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Abstract

Background Programmed cell death (PCD) modulated radioresistance is one of the predominant causes of treatment failure
in glioblastoma (GBM). Disulfidptosis, a newly discovered form of PCD, plays a crucial role in GBM progression. However,
the association among disulfidptosis, radiosensitivity and radiotherapy (RT) in GBM remain unclear.

Methods We systematically analyzed disulfidptosis-related genes in 1075 GBM patients and constructed a disulfidptosis-
related gene signature (DRS). Correlations among the DRS, patient prognosis and immune microenvironment were fully
explored. The effects of DRS and EFEMP2 on radiotherapy efficacy were investigated via single cell sequencing analysis
and validated via in vitro and in vivo experiments.

Results The DRS was identified as a robust and independent prognostic biomarker for GBM by multivariate Cox regres-
sion analysis, receiver operating characteristic (ROC) curve analysis and decision curve analysis (DCA) in multiple cohorts.
High DRS is characterized by radioresistance, and EFEMP2 was proven to be the key gene involved in this process by single
cell sequencing analysis, CCK-8 assay and a clonogenic survival assay. In high-DRS patients, the cancer-immunity cycle
is attenuated because the antitumor cytotoxicity of CD8+ T cells is inhibited by immune checkpoints. Preclinically, the
overexpression of EFEMP2 induced radioresistance and enhancing the efficacy of programmed cell death ligand-1 (PD-L1)
blockade in GL261-bearing mice. The combination of irradiation and anti-PD-L1 therapy had a synergistic effect on GBM
murine models in which EFEMP2 was overexpressed.

Conclusion Our study bioinformatically and experimentally reveals the molecular landscape of disulfidptosis in GBM,
develops a predictive signature for predicting prognosis as well as radioresistance, and provides a synergistic treatment that
combines radiotherapy with immunotherapy for radioresistant GBM patients with high DRS or EFEMP2 expression.
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PN Proneural

CL Classical

MES Mesenchymal

CNV Copy number variation

WGCNA  Weighted correlation network analysis
RR Radioresistant

CR Chemoresistant.

DC Dendritic cell

GSC Glioma stem cell

M1 MI1-macrophatge

M2 M2-macrophage

RSI Radiosensitivity index

PD Progressive disease

SD Stable disease

PR Partial response

CR Complete response

IR Irradiation

ICB Immune checkpoint blockade
Background

Glioblastoma (GBM), accounting for 50% of central
nervous system malignancies, is the most aggressive,
and fatal primary intracranial malignant tumor in adults
with an annual increase in frequency (Stupp et al. 2017).
Despite combination therapy including surgical resection,
radiotherapy (RT), and chemotherapy (CT), the prognosis for
glioblastoma patients remains poor, with a median survival
of 14-16 months and a five-year survival rate of less than
10% (Stupp et al. 2017). GBM tends to develop resistance
during radiotherapy, which can lead to therapeutic failure
(Johannessen et al. 2013). Immunotherapy is considered
as a promising approach for reversing radioresistance.
Preclinically, immune checkpoint blockade (ICB) effectively
promoted radiotherapy efficacy (Zeng et al. 2013; Kim
et al. 2017). However, human clinical trials have failed to
mirror the success of the combination of immunotherapy
and radiotherapy. The results from the CheckMate 498
(NCT02617589) and CheckMate 548 (NCT02667587)
studies demonstrated that immune checkpoint inhibitors
(ICIs) did not prolong the overall survival (OS) of patients
with newly diagnosed GBM (Sampson, et al. 2016; Lim
et al. 2022). However, in the phase I of CheckMate 143
(NCTO02017717) study, the progression-free survival
(PFS) of GBM patients treated with ICI4+RT+CT differed
according to the O%-methylguanine DNA methyltransferase
(MGMT) promoter status (Reardon et al. 2020).
Additionally, ICI treatment extended the median survival
time for recurrent GBM patients with methylated MGMT
in phase III of the CheckMate 143 study compared with
bevacizumab. These results indicate that the combination of
radiotherapy and immunotherapy might not be a universal
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therapeutic option for GBM, and a better stratification is
needed to harness the potential of radioimmunotherapy.

Programmed cell death (PCD) in tumor cells can be
induced by radiation, facilitating antitumor immunity
by promoting tumor antigen presentation and activating
immune cells (Lang et al. 2019). Disulfidptosis, a newly
discovered form of programmed cell death, is driven by the
aberrant accumulation of intracellular disulfides (Liu et al.
2023). SLC7A11-dependent collapse of disulfide bonds in
the actin cytoskeleton and F-actin, which directly triggers
cell death was found in SLC7A11"e" tumor cells under
glucose starvation. By performing CRISPR screens, genes
required for disulfidptosis and genes whose deactivation
promotes disulfidptosis were identified as disulfidptosis-
related genes (DRGs) (Wang et al. 2023a; Chen et al. 2023).
Recent studies revealed the prognostic and therapeutic value
of disulfidptosis in GBM (Yang et al. 2024; Zhou et al.
2024). However, the relationship between disulfidptosis and
radiosensitivity is neglected. Hence, exploring the influence
of disulfidptosis on glioblastoma treatments provides new
insights into the radioresistance of GBM and even improves
the efficacy of radiotherapy.

In this study, we thoroughly explored the impact of the
disulfidptosis-related genes in 1075 GBM patients from
three cohorts. Disulfidptosis was correlated with patient
prognosis and clinicopathological features. A disulfidptosis-
related prognostic signature (DRS) was subsequently
generated and found to be highly correlated with poor
prognosis, radioresistance, and immunosuppression. Single-
cell analysis and in vitro and in vivo experiments revealed
that high DRS manipulated the radioresistance phenotype
of GBM and that the overexpression of EFEMP2 from DRS
reduced the radiosensitivity of GBM cells. In addition,
we confirmed the improved immunotherapeutic efficacy
and a synergistic therapeutic effect of immunotherapy
and radiotherapy in high-DRS GL261-bearing C57BL/6
mice. Taken together, our study provides a new perspective
on disulfidptosis and develops a possible synergistic
radioimmunotherapeutic strategy.

Methods
Data acquisition

Transcriptional data and corresponding clinical data of
glioblastoma patients were obtained from public databases.
Microarray data were downloaded from the GlioVis
platform, including datasets from TCGA (n = 528),
Rembrandt (n = 219), Gravendeel (n = 159), and Ducray
(n =52) (Bowman et al. 2016). RNA-seq data were acquired
from the UCSC database for TCGA-GBM (n = 175) and
the CGGA database for CGGA-GBM (n = 388) (Goldman



Journal of Cancer Research and Clinical Oncology (2025) 151:112

Page3of16 112

et al. 2020). All of the count data were then converted
to transcripts per million (TPM) format and further log2
transformed. The CGGA-325 dataset and CGGA-693 dataset
were merged into the CGGA dataset for further analyses.
Batch effects from nonbiological technical biases were
corrected via the “ComBat” algorithm of the “sva” package
(Leek et al. 2012; Zhao et al. 2021). Other cohorts with
expression data were collected from the GEO database,
including transcriptome profiles of a radioresistant GBM
cell line (GSE207002), a temozolomide-resistant GBM cell
line (GSE151680), and immunotherapy-treated melanoma
cohorts from GSE100797 (n = 25) and GSE91061 (n =51)
(Lauss et al. 2017; Riaz et al. 2017). The single-cell dataset
of 28 GBM patients (GSE131928) and its metadata were
obtained from the single-cell portal database (Neftel et al.
2019).

Unsupervised clustering analysis

The nonnegative matrix factorization (NMF) algorithm
executed in the “NMF” package was used to identify
molecular clustering by factorizing the matrix and running
iterations. On the basis of the nonnegative expression
matrix of DRGs, consensus clustering was deciphered
with the following criteria in the NMF package: possible
factorization ranks ranged from 2 to 10. The cophenetic
coefficient was employed to determine the optimal rank
and the optimal factorization rank was the value at which
the cophenetic correlation coefficient started decreasing.
Principal component analysis (PCA) was then performed
to validate the distinction of the clusters with R package
“stats”.

Weighted gene coexpression network analysis
and differential gene analysis

Weighted gene coexpression network analysis (WGCNA)
aims to explore and reveal the correlations between gene
modules and phenotypes (Langfelder and Horvath 2008).
The hub genes of the disulfidptosis-related clusters
were identified via the WGCNA package. First, after the
outlier samples were filtered out, a gene coexpression
network was produced based on the top 5000 genes and
further transformed into a scale-free network by selecting
an appropriate soft threshold b. Second, the topological
overlap matrix (TOM) which represents the overlap of
network neighbors, and the 1-TOM, which describes gene
dissimilarity were generated via the weighted adjacency
matrix. Finally, various colored gene modules were identified
via the dynamic tree algorithm. Based on the relationships
between the module eigenvalue and phenotypes, the two
modules with the highest correlations were filtered, and the
hub genes were acquired for subsequent analysis. By using

the R package “limma”, we obtained DEGs between the
two clusters with screening conditions of [log(FC)| > 1and
adjusted P < 0.05.

Nearest template prediction validation

Nearest template prediction (NTP) is an approach to evaluate
class prediction confidence for a single patient and was
carried out with the R package “CMScaller” (Hoshida 2010).
The input for NTP consisted of a normalized expression
data and a signature gene list constructed by intersecting
hub genes, identified through WGCNA with differentially
expressed genes (DEGs).

Functional enrichment analysis

Functional enrichment was used to better understand
the carcinogenesis of different DRG patterns. Gene set
enrichment analysis (GSEA) and single-sample gene
set enrichment analysis (ssGSEA) were run with the
“ClusterProfiler” package to identify the different pathways.
Gene sets were retrieved from the Molecular Signature
Database (MSigDB) (Liberzon et al. 2015).

Construction and validation
of the disulfidptosis-related gene signature

Microarray data from the TCGA-GBM cohort was used to
identify the disulfidptosis-related clusters and construct a
disulfidptosis-related gene signature (DRS). We first present
a protein-protein interaction (PPI) network with DEGs in
the STRING database and calculate the betweenness score
of each gene with Ctyo-Hubba in Cytoscape software
(Szklarczyk et al. 2019). We selected 30 subtype-related
genes for Lasso Cox regression analysis via the R package
“elmnet”. The calculation formula is as follows:

DRS = ) (Coefi * Exp)

In this formula, Coefi indicates the risk coefficient, and
Exp indicates the expression level. Patients from each cohort
were categorized into a high DRS group and a low DRS
group according to the median DRS. Survival analyses
were then conducted to compare the prognostic differences
between the two groups.

Establishment of a disulfidptosis-related nomogram
system

A nomogram was drawn via the “rms” package. Each patient
was given a predicted score on the basis of their age and
DRS score, which was used for accurately predicting 0.5-, 1-
and 1.5-year survival accurately. The prognostic value of the
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nomogram was then evaluated via calibration analysis and
receiver operating characteristic curve (ROC) curve analysis.

Tumor microenvironment assessment
and single-cell RNA-seq data analysis

Cell infiltration, as well as the ESTIMATE score, was
calculated with IOBR, an R package that performs a
comprehensive analysis of the tumor microenvironment
and features for immuno-oncology (Zeng et al. 2021). The
Seurat package was utilized to process data for further
dimension reduction and cell clustering analysis. PCA linear
dimensional reduction and clustering visualization were
performed via the “RunPCA” function and the “RunUMAP”
function of Seurat. The function “AverageExpression”
was used to generate a normalized expression data for
each patient, based on which the DRS of each patient was
calculated. Patients in the single-cell dataset were divided
into two DRS groups according to the median DRS. CellChat
analysis was performed with the “CellChat” package.

The evaluation of clinical treatment

The tumor immune dysfunction and exclusion (TIDE)
algorithm and subclass mapping (Submap) were used to
predict the clinical response to immune checkpoint blockade
(Fu et al. 2020; Hoshida et al. 2007). The submap algorithm
was used to assess the similarity of gene expression between
the two DRS groups identified and the melanoma patients
who received immunotherapy (Lu et al. 2019). Expression
data were preprocessed according to the guidelines provided
on the respective websites. Formal analyses were then
performed using the TIDE platform (http://tide.dfci.harva
rd.edu/) and the GenePattern platform (https://www.genep
attern.org/#gsc.tab=0).

Cell culture and transfection of glioma cell lines

Human glioma cell lines (LN229, U87, and T98G) and
Human Glial Cell Line (Heb) were purchased from Pricella,
China. and the American Type Culture Collection (ATCC).
GL261 (murine glioblastoma) cells were obtained from
Guangzhou KOFA Biotechnology Company. The cells
were cultured in DMEM medium with 10% fetal bovine
serum. All the cell lines were maintained in a humidified
incubator with 5% CO,, at 37 °C. The EFEMP2 over-
expression lentivirus (Beijing Tsingke Biotech Co., Ltd.)
is transfected into LN229 and GL261 cells. Following this,
puromycin (2 pg/mL) was added to facilitate the screening
of successfully infected cell colonies.
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Cell viability assay

LN229 cells stably overexpressing EFEMP2 were subjected
to exposure to a 6-MV X-ray beam at doses as indicated, and
cultured for 24, 48 and 72 hours. The culture medium was
replaced with 100 pL of fresh medium containing 10% Cell
Counting Kit-8 reagent (FDbio Science) for a subsequent
two-hour incubation period in a humidified incubator under
standard conditions. Cell viability was assessed according to
the absorbance at 450 nm measured by a Bio-Rad microplate
reader, following the protocol provided by the manufacturer.

Clonogenic survival assays

LN229 cells were seeded in triplicate into twelve-well
plates and irradiated at different doses as indicated. Once
visible colonies had formed after a period of 7-10 days of
incubation, the cells were washed with phosphate-buffered
saline (PBS) and then fixed with 4% paraformaldehyde for
a period of 15 minutes. 0.5% crystal violet (Macklin) was
subsequently used to stain the colonies for 30 min. The
surviving fraction was calculated by counting colonies
comprising more than 50 cells.

Western blot analysis

Cells were washed three times with ice-cold PBS and
subsequently lysed in RIPA buffer (FD009, Fdbio Science)
on ice for 30 minutes. Then, the lysate was centrifuged at
12,000 x g for 15 minutes at 4 °C. A BCA protein assay
kit (Thermo) was used to assess protein concentration.
Proteins (20 pg per sample) were separated on a 12.5%
SDS-PAGE gel and transferred to polyvinylidene difluoride
(PVDF) membranes (ISEQ00010, Merck Millipore). The
membranes were blocked with 5% skim milk in TBST for
60 minutes at room temperature, then incubated overnight
at 4 °C with primary antibodies targeted EFEMP2
(ab125073, Abcam) and GAPDH (ET1601-4, HUABIO).
After this, the membranes were washed and treated with
an HRP-conjugated secondary antibody for 1 hour at room
temperature.

Real time PCR

Total RNA was extracted with TRIzol Reagent (Invitrogen).
Reverse transcription was carried out using the Reverse Tran-
scription System Kit (TaKaRa). cDNA expression levels were
then quantified using SYBR Green (TaKaRa) and qRT-PCR,
with B-actin as the internal reference. The sequences of prim-
ers used were EFEMP2-F: 5'-AAGAGCCCGACAGCTACA
C-3', EFEMP2-R: 5'-AGGGATGGTCAGACACTCGTT-3';
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B-actin-F: 5" TGGCACCCAGCACAATGAA-3', f-actin-R:
5'-CTAAGTCATAGTCCGCCTAGAAGCA-3'".

In vivo experiments

Six-to-eight-week-old C57BL/6 mice (Guangdong Medical
Laboratory Animal Center) were anesthetized and immobilized
on a stereotactic frame. A total of 2x10° GL261 cells
(EFEMP2-Fluc-Puro) in 5 pul Hank’s balanced salt solution
(HBSS) was injected at a depth of 4 mm, a lateral position
of 2.0 mm from bregma, and a ventral position of 2.0 mm
from the dura in the right hemisphere. mice were randomly
assigned to treatment groups based on tumor burden assessed
via luciferase imaging on day 5 after implantation. Tumor-
bearing mice received either whole brain irradiation (10 Gy)
or intraperitoneal administration of anti-PD1 (BioXCell,
BEO0146-100MG, 10 mg/kg). Luciferase imaging was used
to monitor tumor burden of mice regularly. At the endpoint,
the mice were euthanized using CO, inhalation followed by
Pentobarbitone administration (50 mg/kg, iv), and the brains
were harvested for further analysis.

Statistical analysis

GraphPad Prism 8 and R statistical software (v4.2.3) were
used to perform all the statistical tests and generate all the
figures. Kaplan-Meier survival analysis was conducted using
the R packages ‘survival’ and ‘survminer.” Univariate and
multivariate Cox regression analyses were performed with the
‘survival’ package. Time-dependent areas under curve (AUC)
values were calculated using the ‘timeROC’ package, while
ROC curves were generated with the ‘survivalROC’ package.
Calibration analysis and decision curve analysis (DCA)
were conducted with the ‘rms’ and ‘ggDCA’ package. The
Wilcoxon rank-sum test was used to assess differences in DRS
values, gene expression, and immune infiltration scores across
various comparison groups, including high- and low-DRS
groups, as well as radioresistant, chemo-resistant, and normal
GBM cell lines. Fisher’s exact test was used to assess the
differences in the distribution of various clinicopathological
characteristics or therapeutic responses between the high-
and low-DRS groups. All the statistical tests were two-sided.
P < 0.05 was considered statistically significant. Significant
symbols are ordered as follows: **** < 0.001 < *** < 0.001
<#<0.01 <*<0.05.

Results

Identification and validation
of disulfidptosis-related clusters in glioblastoma

The status of seven programmed cell death (PCD) pro-
cesses was evaluated in the pancancer dataset via ssGSEA
based on well-established gene sets obtained from the lit-
erature and MSigDB database (Supplementary Table S1)
(Liu et al. 2023; Zhang, et al. 2024). We found that the
disulfidptosis score in GBM was the highest among all
cancers, whereas the scores of other types of PCD were
relatively low, suggesting disulfidptosis may be distinc-
tive to GBM (Fig. 1A). Thus, we conducted NMF analysis
based on the disulfidptosis related genes (DRGs) in the
TCGA cohort (Supplementary Table S1). According to
the consensus heatmap and silhouette value, GBM patients
were finely classified into two clusters, which were
referred to as C1 and C2 (Supplementary Fig. S1A). PCA
confirmed that the disulfidptosis-related clusters were dis-
tinct from each other (Supplementary Fig. S1B). Nearest
template prediction (NTP) analysis was applied to identifiy
disulfidptosis clusters of GBM patients in the CGGA and
Gravendeel datasets (Supplementary Fig. S1C). Survival
analysis suggested that C1 patients had a worse prognosis
than C2 patients did in all three datasets (Fig. 1B, Supple-
mentary Fig. S1D, E). We then compared the clinical and
molecular pathological features between the two clusters.
In C1, higher proportions of classical and mesenchymal
subtypes, and a greater tendency toward IDH mutation
were observed (Fig. 1C and Supplementary Fig. S1F, G).
We also noted that the proportions of secondary GBM
and proneural subtypes were greater in C2 (Fig. 1C and
Supplementary Fig. S1F). These findings indicate that the
transcript levels of DRGs are correlated with the malig-
nancy of GBM, which prompted the question of whether
the survival of GBM patients could be predicted through
DRG expression.

Construction and validation
of the disulfidptosis-related gene signature

We first utilized WGCNA to acquire gene modules asso-
ciated with the disulfidptosis clusters. During WGCNA,
we acquired 12 coexpression modules by setting the beta
at 6 when the nonscale R? was 0.8. The module—trait
relationships revealed that the blue module was cor-
related with C1, and the red module was related to C2
(Fig. 2A). We also obtained differentially expressed genes
(Ilog2FCI>1 and P value < 0.05) from the two clusters
(Fig. 2B). By intersecting cluster markers and module
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Fig. 1 Identification of disulfidptosis-related clusters. A Scaled aver-
aged ssGSEA scores of seven PCD in pan-cancer. B Kaplan—-Meier
analysis (log-rank test) of the disulfidptosis-related clusters in TCGA

genes, we obtained characteristic genes, which were nar-
rowed down to 30 on the basis of the betweenness scores
calculated via protein-protein interaction (PPI) network
analysis (Fig. 2C, D and Supplementary Table S2). Next,
the Lasso-Cox regression was conducted with character-
istic genes to construct a prognostic model (disulfidptosis-
related gene signature, DRS) (Supplementary Fig. S2A
and Supplementary Table S3). GBM patients were then
separated into a high-DRS group and a low-DRS group for
further analyses according to the median score. The San-
key plots showed that the majority of C1 had a relatively
high DRS (Fig. 2E and Supplementary Fig. S2B).

The high-DRS group had a better prognosis than the low-
DRS group did (P < 0.001) (Fig. 2F and Supplementary
Fig. S2C, H). The receiver operating characteristic (ROC)
curve and the decision curve analysis (DCA) showed that
DRS outperformed other published signatures in predictive
performance (Fig. 2G, H and Supplementary Fig. S2D, E,
I, J) (Zhang et al. 2023; Wang et al. 2023b; Sun and Liu
2024; Fan et al. 2022; Zhang et al. 2023). Additionally, the
univariate and multivariate Cox regression analyses revealed
that the DRS, alone with age, was an independent prognostic
indicator (Figure 21 and Supplementary Fig. S2F, K).

However, we recognize that there is still room for
improvement in the predictive power of DRS. Thus, we
constructed a nomogram to further enhance its performance
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cohort. C Clinical pathological features of the disulfidptosis-related
clusters in pie charts (Fisher’s test)

(Fig. 2J). Subsequent calibration analysis, ROC curve
analysis, and DCA demonstrated a further improvement
in the ability of the nomogram to predict 1-year survival
compared to DRS alone, suggesting that integrating
DRS with other clinical variables enhances predictive
performance and provides a potential strategy for its clinical
application. (Fig. 2K-M and Supplementary Fig. S2G, L).

Evaluation of the relationship between DRS
and therapeutic response in GBM

Treatment resistance is believed to account for the poor
prognosis of GBM patients (Johannessen et al. 2013). We
compared the therapeutic response of the DRS groups in
the Ducray cohort. The response rate to radiotherapy was
lower in the high-DRS group (55.6% vs. 63.2%), while
there was no difference in the chemotherapeutic response
rate between the two groups (50.0% vs. 50.0%) (Fig. 3A). In
addition, compared with that in untreated GBM cells, DRS
was increased in radioresistant GBM cells but not in temo-
zolomide-resistant GBM cells (Fig. 3B). For patients who
underwent radiotherapy or even radiotherapy alone in all
three cohorts, patients with high DRSs had shorter survival
(Fig. 3C, D). However, for the patients who did not receive
radiotherapy, no prognostic difference was observed between
the two groups in any of the three cohorts (Fig. 3E). These
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findings indicated that the DRS was positively correlated
with the radioresistance of GBM patients.

Single-cell analysis and validation in vitro identified
EFEMP2 as the key gene of DRS associating
with GBM cellular radioresistance

The causes of radioresistance can be attributed to in two
factors: intrinsic resistance in tumor cells and microenviron-
ment-related resistance (Xia et al. 2018; Yin et al. 2020). To
reveal the mechanism of radiosensitivity heterogeneity in the
DRS groups, we acquired a single cell dataset, GSE131928,
and reannotated immune cells with canonical cell mark-
ers (Fig. 4A). Nonmalignant cells were annotated as mac-
rophages (marked with CD163, F13A1, IL-10, MRC1,
IL-1B, PTGS2, CCL4, and GPNMB), microglials (marked
with TMEM119, and P2RY 12), neutrophils (marked with
S100A9 and S100A8), CD4" T-cells (marked with CD3E,
CD3D, CD4, and CTLA4), CD8* T-cells (marked with
CD3E, CD3D, CD8A, and CD8B) and oligodendrocyte
(marked with OLIG1 and OLIG2) (Szulzewsky et al. 2015;
Zeiner et al. 2019; You et al. 2023; Hu et al. 2022; Rajendran
et al. 2023; Zhang et al. 2018). Higher proportions of non-
malignant cells were found in the high DRS group (Fig. 4B).

The malignant cells from the high-DRS group had
lower ssGSEA scores for radiosensitivity (Fig. 4C).
Subsequently, we carried out cell trajectory analysis and
found that the malignant cells from the high-DRS group
were mainly located mainly at the beginning of the cell
trajectory (Fig. 4D). The radiosensitivity index is a gene
signature revealing the radioresistance of tumor cells
(Eschrich et al. 2009). Consequently, we calculated the
RSI for each malignant cell and discovered that high-RSI
cells also resided at the start of the trajectory, which was
in accordance with the notion of the low radiosensitivity
of glioma stem cells (GSCs) (Fig. 4D). These results
demonstrated that the DRS was negatively correlated with
radiosensitivity. Additionally, the transcriptome levels of
mesenchymal glioma stem cell (MES-GSC) markers (e.g.,
CD44 and YKL40) were greater in the high-DRS group
than in the low-DRS group and decreased in pseudotime.
Conversely, the expression levels of proneural GSC markers
(e.g., CD133 and OLIG2) elevated in the low DRS group
and increased by the pseudotime (Supplementary Fig. S3A).

Among the five DRS genes, EFEMP2 and TIMP1 were
the prominent genes expressed in malignant cells (Fig. 4E
and Supplementary Fig. S3B). However, qPCR showed that
only EFEPM?2 was highly expressed in all glioma cell lines,
suggesting that EFEMP2 may be the key gene regulating
the radiosensitivity of GBM cells (Fig. 4F; Supplementary
Fig. S3C). On the other hand, EFEMP2 had the highest
weight in the DRS (Supplementary Table S3). Based on
these findings, we chose EFEMP2 for subsequent analysis.

The overexpression of EFEMP2 significantly promoted
the tolerance of GBM cells to ionizing radiation and their
ability to proliferate (Fig. 4G, H; Supplementary Fig. S3D;
Supplementary Fig. S4A, B). These results indicate that
DRS reflects the cellular radiosensitivity of GBM.

Exploration of the correlation of DRS
with the immunosuppressive microenvironment
of GBM

GSEA was applied to investigate the mechanisms under-
lying the differences in prognosis and radiosensitivity
between the DRS groups. Several immune related biologi-
cal processes were enriched in the high DRS group (Fig. 5A;
Supplementary Fig. S5A, B). The TIMER algorithm was
used to evaluate the infiltration of immune cells in the GBM
cohort, which revealed that the fractions of macrophages,
dendritic cells, neutrophils, CD4+ T cells and CD8+ T
cells increased in the high-DRS group (Fig. 5B; Supple-
mentary Fig. S5C, D). Similar results were observed in the
GSE131928 (Fig. 4B). These findings illustrated that the
high DRS group might be characterized by a relatively active
immune microenvironment and good prognosis, which
contradicts our previous results. To elucidate the possible
mechanisms of this paradoxical phenomenon, we conducted
tracking tumor immunophenotype (TIP) analysis. TIP analy-
sis revealed that the release and presentation of cancer cell
antigens (Steps 1 and 2) and the trafficking and infiltration
of immune cells (Steps 4 and 5) were significantly activated
in the high DRS group (Fig. 5C; Supplementary Fig. S5E).
Interestingly, highly activated early steps failed to enhance
the cytotoxicity of T cells (Step 7) in the high DRS group
(Fig. 5C; Supplementary Fig. SSE). Downregulated expres-
sion of cytotoxic makers was observed in CD8" T-cells in
the high DRS group (Fig. 5D). Immune escape is orches-
trated by immune checkpoints, attenuating of cytotoxicity
(Aktar et al. 2022). In the three GBM cohorts, high expres-
sion of immune checkpoints was detected in the high DRS
group (Fig. 5E; Supplementary Fig. S5F). Further analy-
sis revealed that increased expression of PD-1 on CD8+
T-cells and PD-L1 on malignant cells in the high DRS group
(Fig. 5F). These results indicated that the antitumor immu-
nity of the high DRS group was hindered by immune check-
points at the execution stage.

Immunotherapy reversed the radioresistance
phenotype of GBM cells overexpressing EFEMP2
in vivo

Given that the antitumor immunity of radioresistant GBM
with a high DRS is diminished by immune checkpoints,
immunotherapy might be an optimal treatment. By using the
TIDE and submap algorithms, the immunotherapy response

@ Springer



112 Page8of16 Journal of Cancer Research and Clinical Oncology (2025) 151:112

- -6 6e— B C C1.marker C2.marker
A I = cor—0.5é p=6.6e-41 ()C1.marker ¢ C2.marker @NoSignifi
H i L ]
53 %
s 2
8 Teo
C o 7 1 -+
3 & . |
L © & T 1
S 5w o4 [
‘m O 7| D |
0 2 L0,
=3 8o I I
S o1 % @ ol P Blue module | Red module
5 03 04 05 06 07 08 09 5 o 5 genes | genes
w Module Membership in blue module log2 (FoldChange) v
° e 9 9 Characteristic genes of
-g cor=0.59. p=6.8e-30 5 disulfidptotsis subtypes
b | 044 -0 © o,
3 84S 00 05° % o TCGA
§ ) r még 7 OOOqg iégp °9 °®0 Oooo OMD~%X1
; ) ? § ha i “8?0 0% OQ%Z‘;%OOOO%OO g TUBP
0.12 §o ° g C%mzéfﬁ 3 1
) . o baio0n S 7S S,DINE1
g)d b %0 SELGE0E00 0 o
B 98,958 oFge o FCG
-032 032 oo | ey © 008,
§S oo 0BT & AQPA
Ogl o I Ac'"ib EFEMP2
! CA10
- y 04 05 06 07 08
) 9 Module Membership in red module TAGLN3
P F®Ps Cluster DRSgroup
F TCGA G1 0 TCGA-GBM H TCGA-GBM
1.00 ’ ‘
\ DRS group 04 - [F)Rs cal
\ - = = Fan et al.si
=075 \ “ High 0.8 DRS(AUC=0.6) - 3\,"“ etatl ﬁ%
20 - g - = Wang et al.si
3 Low Eo.e Fan et al.sig(AUC=0.548) 202 - §Eangg ,'?,ﬁ, ett% Il.si_g
= 550 e - Sun et al.sig(AUC=0.552) ® ang MY etalsig
[ > . 2
) So4 - Wang et al.sig(AUC=0.537) 2
So25 P=<0001 . _ 200
e 802 Zhang BH et al.sig(AUC=0.562) None
= Zhang MY et al.sig(AUC=0.477) ALL
0.00 - 0.0
0 00 02 04 06 08 10 02 03 04 05 06 07
Time(Days) 1-Specificity (FPR) Risk Threshold
| ) J

Univariate Cox Analysis
Variates HR  95%ClI P.value

; Points R SR e B
o : 2
Age.group 0.50 0.41-0.61 <0.001 - i Age.group ;
DRS 3.6 2.19-4.55 <0.001 | - DRS | ! , , , , , , |
: 14 16 18 2 22 24 26 28 3
- ' Total Points , x T T ; T T v v T y y y ,
IDH status 291 1.8-4.71 <0.001 | 0 10 20 30 40 50 60 70 80 S0 100 110 120 130
Multivariate Cox Analysis Linear Predictor

-14 -12 -1 -08 -06 -04 -02 O 02 04 06 08

Age.group 0.57 0.45-0.72 <0.001 - 0.5-Year survival Probability

0.9 0.85 08 075 07 065 06
1-Year survival Probability

DRS 238 1.46-387 <0001 , ——— 085 08 075 07 065 06 0550504504035
1

1.5-Year survival Probablllty
- 075 0.7 065 0.6 05505 0450403503 02502 0.15 0.1

IDH status 1.8 1.03-3.14 0.04

2 3 4
K TCGA-GBM L. TCGA-GBM M TCGA-GBM
O _[——Tm T ——-——— . = Model = IDH status = Age.group
| = 05~ = ALL = None
~] veer 038 04
S 1-year _ = Model(AUC=0.702)
8 o = 1.5-year go_s g .
3 £ = Age.group(AUC=0.639) £0.
237 204 3
2 ] = |DH.status(AUC=0.543) .
o S % 0.0 ol
$0.2
\
Sob 02 04 06 08 10 00
: : : y < ’ 00 02 04 06 08 10 0.2 0.4 06
Nomogram-prediced OS (%) 1-Specificity (FPR) Risk Threshold

@ Springer



Journal of Cancer Research and Clinical Oncology (2025) 151:112

Page9of16 112

«Fig.2 Construction of the disulfidptosis-related gene signature. A
Identification of modular genes associated with disulfidptosis related
clusters by WGCNA. B Volcano plot of differential expressed genes
of the two clusters. C Schematic illustration of acquisition of the
characteristic genes of the clusters. D PPI network of the top 30 char-
acteristic genes ordered by their betweenness. E Sankey plot demon-
strated the correspondence between the disulfidptosis-related clusters
and scores. F Kaplan—-Meier analysis of high-DRS and low-DRS
groups in the TCGA cohort. G, H ROC curve and DCA curve depict-
ing the performance of the DRS and other published gene signatures
predicting 1-year OS. I Univariate and multivariate Cox regression
of OS in the TCGA cohort. J The nomogram to predict 0.5-, 1.0-,
and 1.5-year OS. K Calibration curve eliciting the performance of the
nomogram in the TCGA cohort. L, M ROC curve and DCA curve
depicting the performance of the DRS and other well-established bio-
markers of GBM predicting 1-year OS

of patients from the TCGA and CGGA cohorts was esti-
mated, suggesting that the high DRS group was sensitive to
immune checkpoint blockade (P < 0.05) (Fig. 6A, C). On
the other hand, there were more immunotherapy respond-
ers (PR/CR) in the high DRS group than in the low DRS
group in the GSE91061 and GSE100797 cohorts (Fig. 6B).
To determine whether high DRS GBM could benefit from
immunotherapy, GL261/GL261-OE-EFEMP?2 cells were
implanted into C57BL/6J mice, which were then treated
with an anti-PD-1 antibody alone, radiation alone, or their
combination (n = 6) (Fig. 6D). The upregulated expression
of EFEMP? triggered radioresistance in the GL261-bearing
mouse model (Fig. 6E, F). Additionally, high expression of
EFEMP?2 sensitized GBM to immune checkpoint blockade
(Fig. 6E, F). Notably, the combination of radiation and an
anti-PD-1 antibody exhibited a synergistic efficacy in mice
overexpressing EFEMPE?2, which was not observed in a
mouse model without this combination (Fig. 6F). These
findings revealed that increased expression of EFEMP2 was
responsible for GBM resistance to radiation but sensitivity
to ICB, which could inform the development of a synergistic
radioimmunotherapeutic strategy.

Discussion

Exploration of disulfiptosis can provide new knowledge
for the radioresistance of GBM. Here, we elucidate the
role of disulfidptosis in glioblastoma genesis, offering
information about disulfidptosis-related genes, the tumor
microenvironment, radiotherapy, and immunotherapy. Our
study can be pursued with the ultimate goal of optimizing
glioblastoma management.

Disulfidptosis has been explored as a marker of GBM
associated with prognosis and the TME (Yang et al. 2024;
Zhou et al. 2024). Although estimation analysis in silico
estimation analysis revealed that DRGs are correlated
with the response to seldomly used treatments and

immunotherapy for GBM, we still have limited knowledge
of the clinical significance of disulfidptosis in GBM because
we have not explored whether the expression of DRGs
affects the efficacy of standard regimens and verified the
immunotherapeutic relevance of models in experimental
or clinical cohorts (Yang et al. 2024; Zhou et al. 2024).
In this study, we comprehensively analyzed disulfidptosis
at the transcriptome level and developed a gene signature
named DRS, which could serve as a solid biomarker for
the development of more effective therapeutic strategies
for GBM. The DRS exhibits superior prognostic predictive
ability for GBM patients compared to existing gene
signatures, as validated in large sample sizes across multiple
cohorts. Additionally, the DRS can serve as a valuable tool
for predicting radiosensitivity. Single-cell analysis revealed
that a high DRS was associated with the expression of MES-
GSC markers. Glioma stem cells (GSCs) are one of the main
reasons for cellular radioresistance. Among the two subtypes
of GSCs, the MES-GSCs represent a relatively malignant
subtype of GBM cells that are renowned for resistance to
conventional therapy (Wang et al. 2021; Bao et al. 2006). In
addition, the DRS was positively correlated with the RSI, a
quantitative tool of tumor cellular radioresistance. Previous
studies have shown that the RST has limitations in predicting
patient prognosis and response to radiation (Grimes 2022).
Our research demonstrated that DRS reflects radioresistance
not only at the individual level but also at the cellular level.

EFEMP2 was identified as the key gene in DRS with
exclusive expression on tumor cells and a correlation with
radioresistance. The role of EFEMP2 in tumorigenesis
varies considerably across different types of cancer.
EFEMP?2 serves as a protective factor in bladder, breast
and lung cancers (Zhou et al. 2019; Kang et al. 2019; Song
et al. 2020). Moreover, EFEMP2 was able to enhance the
invasion of ovarian and cervical cancers and glioma (Shen
et al. 2023; Li et al. 2022). However, the role of EFEMP2
in tumorigenesis varies significantly across different cancer
types. In bladder and lung cancers, EFEMP2 has been
reported to suppress EMT via the Wnt/B-catenin signaling
pathway, whereas in osteosarcoma, EFEMP2 has been
shown to promote EMT through the STEAP2/PI3K/AKT/
mTOR pathway (Zhou et al. 2019; Song et al. 2020; Zhang
et al. 2022).

Although the precise mechanisms remain unclear, mul-
tiple studies have confirmed the tumor-promoting role of
EFEMP2 in glioblastoma (Wang et al. 2015; Huang et al.
2020). As early as 2010, Verhaak et al. proposed that GBM
can be classified into three molecular subtypes: mesenchy-
mal (MES), classical (CL), and proneural (PN) (Verhaak
et al. 2010). Among them, the mesenchymal subtype (MES)
is considered the most aggressive and therapy-resistant
form of GBM (Yu et al. 2024). Isrel et al. suggested that the

@ Springer



112 Page 100f 16

Journal of Cancer Research and Clinical Oncology (2025) 151:112

f Duaray-GBM O GSE207002 GSE151680
Received chemotherapy alone i i
1 OO%N il ﬁﬁgz ived radiotherapy alone aRR aControl aCR aControl
*kk 3.9 ns
£ 75% QR AN44.4% 36.8% r
E E ' .
i 50% § 50% g g +
8 g ) 5 ?2.8
& 2o PS5 69|03 2% I 2
o O2¢
0% 0% 1
high low high low 2.4 |
on-response esponse
BN BR
c TCGA-GBM CGGA-GBM Gravendeel-GBM
Radiotherapy Radiotherapy Radiotherapy
1.00 fg‘ DRS group 195 .'\ DRSgroup 1.0 \ DRS group
i - in | . \ e
2075 | High 2075 \ High >0.75 \ High
5 Low 3 ‘ Low = | Low
2 2 \ s
©0.50 20.50 © 0.50 \
E' E‘ \\ Q. Y
g g % g ‘
$0.25 '$0.25 \, = $0.25
(% P< 0.001 (;_:; - P=0.0386 (% \ P=0.0125
\_‘ 1
0.00 — 0.00 0.00
0 {000 2000 3000 4000 0 {000 2000 3000 4000 0 1000 2000 3000 4000
Time(Days) Time(Days) Time(Days)
D TCGA-GBM CGGA-GBM Gravendeel-GBM
RT-alone RT-alone RT-alone
1.00 1.00
1.00] { DRS group IL DRSgroup \ DRS group
> | “ High 2075 ~ High - 1 “ High
£0.75 \ L 2 11 o %0.75 \ s
3 \ Q L S \
'50_50 R 20.50 ! @0.50 ‘
S = 1 S L
g | 2025 ‘ 2029
= - >U. < S 0.
§0.25 \L\ P=0.015 g P< 0.001 E \LH P=0.016
n - w (] y
0.00| — 0.00 0.00 —
0 500 1000 1500 2000 0 500 1000 1500 2000 0 1000 2000 3000 4000
Time(Days) Time(Days) Time(Days)
E TCGA-GBM CGGA-GBM Gravendeel-GBM
non-Radiotherapy non-Radiotherapy non-Radiotherapy
1.00
1.00 | BRS gromp 1.00 | DRSgroup L DRS group
2 = High 2 “ High >0.75 ~ High
£0.75 =0. ) 20.
5 g g
] o ©0.50
5.0'50 5_0.50 \ s |
© © ©
> > = |
>0.25 '>0.25 2025 P= 0494
27 P=0.2571 g N P=02489 & Hﬁ :
0.00 0.00 0.00
0 200 200 600 800 0 0 1000. 2000 3000 4000
Time(Days) Time(Days) Time(Days)

Fig.3 The correlation between the DRS and radioresistance. A The
therapeutic response rate of GBM patients with different DRS score
in the Ducray cohort. B The DRS score among therapeutic response
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at cell level. C-E Kaplan-Meier survival analysis of DRS in sub-
groups in three cohorts (log-rank test). RT radiotherapy, RR radiore-
sistant, CR chemoresistant
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Fig.4 The DRS was correlated with cellular radioresistance. A
UMAP plot of tumor-infiltrating cells in GSE131928 (left) and dot
plot showing the signature gene expression of cell types (right). B
The proportion of cells that contributed to each cell type by the DRS
groups. Color annotations match those of the UMAP plot. C Differ-
ence in SSGSEA scores of ‘HP_INCREASED_SENSITIVITY_TO_
IONIZING_RADIATION’ pathway between malignant cells from
each DRS group. D Pseudotime (left), the DRS group (middle) and

mesenchymal phenotype of GBM may arise from an EMT-
like biological process (Iser et al. 2017).

In our analysis of the TCGA cohort, we observed that
high EFEMP2 expression is significantly associated with the
‘glioblastoma mesenchymal’, ‘epithelial-mesenchymal tran-
sition’ gene sets (Additional File 2). High EFEMP2 GBM
also enriched in “TGFB_EMT_UP’ and ‘HIF1_TFPATH-
WAY’ terms, which were considered as trigger signals of

radiosensitivity index (right) visualized on the cell trajectory plot
of malignant cells. E Violin plots showing expression of EFEMP2
among cell types. F The transcriptional differences of EFEMP2
between GBM cells and normal brain cells. G The evaluation of radi-
oresistance of EFEMP2-OE GBM cells by CCK8 assay. H The evalu-
ation of radioresistance of EFEMP2-OE GBM cells utilizing clono-
genic survival assay

EMT process. What’s more, High EFEMP2 GBM enriched
in ‘BOQUEST_STEM_CELL_UP’, which is consistent
with our single-cell RNA sequencing analysis results. These
findings indicate a strong link between EFEMP2 expression
and mesenchymal-like cell states in GBM, which collec-
tively suggest that EFEMP2 may promote the mesenchymal
phenotype of GBM via EMT. However, the functionally
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characterizing this process and the signaling pathways
involved required further investigations.

In addition to directly killing tumor cells, radiotherapy
can activate antitumor immunity to diminish tumor
lesions (Wu et al. 2014). Our findings suggest that even
though a high DRS represents increased tumor antigen
presentation and increased infiltration of immune cells, it
is still correlated with poor prognosis and radioresistance.
This paradox was attributeis attributed to the low
cytotoxicity of T cells triggered by the overexpression of
PD-1/PD-L1. The overexpression of immune checkpoints
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was observed after RT, resulting in immunosuppression
and radioresistance (Pineda et al. 2019; Deng et al. 2014).
Thus, ICB was applied to ameliorate radioresistance by
offsetting such immunosuppression. Regrettably, ICB
did not yield significant results in clinical trials, which
can be explained by our study. A previous study revealed
that the expression levels of PD-1/PD-L1 modulated the
efficacy of ICB (Sun et al. 2023). We detected differences
in the expression of PD-1/PD-L1 between the DRS
groups, suggesting the possible selective efficacy of
immunotherapy for GBM. In tumor immune analyses, we
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observed that tumor antigen presentation and infiltration
of immune cells were greater in GBM patients with high
DRSs than in those with low DRSs, which provided better
conditions for antitumor immunity after ICB treatment.
Also, GL261-bearing mouse models with overexpressing
EFEMP?2 could benefit from ICB, whereas untreated
GBM bearing mice were resistant to this regimen. A
previous study reported that EFEMP2 upregulated PD-L1
expression in ovarian cancer cells, which may explain
the relationship between EFEMP2 expression and the
immunotherapy response. Therefore, it is not currently
feasible to apply immunotherapy universally in GBM
and DRS could serve as a quantitative tool to identify
immunotherapeutic efficacy.

The combination of radiotherapy and immunotherapy
has always been a promising strategy as well as a
formidable challenge for treating GBM. Although the
combined strategy has been validated in other cancers,
it is difficult to replicate this success in GBM. Notably,
the combination of immunotherapy and radiotherapy had
synergistic therapeutic efficacy on EFEMP2°F GBM
instead of untreated GBM in a tumor-bearing mouse
model. A previous study illustrated that infiltration of
T cells was positively correlated with the radiotherapy
response, indicating that T cells mediate the local
cytotoxic effects of radiotherapy (Yost et al. 2019; Arina
et al. 2020). The application of ICB can amplify T-cell-
mediated elimination (Sun et al. 2018). The synergistic
effect of immunoradiotherapy was observed only in high
DRS GBM, which is likely due to the relatively high
infiltration of immune cells at baseline. Consequently, for
GBM patients with high DRS or EFEMEP2 expression,
immunotherapy should be combined with radiotherapy to
achieve better clinical advantages.

Despite the results presented above, there are
limitations in this study indubitably. Further studies are
needed to validate the prognostic and therapeutic value of
the DRS in clinical trials. Delving into the mechanisms
by which high expression of EFEMP2 causes different
therapeutic responses and TME remodeling is crucial for
future clinical applications.

In conclusion, we comprehensively assessed DRGs
in GBM and established that the DRS was correlated
with reduced survival time, hampered tumor immunity,
radioresistance and immunotherapeutic response,
identifying EFEMP?2 as the core gene. For radioresistant
GBM patients with high DRS or EFEMP2 expression, the
combination of radiotherapy and immunotherapy may be
a viable treatment option. These findings contribute to
optimizing the clinical management of GBM and offer a
novel strategy for immunotherapy applications.

@ Springer

Conclusions

Our study established a disulfidptosis-related signature
that is a effective predictor in evaluating the prognosis and
radiosensitivity of GBM. We explored the role of EFEMP2
in promoting the radioresistance of GBM and its impact on
immunotherapy response, which provide a robust foundation
for anti-tumor therapy.
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