (adjusted to GAPDH) was significantly higher in the U251 group than the U251TR group.

DACH]1 group than that in the U251 group and the U251+Vector
group (P<0.05) (Figure 8B). The results of western blot experiments
indicated that the gray degree of DACHI was significantly lower in
the U251+Sh-DACH]1 group than that in the U251 group and the
U251+Vector group (P<0.05) (Figure 8C). The statistical results of
the grayscale values show that the relative protein expression of
DACH] (adjusted to GAPDH) was significantly lower in the U251
+Sh-DACHI group than that in the U251 group and the U251
+Vector group (P<0.05) (Figure 8D). These results suggest that
lentiviruses successfully downregulate DACH1 expression. We
conducted temozolomide toxicity experiments to discover the
effect of DACH1 on temozolomide sensitivity. The results show
that the survival rate of the Sh-DACHI group was significantly
higher than that of the U251 group and the U251-vector group at
different concentrations of temozolomide (P < 0.05) (Figure 8E),
indicating that downregulation of DACHI increases the resistance
of U251 to temozolomide.
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Relationship between silencing of DACH1
and cell invasion

Based on predictions from the cancerSEA website, DACH1
expression was significantly negatively correlated with the function
of invasion and EMT in GBM (Figures 9A, B). Scratch experiments
were performed to observe the effect of DACH1 on the migratory
ability of cells. We found that temozolomide at the 50 uM
concentration had no effect on U251 proliferation
(Supplementary Material 3), but significantly inhibited the U251
migration. So, we carried out the scratch assay with temozolomide
at a concentration of 50 UM. The results of scratch experiments
show that the cell migration rate was significantly lower in the
vector+TMZ (50 uM) group than that in the vector group (P < 0.05)
and significantly higher in the Sh-DACH1+TMZ (50 uM) group
than that in the vector+TMZ (50 pM) group (P < 0.05) (Figures 9C,
D). According to the results, temozolomide limited U251 migration
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(A) The U251 cells in the Sh-DACH1 group and the Vector group display green fluorescence after successful transfection. (B) The results of PCR
experiments showed that the relative RNA expression of DACH1 (adjusted to GAPDH) was significantly lower in the U251+Sh-DACH1 group than in
the U251 group and the U251+Vector group (P < 0.05). (C) The results of western blot experiments indicated that the gray degree of DACH1 was
significantly lower in the U251+Sh-DACH1 group than in the U251 group and the U251+Vector group. (D) The statistical results of the gray values
show that the relative protein expression of DACH1 (adjusted to GAPDH) was significantly lower in the U2514+Sh-DACH1 group than in the U251
group and the U251+Vector group. (E) The result of temozolomide toxicity experiments showed that the survival rate of the Sh-DACH1 group was
significantly higher than that of the U251 group and the U251-vector group at different concentrations of temozolomide (P < 0.05).

at the concentrations of 50 UM. However, the inhibitory ability of
temozolomide was lost when DACH1 was downregulated.

The relationship between DACH1
expression and molecular pathways

Patients treated with temozolomide were divided into high- and
low-expression groups based on the median expression of DACHI.
Differential expression genes were identified by differential analysis
and employed for GSEA. The GSEA results showed that several
pathways were activated in the DACHI1 low expression group
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(Supplementary Material 4), such as transcriptional misregulation
in cancer, ECM-receptor interaction, and the NF-kappa B signaling
pathway (Figure 10). This result suggests that DACH1 may regulate
the sensitivity of gliomas to temozolomide via these
molecular pathways.

The relationship between the expression of
DACH1 and the immune infiltration status

The “estimate” package and the Cibersortx website were used to
analyze the expression matrix of patients treated with
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(A, B) The cancerSEA website predicts that the lower the expression of DACH1, the stronger the function of invasion and EMT in GBM. (C, D) The results of
scratch experiments show that the cell migration rate was significantly lower in the vector+TMZ (50 uM) group than in the vector group (P < 0.05) and
significantly higher in the Sh-DACH1+TMZ (50 uM) group than in the vector+TMZ (50 uM) group (P < 0.05).

temozolomide in the train set. The results of the “estimate” package
analysis showed that the DACH1 low expression group had higher
StromalScore, ImmuneScore, and ESTIMATEScore, as well as lower
tumor purity (Figures 11A, B), indicating that downregulating
DACH] can promote immune cell infiltration. The results of the
Cibersortx website analysis showed the proportion of 22 immune
cell types in 188 patients in the training set (Figure 11C) and the
difference of 22 immune cell types between the DACHI high
expression group and low expression group (Figure 11D). There
were more regulatory T cells and less activated NK cells in the

DACHLI low expression group.

The relationship between the expression of
DACHL1 and clinical features

Patients treated with temozolomide were divided into high and
low expression groups based on the median DACHI expression,
and the Kaplan-Meier method was used to analyze the survival
difference. The results showed that the survival rate in the low
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expression group was significantly lower than that in the high
expression group (P<0.05) (Figure 12A). The ANOVA (Analysis of
Variance) and the t-test were used to analyze the relationship
between DACHI1 expression and tumor grade, patient age,
MGMT methylation status, and IDH mutation status. The results
show that as the glioma grade increases, DACHI expression
decreases (Figure 12B). The expression of DACHI in the >=43-
year-old group was significantly lower than that in the <43-year-old
group (P < 0.05) (Figure 12C). The expression of DACHI in the
non-methylated group was significantly lower than that in the
methylated group (P < 0.05) (Figure 12D). The expression of
DACHLI in the IDH wild-type group was significantly lower than
that in the IDH mutant group (P < 0.05) (Figure 12E).

Discussion
Gliomas have great intra- and inter-tumoral heterogeneity (17),

which makes both research and treatment very complex. Due to the
limitations of histopathology, molecular biomarkers are becoming
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GSEA results showed that the three pathways—transcriptional misregulation in cancer, ECM-receptor interaction, and the NF-kappa B signaling

pathway—were activated in the DACH1 low expression group.

more and more critical in assisting with diagnosis, guiding
treatment, and evaluating prognosis (18). Diffuse astrocytoma
with TERT promoter mutations, EGFR amplification, and/or +7/-
10 copy number variants in IDH wild type have biological behavior
equivalent to glioblastoma (WHO grade 4), even though they
exhibit histologically as WHO grade 2/3 (19); WHO grade 2/3
IDH-wild/H3-wild diffuse glioma with BRAF V600E mutation,
FGFR1 variant, and/or MYB/MYBLI variant are suggestive of
biological indolence and have a better prognosis for patients (20).
The 2021 WHO CNS5 has recognized molecular biomarkers as
crucial signatures for glioma classification (21). Therefore,
exploratory research on feature genes is increasingly important.
In this study, gene expression information and clinical information
of patients were obtained from the GEO, TCGA, and CGGA
databases. Clinical data from temozolomide-treated patients was
chosen to predict drug sensitivity, because the longer survival times
of these patients suggest better sensitivity to the drug. A risk model
for predicting glioma susceptibility to temozolomide was built
based on the feature genes identified through differential analysis,
PPI, machine learning, etc. The prediction results in both the
training set and the validation set demonstrated that the risk
model had good predictive ability. We then predict a number of
potential compounds that could overcome temozolomide resistance
by regulating the model signature genes, and we intend to further
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validate them in subsequent experiments. In the process of
functional prediction of model signature genes, we found that
DACHL is closely associated with transcriptional misregulation in
cancer and TGF-beta, both of which are crucial for the development
of tumor treatment resistance. Therefore, we chose the DACH1
gene for our further experimental research. DACHI1 was first
discovered as a key gene involved in Drosophila retinal
Further research found that DACHI1
expression was down-regulated in a variety of cancers and was

development (22).

closely related to poor prognosis (23). DACHI1 regulates the
development and progression of liver cancer via the Wnt/-catenin
pathway (24), promotes breast cancer growth and metastasis via
cyclin D1 (25), and maintains glioma cell stemness via bFGF
transcriptional activation (26). Loss of DACHI1 causes tumor cells
to proliferate and migrate, which has also been observed in prostate,
kidney, and lung adenocarcinomas (27-29).

In this study, we chose the U251 cell line, which was derived
from glioma patient tumor tissue and is one of the most commonly
used cell lines in glioma research. We investigated the
characteristics of the U251 cell line in more detail on the Cell
Model Passports website (https://cellmodelpassports.sanger.ac.uk/)
and found that DACH1 was wild type in the U251 cell line. Then,
we observed the genetic changes after converting U251 into
U251TR. The results of the western blot and qPCR experiments
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FIGURE 11

The relationship between the expression of DACH1 and the immune infiltration status. (A) The StromalScore, ImmuneScore, and ESTIMATEScore
were significantly higher in the low-risk group than in the high-risk group (P < 0.05). (B) The TumorPurity was significantly lower in the low-risk
group than in the high-risk group (P < 0.05). (C) The proportion of 22 immune cell types in the 188 patients in the training set. (D) The DACH1 low
expression group had more regulatory T cells and fewer NK cells activated.

showed that the expression of DACH1 was significantly lower in
U251TR. The sensitivity of U251 to temozolomide was lowered
after DACH1 was silenced. The above results suggest that DACH1
is downregulated in U251TR and the silencing of DACHI causes
U251 to become resistant to temozolomide. In order to determine
the function of DACH]1 in temozolomide resistance, we ran GSEA
and immune infiltration analysis. The GSEA results showed that
transcriptional misregulation in cancer, ECM-receptor interaction,
and the NF-kappa B signaling pathway were activated in the
DACHI low expression group. Transcriptional misregulation in
cancer is an important player in regulating tumor development,
metastasis, and chemotherapy resistance (30), and it was found to
be closely related to DACHI1 in the functional prediction
(Figure 5B). Thus, DACHI1 very likely regulates glioma

temozolomide resistance through transcriptional misregulation in
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cancer. According to the GSEA results, the ECM-receptor
interaction and NF-kappa B signaling pathways were also found
to be active in the DACHI1 low expression group, which is
consistent with the research of Sattout Aman (31). We further
confirmed this using the scratch assay. The proliferation of U251
cells was unaffected by temozolomide at the concentration of 50
UM, but their migration was restricted. However, after DACH1
down-regulation, temozolomide’s ability to prevent tumor
migration was lost, and the cells even displayed a stronger
capacity for invasion than in temozolomide-free conditions. The
powerful invasive ability is probably a reason that tumors develop
drug resistance. Therefore, DACH1 probably regulates these
pathways to contribute to temozolomide resistance in glioma. The
results of the immune infiltration analysis showed that patients in
the DACHI low expression group had higher immune scores and
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The relationship between the expression of DACH1 and clinical features. (A) Red indicates the DACH1 low expression group, and green indicates the
DACHL1 high expression group. Patients with low expression had a lower survival rate than those with high expression (P < 0.05). (B) The expression
of DACH1 decreases with increasing glioma grade. (C) The expression of DACH1 in the >=43-year-old group was significantly lower than that in the
<43-year-old group (P < 0.05). (D) The expression of DACHL in the non-methylated group was significantly lower than that in the methylated group
(P < 0.05). (E) The expression of DACH1 in the IDH wild-type group was significantly lower than that in the IDH mutant group (P < 0.05).

lower tumor purity, which suggested that DACH1 could be able to
promote immune cell infiltration. The results of the online analysis
on the Cibersortx website showed that the DACH1 low expression
group had more regulatory T cells and fewer NK cells activated,
suggesting that the downregulation of DACH1 could promote the
infiltration of immunosuppressive types of cells, which is likely a
mechanism that DACHI regulates drug resistance.

Following a more in-depth investigation, we discovered that
DACH1 expression was closely related to several clinical
characteristics in patients. The survival rate of temozolomide-
treated patients in the low DACHI1 expression group was lower,
indicating that DACH1 can affect prognosis. Furthermore, DACH1
expression decreased significantly with increasing tumor grade, and
it was also lower in patients with advanced age, IDH wild-type, and
MGMT non-methylation. Advanced age, higher grade, MGMT
non-methylation, and IDH wild type are all poor prognostic
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factors in glioma patients (32). We found DACH1 mutations
(mainly inframe deletions) and DNA methylation in some
patients while investigating the Brain Tumor PDXs (Mayo Clinic,
Clin Cancer Res 2020) dataset on the cbioportal website. These
alterations were also taken into consideration as possible reasons for
the downregulation of DACHI1 in some patients. Further
investigation revealed that the DACHI-altered group’s survival
was significantly worse than that of the DACH1-unaltered group,
which also matched our study.

Conclusion

This study builds and verifies a risk model for temozolomide-
treated patients to predict their prognosis and explores the function
of one of the feature genes, DACHI, in gliomas.
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This study provides a reliable model and a promising target for
the research of temozolomide resistance.

Data availability statement

The original contributions presented in the study are included
in the article/Supplementary material. Further inquiries can be
directed to the corresponding author.

Author contributions

X-FW and QG conceived the study and constructed the study
design. QG wrote the manuscript. LL and F-YD handled the partial
data. JY, YG, SZ, and XW helped create the figures and tables. All
authors accept responsibility for the work’s contents. All authors
contributed to the article and approved the submitted version.

Funding

This study was supported by the General Project of the Torch
Program of the Fourth Affiliated Hospital of Harbin Medical
University (HYDSYHJ201902) and the Special Support Project of
the Fourth Affiliated Hospital of Harbin Medical
University (HYDSYTB202232).

References

1. Siegel RL, Miller KD, Jemal A. Cancer statistics, 2016. CA Cancer ] Clin (2016)
66:7-30. doi: 10.3322/caac.21332

2. Modrek AS. Brain stem cells as the cell of origin in glioma. World J Stem Cells
(2014) 6:43. doi: 10.4252/wjsc.v6.i1.43

3. Wen PY, Weller M, Lee EQ, Alexander BM, Barnholtz-Sloan JS, Barthel FP, et al.
Glioblastoma in adults: A society for neuro-oncology (SNO) and European society of
neuro-oncology (EANO) consensus review on current management and future
directions. Neuro-Oncol (2020) 22:1073-113. doi: 10.1093/neuonc/noaal06

4. Ostrom QT, Waite KA. CBTRUS statistical report: Primary brain and other
central nervous system tumors diagnosed in the united states in 2015-2019. Neuro-
Oncol (2022) 24:v1-v95. doi: 10.1093/neuonc/noac202

5. Goenka A, Tiek D, Song X, Huang T, Hu B, Cheng S-Y. The many facets of
therapy resistance and tumor recurrence in glioblastoma. Cells (2021) 10:484.
doi: 10.3390/cells10030484

6. Fabian D, Guillermo Prieto Eibl M, Alnahhas I, Sebastian N, Giglio P, Puduvalli
V, et al. Treatment of glioblastoma (GBM) with the addition of tumor-treating fields
(TTF): A review. Cancers (2019) 11:174. doi: 10.3390/cancers11020174

7. Lee SY. Temozolomide resistance in glioblastoma multiforme. Genes Dis (2016)
3:198-210. doi: 10.1016/j.gendis.2016.04.007

8. Yasaswi PS, Shetty K, Yadav KS. Temozolomide nano enabled medicine:
promises made by the nanocarriers in glioblastoma therapy. J Control Release Of ]
Control Release Soc (2021) 336:549-71. doi: 10.1016/j.jconrel.2021.07.003

9. Chua J. Evidence-based practice: Temozolomide beyond glioblastoma. Curr
Oncol Rep (2019) 21:30. doi: 10.1007/s11912-019-0783-5

10. Tomar MS. Elucidating the mechanisms of temozolomide resistance in gliomas
and the strategies to overcome the resistance. Biochim Biophys Acta Rev Cancer (2021)
1876:188616. doi: 10.1016/j.bbcan.2021.188616

11. Handelman GS, Kok HK, Chandra RV, Razavi AH, Lee MJ, Asadi H. eDoctor:
Machine learning and the future of medicine. J Intern Med (2018) 284:603-19.
doi: 10.1111/joim.12822

Frontiers in Oncology

15

10.3389/fonc.2023.1120103

Acknowledgments

We appreciate all the contributions made by the GEO, TCGA,
and CGGA databases.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fonc.2023.1120103/
full#supplementary-material

12. Juarez-Flores A, Zamudio GS, José MV. Novel gene signatures for stage
classification of the squamous cell carcinoma of the lung. Sci Rep (2021) 11:4835.
doi: 10.1038/541598-021-83668-1

13. Auconi P, Gili T, Capuani S, Saccucci M, Caldarelli G, Polimeni A, et al. The
validity of machine learning procedures in orthodontics: What is still missing? J Pers
Med (2022) 12:957. doi: 10.3390/jpm12060957

14. Szklarczyk D, Gable AL, Nastou KC, Lyon D, Kirsch R, Pyysalo S, et al. The
STRING database in 2021: Customizable protein-protein networks, and functional
characterization of user-uploaded gene/measurement sets. Nucleic Acids Res (2021) 49:
D605-12. doi: 10.1093/nar/gkaal074

15. Zhao F, Wang M, Li S, Bai X, Bi H, Liu Y, et al. DACH1 inhibits SNAI1-
mediated epithelial-mesenchymal transition and represses breast carcinoma
metastasis. Oncogenesis (2015) 4:e143-3. doi: 10.1038/oncsis.2015.3

16. Le T, Aronow RA, Kirshtein A, Shahriyari L. A review of digital cytometry
methods: estimating the relative abundance of cell types in a bulk of cells. Brief
Bioinform (2021) 22:bbaa219. doi: 10.1093/bib/bbaa219

17. Ou A, Yung WKA, Majd N. Molecular mechanisms of treatment resistance in
glioblastoma. Int ] Mol Sci (2020) 22:351. doi: 10.3390/ijms22010351

18. Chen R, Smith-Cohn M, Cohen AL, Colman H. Glioma subclassifications and their
clinical significance. Neurotherapeutics (2017) 14:284-97. doi: 10.1007/s13311-017-0519-x

19. Daniel JB, Kenneth A, Howard C, Eric CH. cIMPACT-NOW update 3:
Recommended diagnostic criteria for “Diffuse astrocytic glioma, IDH-wildtype, with
molecular features of glioblastoma, WHO grade IV. Acta Neuropathol (Berl) (2018)
136:805-10. doi: 10.1007/s00401-018-1913-0

20. David WE, Cynthia H, David TWJ, Arzu O-T. cIMPACT-NOW update 4:
diffuse gliomas characterized by MYB, MYBLI, or FGFRI alterations or BRAF
\textsuperscript{V600E} mutation. Acta Neuropathol (Berl) (2019) 137:683-7.
doi: 10.1007/s00401-019-01987-0

21. Louis DN, Perry A, Wesseling P, Brat DJ, Cree IA, Figarella-Branger D, et al. The
2021 WHO classification of tumors of the central nervous system: A summary. Neuro-
Oncol (2021) 23:1231-51. doi: 10.1093/neuonc/noab106

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fonc.2023.1120103/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fonc.2023.1120103/full#supplementary-material
https://doi.org/10.3322/caac.21332
https://doi.org/10.4252/wjsc.v6.i1.43
https://doi.org/10.1093/neuonc/noaa106
https://doi.org/10.1093/neuonc/noac202
https://doi.org/10.3390/cells10030484
https://doi.org/10.3390/cancers11020174
https://doi.org/10.1016/j.gendis.2016.04.007
https://doi.org/10.1016/j.jconrel.2021.07.003
https://doi.org/10.1007/s11912-019-0783-5
https://doi.org/10.1016/j.bbcan.2021.188616
https://doi.org/10.1111/joim.12822
https://doi.org/10.1038/s41598-021-83668-1
https://doi.org/10.3390/jpm12060957
https://doi.org/10.1093/nar/gkaa1074
https://doi.org/10.1038/oncsis.2015.3
https://doi.org/10.1093/bib/bbaa219
https://doi.org/10.3390/ijms22010351
https://doi.org/10.1007/s13311-017-0519-x
https://doi.org/10.1007/s00401-018-1913-0
https://doi.org/10.1007/s00401-019-01987-0
https://doi.org/10.1093/neuonc/noab106
https://doi.org/10.3389/fonc.2023.1120103
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

Gu et al.

22. Davis RJ, Shen W, Sandler YI, Amoui M, Vogel H. Dachl mutant mice bear no
gross abnormalities in eye, limb, and brain development and exhibit postnatal lethality.
Mol Cell Biol (2001) 21:1484-90. doi: 10.1128/MCB.21.5.1484-1490.2001

23. Liu Y, Han N, Zhou S, Zhou R, Yuan X, Xu H, et al. The DACH/EYA/SIX gene
network and its role in tumor initiation and progression: DACH/EYA/SIX gene
network as tumor biomarker. Int J Cancer (2016) 138:1067-75. doi: 10.1002/ijc.29560

24. LiuY, Zhou R, Yuan X, Han N, Zhou S, Xu H, et al. DACHL1 is a novel predictive
and prognostic biomarker in hepatocellular carcinoma as a negative regulator of wnt/B-
catenin signaling. Oncotarget (2015) 6:8621-34. doi: 10.18632/oncotarget.3281

25. Wu K, Li A, Rao M, Liu M, Dailey V, Yang Y, et al. DACHI is a cell fate
determination factor that inhibits cyclin D1 and breast tumor growth. Mol Cell Biol
(2006) 26:7116-29. doi: 10.1128/MCB.00268-06

26. Watanabe A, Ogiwara H, Ehata S, Mukasa A, Ishikawa S, Maeda D, et al.
Homozygously deleted gene DACH1 regulates tumor-initiating activity of glioma cells.
Proc Natl Acad Sci U.S.A. (2011) 108:12384-9. doi: 10.1073/pnas.0906930108

27. Chen K, Wu K, Jiao X, Wang L, Ju X, Wang M, et al. The endogenous cell-fate
factor dachshund restrains prostate epithelial cell migration via repression of cytokine

Frontiers in Oncology

16

10.3389/fonc.2023.1120103

secretion via a CXCL signaling module. Cancer Res (2015) 75:1992-2004. doi: 10.1158/
0008-5472.CAN-14-0611

28. Chu Q, Han N, Yuan X, Nie X, Wu H, Chen Y, et al. DACHI inhibits cyclin D1

expression, cellular proliferation and tumor growth of renal cancer cells. ] Hematol
Oncol] Hematol Oncol (2014) 7:73. doi: 10.1186/s13045-014-0073-5

29. LiuQ,Li A, YuS, Qin S, Han N, Pestell RG, et al. DACH1 antagonizes CXCLS8 to
repress tumorigenesis of lung adenocarcinoma and improve prognosis. ] Hematol
Oncol] Hematol Oncol (2018) 11:53. doi: 10.1186/s13045-018-0597-1

30. Gonda TJ, Ramsay RG. Directly targeting transcriptional dysregulation in
cancer. Nat Rev Cancer (2015) 15:686-94. doi: 10.1038/nrc4018

31. Aman S, Li Y, Cheng Y, Yang Y, Lv L, Li B, et al. DACH]1 inhibits breast cancer
cell invasion and metastasis by down-regulating the transcription of matrix
metalloproteinase 9. Cell Death Discovery (2021) 7:351. doi: 10.1038/s41420-021-
00733-4

32. Lapointe S, Perry A, Butowski NA. Primary brain tumours in adults. Lancet
(2018) 392:432-46. doi: 10.1016/S0140-6736(18)30990-5

frontiersin.org


https://doi.org/10.1128/MCB.21.5.1484-1490.2001
https://doi.org/10.1002/ijc.29560
https://doi.org/10.18632/oncotarget.3281
https://doi.org/10.1128/MCB.00268-06
https://doi.org/10.1073/pnas.0906930108
https://doi.org/10.1158/0008-5472.CAN-14-0611
https://doi.org/10.1158/0008-5472.CAN-14-0611
https://doi.org/10.1186/s13045-014-0073-5
https://doi.org/10.1186/s13045-018-0597-1
https://doi.org/10.1038/nrc4018
https://doi.org/10.1038/s41420-021-00733-4
https://doi.org/10.1038/s41420-021-00733-4
https://doi.org/10.1016/S0140-6736(18)30990-5
https://doi.org/10.3389/fonc.2023.1120103
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org

	Identification and verification of the temozolomide resistance feature gene DACH1 in gliomas
	Introduction
	Materials and methods
	Patients and datasets
	Differential expression analysis
	Protein-protein interaction
	Model construction and evaluation
	Drug prediction
	Functional prediction of DACH1
	Cell culture and inducing temozolomide-resistant clones
	Cell transfection
	Quantitative real-time PCR
	Western blot
	Temozolomide toxicity experiment
	Scratch assay
	Survival analysis
	Analysis of immune infiltrates and gene set enrichment analysis
	Statistical analysis

	Result
	Identification of hub DEGs
	Construction and evaluation of a risk model for predicting glioma sensitivity to temozolomide
	Drug prediction
	Functional prediction of DACH1
	Construction and validation of U251TR cells
	The expression differences of the DACH1 between the U251 and the U251TR
	The effect of DACH1 on temozolomide sensitivity
	Relationship between silencing of DACH1 and cell invasion
	The relationship between DACH1 expression and molecular pathways
	The relationship between the expression of DACH1 and the immune infiltration status
	The relationship between the expression of DACH1 and clinical features

	Discussion
	Conclusion
	Data availability statement
	Author contributions
	Funding
	Acknowledgments
	Supplementary material
	References


