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Background: Glioblastoma (GBM) is themost prevalent primarymalignant brain tumor. However, current prognostic indicators
do not accurately predict the prognostic and therapeutic benefits of GBM patients, therefore we proposed a new immune-based
classification of GBM and find out patients more sensitive to immunotherapy.
Methods: This study established a novel immune-based classification, the immune-related prognostic score (IRPS), by utilizing
four GBM cohorts comprising 302 samples. Furthermore, a comprehensive immunogenomic analysis was conducted to assess the
relationship between IRPS and clinical prognosis, immune cell infiltration, immune checkpoints, and potential mechanisms of
immune evasion. TheChineseGliomaGenomeAtlas (CGGA)GBMcohort was also used to validate the IRPS. The findings of this
research demonstrate the potential of IRPS as a biomarker for predicting the overall survival (OS) of GBMpatients. Additionally,
the analysis of Tumor Immune Dysfunction and Exclusion (TIDE) and mRNA stemness index (mRNAsi) has suggested that
patients with high IRPS may exhibit increased responsiveness to immunotherapy.
Results: The patients were ranked according to the IRPS score and stratified into high and low IRPS groups. Kaplan-Meier
survival analysis revealed a significant difference in prognosis within the two subgroups in both the training and testing datasets.
The results showed that the low IRPS subgroup higher degree of immune cell infiltration compared to those of the high IRPS
subtype. Tumors in the low IRPS group may express more immune checkpoint molecules as a means of evading immune killing
following immune stimulation. In the high IRPS subtype of GBM, TP53 (49%) was the most frequently mutated gene, while
in the low IRPS subtype, only 31% showed this mutation. Moreover, the high IRPS subtype GBM is also more susceptible to
mut-p53 therapy degradation compared to GBM of the low IRPS subtype. Additionally, the analysis of TIDE and mRNAsi has
suggested that patients with high IRPS may exhibit increased responsiveness to immunotherapy.
Conclusions: These findings suggest that IRPS could function as a reliable prognostic biomarker, facilitate the development of
novel immunotherapeutic interventions, and assist in clinical decision-making for GBM patients.
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Introduction

Glioblastoma (GBM) is the prevailing malignant neo-
plasm of the brain and the most highly aggressive pri-
mary tumor within the glioma subcategories, accounting for
54% of all gliomas and 16% of all primary brain tumors
[1,2]. Despite advancements in its molecular characteriza-
tion, the median overall survival rate for patients diagnosed
with GBM remains persistently low at 14.6 months [3].
The significance of the tumor microenvironment (TME)
in the initiation and progression of cancer has been in-
creasingly recognized [4]. Consequently, understanding
the function of the TME can facilitate the development of
novel therapies targeting GBM due to its significant con-
tribution to neoplastic progression [5]. Our prior investiga-
tion revealed a shift in the composition of tumor-associated

myeloid cells towards a greater proportion of monocyte-
derived macrophages compared to microglia in recurrent
GBM, which correlated with increased invasiveness [6].
Nonetheless, current clinical practice fails to assess tumor-
infiltrating immune cells (TIICs) in GBM, resulting in lim-
ited accuracy in prognosis and therapy response predic-
tion. Therefore, computational methods provide a viable
alternative to quantify a large number of TIICs, offering
a more comprehensive understanding of the interplay be-
tween prognosis and TIICs in GBM.

The current study aimed to develop an immune-related
prognostic score (IRPS) for GBM by investigating the rela-
tionship between the activity profile of TIICs and the over-
all survival of GBM patients. To achieve this, GBM train-
ing cohorts from four publicly available databases were
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used to employ the Least Absolute Shrinkage and Selection
Operator (LASSO) and Cox model, which identified 36 im-
mune cell signatures significantly correlated with survival.
Subsequently, an IRPS for GBMwas created utilizing these
prognostic-related immune cell types, and it was correlated
with GBM patients’ overall survival time and immunophe-
notypic profiles. An integrated analysis approach was em-
ployed to examine the differences in genome, TME, and im-
munogenomic profiles between low and high IRPS patients.
This study aimed to improve personalized survival progno-
sis and treatment alternatives for physicians and glioblas-
toma patients by identifying the diverse advantages of im-
munotherapy and chemotherapy using an innovative classi-
fication system based on immune cells.

Materials and Methods

Preprocessing of Cohort Datasets
The mRNA expression data and copy number vari-

ants of patients with glioblastoma were obtained from the
UCSC Xena The Cancer Genome Atlas (TCGA) GBM co-
hort (https://xenabrowser.net/). The relevant clinical data
for TCGA-GBM samples were obtained using the cgdsr R
package from the cBioPortal [7]. The mutation profiling
was obtained from the TCGA data portal (https://portal.gdc
.cancer.gov/) using the TCGAbiolinks (https://github.com
/BioinformaticsFMRP/TCGAbiolinks) R package [8]. The
study acquired gene expression profiles from three distinct
datasets via the GBM Gene Expression Omnibus (GEO)
database. Additionally, the Chinese Glioma Genome At-
las (CGGA)-GBM cohort (testing dataset) provided Illu-
minaHiSeq RNA-seq data and clinical information for 139
glioblastoma patients, obtained from the CGGA database.
Supplementary Fig. 1 presents the specific collection data,
while Supplementary Table 1 describes the clinical data
for these cohorts. The cohorts included in the study were
limited to those with a sample size of over 50 GBM and
with available overall survival data. To ensure uniformity
in data processing, the combat function from the sva (https:
//bioconductor.org/packages/release/bioc/html/sva.html) R
package [9] was utilized to adjust for batch effects in the
TCGA, CGGA, and GEO datasets.

Gene Set Enrichment Analysis
A comprehensive literature search was conducted to

gather 98 immune cell signatures for evaluating the infil-
tration of immune cells in tumors [10–17]. The single sam-
ple gene set enrichment analysis (ssGSEA) package within
the GSVA (https://bioconductor.org/packages/release/bioc
/html/GSVA.html) R package [18] was utilized to calculate
a Normalized Enrichment Score (NES) for these signatures
in the tumor microenvironment.

The Immune-Related Prognostic Score (IRPS) of
GBM

The NES was employed to evaluate the degree of TI-
ICs signatures in all patients through ssGSEA. Univariate
Cox proportional hazards regression analyses were con-
ducted to evaluate the association between NES scores and
overall survival (OS) in a cohort of 302 GBM patients
(training datasets). Immune-cell signatures with p < 0.05
were filtered. Hazard ratios (HR) were employed to iden-
tify immune cell signatures that provide protection (HR<1)
or pose a risk (HR >1). Ultimately, a prognostic signature
named IRPS for GBM samples, using the scores of 4 GBM
datasets and 35 immune cell signatures, was described as:
IRPS = ΣNES (HR <1) – ΣNES (HR >1).

Immune Infiltration and Immunotherapy Response
Prediction

EachGBMsamplewas estimated using the Estimation
of STromal and Immune cells in MAlignant Tumor tissues
using Expression data (ESTIMATE) (Version 2.0.0, MD
Anderson, Houston, TX, USA) R package with default pa-
rameters [19]. To determine the ratio of 22 subtypes of TI-
ICs in GBM mass, the CIBERSORT (Version 1.03, the Al-
izadeh Lab and Newman Lab, Stanford, CA, USA) website
was employed [12]. Furthermore, 11 of the 98 immune cell
signatures were excluded from the analysis due to contain-
ing less than 10 genes. Ultimately, 87 immune cell signa-
tures were utilized in the final analysis. The NES produced
by gene set enrichment analysis (GSEA) was regarded as
the degree of infiltration for each immune cell signature.

The Tumor Immune Dysfunction and Exclusion
(TIDE) algorithm was utilized to predict the individual’s
probability of reacting to immunotherapy, specifically the
blocking of immune checkpoints [20]. Furthermore, a ma-
chine learning algorithm was previously reported to calcu-
late stem-like indices for TCGA-GBM samples [21].

Differential Gene Expression and Functional
Enrichment Analysis

The R package Limma (https://bioconductor.org/pac
kages/release/bioc/html/limma.html) was utilized for con-
ducting differential expression analysis [22]. Differen-
tial genes were identified based on a threshold of p.adj
< 0.05 and a fold change >2 or fold change <0.5.
Additionally, the package clusterProfiler was employed
to analyze Gene Ontology (GO) and Kyoto Encyclo-
pedia of Genes and Genomes (KEGG) functional en-
richment (https://bioconductor.org/packages/release/bioc/h
tml/clusterProfiler.html) [23].

Copy Number Variations (CNV) Analysis
This study employed the Genomic Identification of

Significant Targets in Cancer (GISTIC) algorithm to iden-
tify common regions of copy number alteration across all
samples [24]. The default parameters of GISTIC were uti-
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lized, with a significance threshold of Q <0.05 and a con-
fidence level of 0.95 to determine the peak interval. The
GISTIC analysis was performed using the MutSigCVmod-
ule of GenePattern (https://cloud.genepattern.org). Further-
more, the somatic mutation data for all samples were ana-
lyzed using the maftools (https://bioconductor.org/package
s/release/bioc/html/maftools.html) R package [25].

Statistical Analysis
Survival curves were calculated using the Kaplan-

Meier methodology, and differences were compared using
the Log-rank test integrated into the survival package for
R (https://github.com/therneau/survival). The R package
“pROC” was used to compute the receiver operating char-
acteristics curve [26].

All statistical analyses to determine the relation be-
tween features and patient outcomes were performed using
R (Version 3.5.0, Bell Laboratories, Boston, MA, USA).
The statistical significance was determined by both-sided
p-values, with a significance level set at p < 0.05.

Results

IRPS Building and the Relation with Immune-Cell
Signatures

The workflow design of this study is illustrated in
Supplementary Fig. 2A. This study aimed to develop a
prognostic model for GBM patients by analyzing a com-
pendium of 98 immune cell types that infiltrated tumors.
As shown in Fig. 1A, NES through ssGSEA was used to
assess the level of immune infiltration in each sample. Sub-
sequently, univariate Cox proportional hazards regression
analysis was employed to determine the association be-
tween the NESs and OS of 302 GBM patients. The findings
are presented in Supplementary Table 2 ssGSEA. In this
study, 35 immune cell signatures with a p-value less than
0.05 were selected. The immune, stromal, and ESTIMATE
scores, as well as tumor purity of the samples, were eval-
uated using the R package estimate. The results showed
that the low IRPS subgroup had higher immune, stromal,
and ESTIMATE scores, and lower tumor purity (Fig. 1A,
Supplementary Table 2 estimate score). Additionally, a
forest plot in Supplementary Fig. 2B demonstrated the as-
sociations between each immune cell subset and OS in the
training cohort. The IRPS scoring system was applied to
the mRNA expression profile from the training and testing
datasets to determine the IRPS values for all samples. The
IRPS for each sample is shown in Supplementary Table 2
IRPS and Supplementary Table 3 IRPS CGGA. Subse-
quently, patients were divided into two subgroups by using
the cutoff IRPS value. Statistical analysis revealed a signif-
icant difference in prognosis within the two subgroups in
both the training and testing datasets (Fig. 1B,C). To assess
the reliability of the IRPS risk model, Receiver Operating
Characteristic (ROC) curves were used, yielding an Area

under curve (AUC) of 0.54, 0.73, and 0.72 for 1-year, 3-
year, and 5-year predictions in the testing set, respectively
(Fig. 1D). These findings suggest that the IRPS risk model
has the potential to predict the prognosis of GBM patients
in the testing dataset.

Correlation between IRPS and TIME Patterns
To assess the immune infiltration in tumors, the ESTI-

MATE algorithm, GSEA, and CIBERSORT formula were
used to investigate the variation in TIICs within high and
low IRPS subtypes. The ESTIMATE algorithm was uti-
lized to calculate the ESTIMATE, immune, stromal, and
tumor purity scores in GBM tissues. The results indicated
a negative correlation between IRPS and the Immune (R =
–0.93, p < 2.2−16), Stromal (R = –0.9, p < 2.2−16), and
ESTIMATE scores (R = –0.95, p < 2.2−16) (Fig. 2A–C).
This suggests that tumors of the low IRPS subtype exhibit a
higher degree of immune cell infiltration compared to those
of the high IRPS subtype. In contrast, a strong positive cor-
relation was observed between the IRPS and tumor purity
(R = 0.95, p < 2.2−16), as depicted in Fig. 2D. Low tumor
purity has been associated with a poor prognosis in glioma,
as previously reported [24]. These findings were further
validated in the testing dataset (Supplementary Fig. 3A).

The volcano plots and enrichment plots from the
GSEA analysis revealed distinct patterns of immune in-
filtrates between the two subtypes, as demonstrated in
Fig. 2E,F, and Supplementary Table 4 gsea. Notably, sev-
eral immune cell types exhibited significantly high infiltra-
tion when comparing the low IRPS subtype to its high coun-
terparts, such as MacTh1 cluster, Macrophages, Monocyte,
Myeloid-Derived Suppressor Cell (MDSC), and T cells
gamma delta.

Results of the CIBERSORT algorithm were used to
analyze the results of two IRPS subtypes. In the low IRPS
subtype, there was a significant increase in T cell subsets,
including T cell CD4+ memory resting, T cell CD4+ naïve,
T cell CD8+ and T cell regulatory. Meanwhile, in the
low IRPS group, there was a significant increase in M2
macrophages and monocytes (Fig. 2G,H). Similar findings
were observed in the testing set (Supplementary Fig. 3B).

IRPS and Intrinsic Immune Escape Mechanism in
GBM

A further investigation was conducted on the relation-
ship between the IRPS and intrinsic immune escape mecha-
nisms. Tumor cells exhibiting intrinsic immune escape are
believed to control their immune evasion. A previous study
identified cancer immunogenicity and immune-checkpoint
molecule expression as contributing factors to intrinsic im-
mune escape [25].

Several factors, including neoantigen load, chromo-
somal instability levels, mutation load, and Homologous
Recombination Deficient (HRD), can influence tumor im-
munogenicity. It was observed that the level of HRD was
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Fig. 1. IRPS scores were correlated with the survival of GBM patients. (A) GBM patients were categorized into 2 subgroups (high
and low IRPS) based on ssGSEA immune signatures. (B) GBM Kaplan-Meier curve according to IRPS subtypes (training dataset) pa-
tients. (C) GBM Kaplan-Meier curve according to IRPS subtypes (testing dataset) patients. (D) The 1-year, 3-year and 5-year ROC
curves for the CGGA dataset. GBM, glioblastoma; IRPS, immune-related prognostic score; CGGA, Chinese Glioma Genome Atlas;
ROC, Receiver Operating Characteristic; ESTIMATE, Estimation of STromal and Immune cells in MAlignant Tumor tissues using
Expression data; IFNG, Interferon Gamma; MDACC, M.D. Anderson Cancer Center; FNA, Fine-needle Aspiration; TGFB, Transform-
ing Growth Factor-beta; LYMPHS, Lymphocytes; PCA, Prostatic Cancer; STAT1, Signal Transducer and Activator of Transcription 1;
GRANS, Granulocytes; IL, Interleukin; MDSC, Myeloid-Derived Suppressor Cell; OS, overall survival; ssGSEA, single sample gene
set enrichment analysis; AUC, Area under curve.

significantly increased in the high IRPS subtype compared
to the low IRPS subtype (Fig. 3A). Moreover, a positive
correlation (R = 0.28, p = 0.0093) was observed between
HRD and IRPS (Fig. 3B). However, the mean values of
Neoantigen (Single Nucleotide Variant (SNV) and Indel),
Copy Number Aberration (CNA)-frac-altered (chromoso-
mal instability level), and mutation load (silent and non-

silent) did not exhibit any significant difference between the
low and high IRPS subtypes, as demonstrated in Fig. 3A.
Additionally, the TCGA-GBM cohort did not reveal any
significant correlation between neoantigen load, chromo-
somal instability levels, and mutation load with the IRPS
index, as illustrated in Fig. 3B and Supplementary Table
5 publicinfor.

https://www.biolifesas.org/
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Fig. 2. Immune microenvironment profiles and immunogenomic characteristics of GBM in relation to IRPS. Analyses of corre-
lations between IRPS and (A) ESTIMATE scores, (B) stromal scores, (C) immune scores, and (D) tumor purity. (E) A volcano plot
comparing patients with high IRPS subtypes to patients with low IRPS subtypes in the training dataset. (F) GSEA of MacTh1 cluster,
MDACC.FNA1.1 20805453, and Immune cell cluster 21214954 comparisons between patients with a high IRPS subtype and patients
with a low IRPS subtype was conducted for the training dataset. (G,H) Proportion and comparisons of the abundances of 22 immune cells
in two subtypes by CIBERSORT. (*p< 0.05; **p< 0.01; ***p< 0.001; ****p< 0.0001; ns, p> 0.05). NES, Normalized Enrichment
Score; GSEA, gene set enrichment analysis.
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The expression of immune checkpoints was identi-
fied as another crucial intrinsic immune escape mechanism.
An in-depth analysis of the expressions of six immune
checkpoints in the training and validation datasets revealed
that the expression levels of programmed cell death pro-
tein (PD)-1, PD-L1, Cytotoxic T-lymphocyte-Associated
Protein (CTLA)-4, T cell Immunoglobulin and Mucin-
containing-molecule (TIM)-3, and T cell immunoreceptor
with Immunoglobulin and ITIM domain (TIGIT) were sig-
nificantly higher in the low IRPS subtype compared to the
high IRPS subtype in both datasets. Additionally, Lympho-
cyte Activation Gene (LAG)-3 showed no statistical differ-
ence between both subtypes of GBM in the training and test-
ing datasets (Fig. 3C and Supplementary Fig. 4A). These
results suggest that tumors in the low IRPS group may
express more immune checkpoint molecules as a means
of evading immune killing following immune stimulation.
Furthermore, a comprehensive analysis was conducted to
examine the correlation between clinical parameters and
IRPS, as presented in Supplementary Table 6 clininfor
and Supplementary Fig. 4B, which revealed that patients
with IDH1 mutations exhibited higher IRPS levels.

Correlations between IRPS and Genomic Variables
in TCGA-GBM

Genomic alterations, such asmutations and copy num-
ber variations (CNVs), can significantly impact tumor im-
munity. Therefore, we conducted a comprehensive anal-
ysis of CNVs and somatic mutations across various stem-
ness subtypes. The top mutated genes in the low and high
IRPS subtypes are presented in Fig. 4A,B. In the high IRPS
subtype of GBM, TP53 (49%) was the most frequently
mutated gene, while in the low IRPS subtype, only 31%
showed this mutation. On the other hand, TTN (41%) was
the most frequently mutated gene in the low IRPS subtype,
with only 30%mutation in the high IRPS subtype. Another
notable mutated gene was phosphatase and tensin homolog
(PTEN), with a mutation frequency of 40% in the low IRPS
subtype and 29% in the high IRPS subtype. In addition, the
GISTIC analysis identified chromosome 12q14.1, includ-
ing the Cyclin-dependent kinase (CDK) 4 locus, as a signif-
icantly amplified site in the high IRPS subtype compared to
the low IRPS subtype GBM (Fig. 4C,D).

We investigated the varying sensitivity of different
IRPS subtypes to TP53-targeted therapy due to significant
differences in TP53 mutation. TP53-targeted therapy for
tumors primarily involves degrading mut-p53 and restor-
ing wt-p53 [25]. For instance, vorinostat, an HDAC in-
hibitor, can degrade mut-p53 and reduce GBM stem cell
viability [26]. We assessed the response to vorinostat in
the two IRPS subtypes using the pRRophetic R package,
which relies on data from the GDSC (Version 8.5, Well-
come, Boston, MA, USA) database. The 50% inhibiting
concentration (IC50) of vorinostat showed a significant re-
duction in the high IRPS subtype as anticipated (p = 0.0017)

(Fig. 4E). This suggests that GBM of the high IRPS subtype
is more susceptible to mut-p53 therapy degradation com-
pared to GBM of the low IRPS subtype. Nutlin-3a can in-
crease wt-p53 expression both in vitro and in vivo in GBM
by inhibiting MDM2 [27]. Fig. 4F shows that the IC50 of
nutlin-3a in GBM patients was significantly lower in the
low IRPS subtype GBM compared with the high IRPS sub-
type (p = 0.0358). Since CDK4 is highly amplified in the
high IRPS subtype GBM, the IC50 of palbociclib (CDK
4 inhibitor) was also evaluated and found to be signifi-
cantly lower in the high IRPS subtype GBM (p = 0.0316)
(Fig. 4G). Furthermore, Temozolomide (TMZ) treatment
has been established as the conventional chemotherapy for
GBM following surgical intervention. Consequently, we
assessed the response to TMZ in the two distinct subtypes of
IRPS. However, the estimated IC50 values of TMZ showed
no difference between the two IRPS subtypes (p = 0.313)
(Fig. 4H).

Differential Expression and Functional Enrichment
Analysis between High and Low IRPS Subtypes

We conducted a differential expression analysis to
compare the gene expression profiles of the high and
low IRPS subtypes. A comprehensive analysis revealed
the identification of 267 differentially expressed genes
(DEGs) (|log2FC| >1.0) in the low IRPS subtype, consist-
ing of 41 upregulated genes and 226 downregulated genes
(Fig. 5A,B, Supplementary Table 7 diffgene). Subse-
quently, we performed functional enrichment analysis us-
ingWebGestaltR. A total of 520 Biological Processes (BPs)
were found to be significantly enriched (p < 0.001), which
included leukocyte migration, neutrophil activation, and
neutrophil-mediated immunity. Additionally, 78 Cellular
Components (CCs) were significantly enriched, such as the
Major Histocompatibility Complex (MHC) class II protein
complex and immunoglobulin complex. Furthermore, 75
Molecular Functions (MFs) were significantly enriched, in-
cluding antigen binding, immune receptor activity, and cy-
tokine activity. Lastly, 54 KEGG pathways were signif-
icantly enriched, such as the focal adhesion, antigen pro-
cessing and presentation, and the Toll-like receptor signal-
ing pathway (Fig. 5C–F, Supplementary Table 7).

The IRPS could Predict the Therapeutic Benefit
Previous research utilizing machine learning tech-

niques has suggested that TIDE and mRNA stemness index
(mRNAsi) are effective tools for predicting the response to
immunotherapy in patients with GBM [19]. In this study,
the TIDE and mRNAsi algorithms were employed to fore-
cast the probability of immunotherapy responses. The re-
sults, depicted in Fig. 6A–D, indicate that GBM patients
with a low IRPS subtype exhibit elevated TIDE and re-
duced mRNAsi in both the training and testing datasets
(Supplementary Table 8 mRNAsi and Supplementary
Table 9 TIDE). These findings are consistent with previ-
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Fig. 3. IRPS and intrinsic immune escape mechanism in GBM. (A) The comparison of mutLoad nonsilent, mutLoad silent, CNA
frac altered, Indel Neoantigen, SNV Neoantigen, and HRD score between low and high IRPS subtypes in GBM patients. (B) The
correlation between IRPS and mutLoad nonsilent, mutLoad silent, CNA frac altered, Indel Neoantigen, HRD score, SNV Neoantigen.
(C) The association between IRPS and immune checkpoints in the training dataset. (*p < 0.05; ****p < 0.0001; ns, p > 0.05). HRD,
Homologous Recombination Deficient; SNV, Single Nucleotide Variant; CNA, Copy Number Aberration; PD, programmed cell death
protein; CTLA, Cytotoxic T-lymphocyte-Associated Protein; TIM, T cell Immunoglobulin and Mucin-containing-molecule; TIGIT, T
cell immunoreceptor with Immunoglobulin and ITIM domain; LAG, Lymphocyte Activation Gene.
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Fig. 4. Correlations between IRPS and genomic variables in TCGA-GBM. (A) Waterfall plots showing the most frequently mutated
genes in the low IRPS subtype of GBM. (B) Waterfall plots showing the most frequently mutated genes in the high IRPS subtype of
GBM. (C) Genomic Identification of Significant Targets in Cancer (GISTIC) analysis of copy-number changes in the low IRPS subtype
of GBM. (D) GISTIC analysis of copy-number changes in the high IRPS subtype of GBM. The IC50 differences of (E) vorinostat, (F)
nutlin-3a, (G) palbociclib, and (H) Temozolomide (TMZ) predicted by the pRRophetic algorithm between high-/low- IRPS subtypes (*p
< 0.05; **p < 0.01; ns, p > 0.05). TCGA, The Cancer Genome Atlas; IC50, 50% inhibiting concentration.

ous investigations, which have shown that high TIDE and
low mRNAsi levels are indicative of greater sensitivity to
immunotherapy [19]. Consequently, these findings suggest
that patients with high IRPS subtype GBM are more likely
to be more sensitive to immunotherapy.

This study investigated the prognostic significance
of the IRPS in a group of GBM samples that underwent
chemotherapy, specifically Gene Expression Omnibus Se-

ries (GSE) 17227 andGSE140145. Notably, the GSE17227
dataset showed a statistically significant decrease in IRPS
values in GBM samples that were treated with all-trans
retinoic acid (ATRA) compared to their pretreatment lev-
els (Fig. 6E). Furthermore, the training dataset enabled the
estimation of the IC50 of ATRA in two subtypes. The IC50

of ATRA was significantly reduced in patients with a high
IRPS (p = 0.0024) (Fig. 6F). The GSE140145 dataset sam-

https://www.biolifesas.org/
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Fig. 5. Identification of two subtypes with distinct gene expressions and functional annotations. (A) Volcano plot and (B) heatmap
showing the expression profiles between low and high IRPS subtypes. Differentially expressed genes (DEGs) functional enrichment
analysis, encompasses significant enrichment in (C) biological processes, (D) cellular components, (E) molecular functions and (F)
Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways. GO, Gene Ontology; BP, Biological Processe; MF, Molecular Function;
CC, Cellular Component; MHC, Major Histocompatibility Complex.

ples were treated with alectinib, an anaplastic lymphoma ki-
nase (ALK) inhibitor. Subsequent analysis showed no sig-
nificant change in IRPS (Fig. 6G). In two subtypes of the
training dataset patients, the IC50 values of crizotinib, an-
other ALK inhibitor, were calculated and no significant dif-
ference was found between the estimated values (Fig. 6H).
The IRPS value was identified as a predictive biomarker
for chemotherapeutic benefits, demonstrating its predictive
power.

Discussion

In this study, the relationship between GBM TIICs
and immunotherapy and chemotherapy was analyzed. A
method was proposed to divide subtypes based on TIICs,
developing an approach for distinguishing subtypes based
on TIICs and validating their classification through the ex-
amination of patient samples and clinical data obtained
from the TCGA, CGGA, and various GEO cohorts. The

IRPS model was based on 35 immune cells, of which 31
showed a negative correlation with overall survival time,
while the remaining four displayed positive correlations
with overall survival time. The prognostic value of the
IRPS model was confirmed in the TCGA cohort, CGGA
cohort, and several GEO cohorts. The survival curves dif-
fered significantly, indicating the good prognostic power of
the IRPS model.

The central nervous system’s relative immunological
privilege has led to extensive research into immunotherapy
for GBM patients in recent years, encompassing cellular
immunotherapy, antitumor vaccines, and immune check-
point inhibitors [27]. However, the outcomes of phase
III clinical trials for GBM have been unsatisfactory com-
pared to other tumors. Therefore, identifying patients who
may benefit from immunotherapy in precision treatment
is a crucial step. In this study, we utilized TIDE and
mRNAsi methodologies to verify the immunotherapy re-
sponse in low- and high-IRPS subtypes of GBM. Jiang et

https://www.biolifesas.org/
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Fig. 6. The therapeutic benefit of the IRPS value. (A) Boxplot showing the stemness index between two IRPS subtypes in the
training dataset. (B) Boxplot showing the stemness index between two IRPS subtypes in the testing dataset. The comparison of Tumor
Immune Dysfunction and Exclusion (TIDE) between two IRPS subtypes in (C) the training dataset and (D) the testing dataset. (E)
Pairwise comparison of the IRPS in patients before and after all-trans retinoic acid (ATRA) treatment. (F) The IC50 differences of ATRA
predicted by the pRRophetic algorithm between high-/low- IRPS subtypes. (G) Pairwise comparison of the IRPS in patients before-
and after alectinib treatment. (H) The IC50 differences of crizotinib predicted by the pRRophetic algorithm between high-/low- IRPS
subtypes. (ns, p > 0.05). ATRX, All-Trans Retinoic Acid; mRNAsi, mRNA stemness index.

al. [20] discovered that the TIDE algorithm can be em-
ployed to anticipate the immunotherapeutic response by an-
alyzing the mRNA expression of GBM tissues. Yang et al.
[28] found that GBM patients with elevated TIDE scores
are more prone to anti-tumor immune evasion. Addition-
ally, some studies have suggested that GBM patients with
high mRNAsi scores may experience a more favorable re-
sponse to immunotherapy [21,29]. Our results showed that
high-IRPS patients with lower TIDE and higher mRNAsi
scores may benefit more from immunotherapy treatment in
the context of GBM. Furthermore, patients with GBM har-
boring a PTEN mutation exhibit a reduced response rate
to anti-PD-1 immunotherapy, which can be attributed to
the mutation-induced alterations in the immune microen-
vironment. Additionally, a higher prevalence of PTEN
mutations was observed in the low-IRPS group within the

TCGA-GBM cohort. Notably, PTEN mutation ranks as the
most impactful mutation gene in GBM, significantly reduc-
ing survival rates. These findings partially explain the effi-
cacy of IRPS in predicting the outcomes and immunother-
apeutic responsiveness of GBM patients.

Chemotherapy is currently a primary approach for
managing GBM patients, emphasizing the importance of
identifying predictive markers for chemotherapy in GBM
treatment. The role of DNA repair, particularly HRD, is
pivotal in cancer chemotherapy susceptibility. The find-
ings of our study indicate a significant positive correlation
between the HRD score and IRPS score in GBM patients.
HRD has previously been associated with increased sensi-
tivity to chemotherapy and longer overall survival [30]. Ad-
ditionally, a prior study showed that the absence of TP53
expression enhances the susceptibility of glioblastoma to
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supplementary chemotherapeutic agents and diminishes the
likelihood of resistance to TMZ [31]. Consistent with this
research, our study revealed a higher incidence of TP53mu-
tations in the high-IRPS group (49%) compared to the low-
IRPS group (31%). For further verification of the clinical
implementation of the IRPS, two cohorts of GBM patients
with available chemotherapy data were obtained from the
GEO database, and IRPS scores were computed for both
cohorts. Examination of these GBM datasets revealed that
patients treated with sensitive chemotherapy showed a sig-
nificant change in their IRPS, whereas those treated with in-
sensitive chemotherapeutics exhibited a nonsignificant re-
sponse. This suggests that the IRPS model could be a sen-
sitive indicator of chemotherapeutics for GBM treatment.

This study had certain limitations. Specifically, al-
though it has been established that the impact of chemother-
apy and immunotherapy depends on tumor heterogeneity,
our investigation did not account for the intratumorally or
interpatient heterogeneity of the GBM immune microenvi-
ronment. Furthermore, while the GBM cohorts have shown
the survival advantages of certain infiltration cells, the un-
derlying mechanisms of these cells remain unclear. There-
fore, further experimental research is necessary to elucidate
the functional roles of these immune cell types in GBM and
provide crucial insights for a more comprehensive under-
standing of the disease. Thirdly, the classification of GBM
cancer samples into high and low IRPS subtypes was based
solely on the median cutoff of IRPS. However, to improve
the stratification of GBM patients, it may be necessary to
determine the optimal cutoff of IRPS. Finally, the IRPS
utilized immune cells, with significant correlations found
with overall survival time. However, the study exhibited a
deficiency in providing precise details regarding immune-
related genes that displayed a significant correlation with
the overall survival duration within distinct immune cell
types.

The IRPS has proven to be a significant indicator
due to its correlation with immune infiltrate levels and its
association with overall survival across a comprehensive
range of GBM cohorts, establishing it as a potent prognos-
tic marker for GBM. The IRPS is poised to enhance the
prognostic accuracy of GBM patients, enable comparative
analysis of immune modulators, and facilitate the identifi-
cation of GBM patients who are likely to benefit from im-
munotherapy and chemotherapy.

Conclusions

In conclusion, the potential of immunotherapy and
chemotherapy in treating GBM remains significant, and
the identification of patients who are likely to benefit from
these treatments is a crucial task. This study aimed to clas-
sify patients into distinct subtypes based on GBM immune
cell infiltration and predict their response to immunother-
apy and chemotherapy, thereby offering a potential strategy

for patient screening. The utilization of the IRPS model has
the potential to establish a prognosis for patients with GBM
and to categorize those whomay derive therapeutic benefits
from chemotherapy and anticancer immunotherapy.
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