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Abstract

Background Glioma, a prevalent malignant intracranial tumor, exhibits limited therapeutic efficacy due to its immunosup-
pressive microenvironment, leading to a poor prognosis for patients. ARHGDIB is implicated in the remodeling of the tumor
microenvironment and plays a significant role in the pathogenesis of various tumors. However, its regulatory effect within
the immune microenvironment of glioma remains unclear.

Methods The mRNA expression pattern of ARHGDIB was analyzed using public databases, and its expression was fur-
ther validated in our collected cohort through quantitative PCR (qPCR) and immunohistochemistry (IHC). Kaplan—Meier
survival analysis and LASSO-Cox regression were employed to ascertain the clinical significance of ARHGDIB in glioma.
Subsequently, we systematically evaluated the association between ARHGDIB expression and immune characteristics within
the glioma microenvironment, as well as its potential to predict treatment response in glioma. Additionally, in vitro experi-
ments were conducted to elucidate the role of ARHGDIB in remodeling the glioma microenvironment and promoting tumor
malignancy progression.

Results Combined with bioinformatics analysis of public databases and validation with gPCR and IHC on our cohort, our
findings indicate that ARHGDIB is markedly overexpressed in glioma and correlates with poor patient prognosis, thereby
serving as a potential biomarker for adverse outcomes in glioma. Functional enrichment and immune infiltration analyses
reveal that ARHGDIB is implicated in the recruitment of immunosuppressive cells, such as M2 macrophages and neutrophils,
contributing to the alteration of the glioma immunosuppressive microenvironment and hindering the immune response. Fur-
ther investigations through single-cell sequencing, immunohistochemistry, immunofluorescence, and in vitro experiments
demonstrate that ARHGDIB exhibits an expression pattern akin to CD163, with its overexpression inducing M2 macrophage
polarization and facilitating glioma cell proliferation and migration.

Conclusions ARHGDIB emerges as a novel marker for tumor-associated macrophages, playing a crucial role in shaping the
immunosuppressive microenvironment and representing a promising prognostic biomarker for glioma.
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Introduction

Glioma represents a highly heterogeneous neoplasm
within the central nervous system, exhibiting a relatively
elevated incidence rate of approximately 6.4 cases per
100,000 individuals annually [1, 2]. Among these, glio-
blastoma multiforme (GBM) emerges as the most prev-
alent malignant subtype, constituting nearly 50% of all
primary malignant central nervous system tumors [3].
Current therapeutic interventions for glioma primarily
encompass surgical resection, chemotherapy, and radio-
therapy. Despite the implementation of standard treatment
protocols, such as surgical excision in conjunction with
temozolomide chemotherapy or radiotherapy, the major-
ity of glioma patients experience recurrence, particularly
those diagnosed with GBM, recognized as the most malig-
nant primary brain tumor [4]. Consequently, the overall
prognosis for these patients remains poor. Prognostic out-
comes for glioma patients exhibit significant variability
depending on tumor grade, with median survival rang-
ing from approximately 1 to 15 years [5]. Notably, only
3-5% of GBM patients survive beyond three years despite
undergoing comprehensive treatment regimens, including
surgical resection, chemotherapy, and radiotherapy, with
most surviving approximately 14 months [6]. The immune
microenvironment of gliomas and intratumoral heteroge-
neity are key factors leading to drug resistance, recurrence,
and progression [7, 8]. For instance, tumor cells recruit
macrophages into the central nervous system by secreting
specific chemokines (such as MCP-1, CSF-1, and GM-
CSF) and polarize them into a tumor-promoting phenotype
[9-11]. The presence of this immunosuppressive microen-
vironment limits the efficacy of traditional immunothera-
peutic strategies (such as PD-1/PD-L1 inhibitors) in the
treatment of gliomas. Targeting key molecules or cells
within the tumor microenvironment, in combination with
surgery, radiotherapy, and chemotherapy, holds promise
for improving the clinical outcomes of glioma treatment,
prolonging patient survival, and enhancing quality of life.

ARHGDIB (also known as RhoGDI2), a member of
the Rho GDP dissociation inhibitor family, is a regula-
tory protein that primarily controls the activity of small
GTPases in the Rho family by binding to them. Rho fam-
ily GTPases play a crucial role in cellular morphological
changes, migration, proliferation, and cytoskeletal reor-
ganization [12—14]. Recent studies have found that ARH-
GDIB indirectly affects tumor invasion and metastasis by
regulating multiple signaling pathways, exerting a dual
role in different tumors by either promoting or inhibiting
tumor invasion and metastasis. For example, in lung can-
cer, bladder cancer, and Hodgkin's lymphoma, overexpres-
sion of ARHGDIB can inhibit the metastasis and invasion
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of tumor cells [15-17], whereas in gastric cancer, breast
cancer, and colorectal cancer, overexpression of ARHG-
DIB promotes the metastasis and invasion of tumor cells
[18-20]. Studies have reported that ARHGDIB inhibits
the metastasis of bladder cancer by suppressing the Racl
pathway and affects the invasion [17] and proliferation of
lung cancer and hepatocellular carcinoma cells by modu-
lating the PI3K/Akt signaling pathway [15, 21]. In ovarian
cancer, ARHGDIB enhances Rac1 activity to activate the
p38 and INK/MAPK cascades, thereby inhibiting tumor
metastasis [22]. In breast cancer, high expression of ARH-
GDIB is positively correlated with the poor prognosis of
the patient, lymph node metastasis, and TNM staging and
promoted tumor invasion by regulating epithelial-mes-
enchymal transition (EMT) and the expression of MMP2
[23]. In addition, ARHGDIB promotes chemoresistance in
gastric cancer cells through multiple mechanisms, includ-
ing upregulation of Bcl-2 and activation of PLCy [24, 25].
Moreover, the role of ARHGDIB in the tumor immune
microenvironment is gradually gaining attention. It has
been reported that ARHGDIB suppresses lung metastasis
in mice with muscle-invasive bladder cancer by reduc-
ing tumor versican expression and macrophage infiltration
[26], indicating that ARHGDIB is also involved in remod-
eling the tumor microenvironment. The aforementioned
studies highlight the role of ARHGDIB in tumor progres-
sion, involving tumor proliferation, invasion, metastasis,
and remodeling of the tumor microenvironment, suggest-
ing that ARHGDIB is a potential therapeutic target for
cancer. However, few studies have reported on the role
of ARHGDIB in gliomas, such as its expression levels,
prognostic value, and impact on the immune microenvi-
ronment of gliomas. Therefore, it is necessary to reveal the
relationship between ARHGDIB and glioma progression
and elucidate its potential as a therapeutic target, providing
new insights for improving the clinical therapeutic out-
comes of gliomas.

In this study, we employed high-throughput sequencing
technology, bioinformatics analysis, and in vitro experi-
ments to discover that ARHGDIB is highly expressed in
gliomas and is closely related to the malignant phenotype
of gliomas, serving as a biomarker for poor prognosis in
gliomas. ARHGDIB exhibits a similar expression pat-
tern to CD163 and is involved in remodeling the immune
microenvironment of gliomas. The aberrantly expressed
ARHGDIB recruits the infiltration of M2 macrophages,
forming an immunosuppressive microenvironment that
promotes the malignant progression of the tumor. Addi-
tionally, the expression of ARHGDIB is correlated with
immune checkpoint molecules such as PD-1/PD-L1 and
the immunotherapy pathway. These findings provide
important evidence for a deeper understanding of the
mechanisms by which ARHGDIB contributes to glioma
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progression and offers new targets and strategies for the
treatment of gliomas.

Materials and methods
Obtaining and processing data

The approaches employed for data acquisition and process-
ing align with those detailed in prior studies [27, 28]. All
data were retrieved from Chinese Glioma Genome Atlas
(CGGA) datasets (CGGA-693, CGGA-325, CGGA-301),
TCGA, GSE16011, and Rembrandt datasets.

Clinical specimens

For the in-house cohorts, we included 200 patients who were
newly diagnosed with glioma and underwent craniotomy at
Xiangya Hospital, Central South University, from 2015 to
2022. All patients had at least one month of follow-up. After
excluding those with incomplete data, a total of 200 patients
were included in the subsequent analysis. Written informed
consent was obtained from each participant, and the study
was approved by the ethics committee.

RNA extraction and quantitative real-time PCR

We conducted these procedures by referring to the previous
study [29]. In brief, total RNA was extracted from fresh
tissue using TRizol reagent (Life Technologies) following
the manufacturer's protocol. Complementary DNA was syn-
thesized from the extracted RNA using a reverse transcrip-
tion kit (Thermo Fisher Scientific). Real-time quantitative
PCR (qPCR) was performed using SYBR qPCR Master Mix
(Vazyme). ACTB was used as the internal reference gene,
and the relative expression levels of ARHGDIB, CD163,
ARG, and TGF-pl were quantified using the 2 2Ct
method. The primer sequences are listed below:

ARHGDIB forward primer: GAGGCACGTACCACA
ACAAGTC,

ARHGDIB reverse primer: TCATTCTGTCCACTCCTT
CTTAATCG,

CD163 forward primer: AAAGAATCCCGCATTTGG
CAGTG,

CD163 reverse primer: ATAACTCCCGCATCCTCC
TTGTG,

ARG forward primer: GGCAGAAGTCAAGAAGAA
CGGAAG,

ARGT1 reverse primer: CTTGTGGTTGTCAGTGGAGTG
TTG,

TGF-p1 forward primer: GCAACAATTCCTGGCGAT
ACCTC.

TGF-p1 reverse primer: CCTCCACGGCTCAACCAC
TG.

ACTB forward primer: GGCCAACCGCGAGAAGAT
GAC,

ACTB reverse primer: GGATAGCACAGCCTGGAT
AGCAAC.

Immunohistochemistry and immunofluorescence

A tissue microarray (TMA) was constructed using 17 nor-
mal tissue samples and 165 glioma tissue samples. Follow-
ing the methodology described in the previous literature
[30], we conducted the experiments. IHC and IF assays
were performed using primary antibodies against ARH-
GDIB (Abcam, AB181252-1003) and CD163 (Abcam,
AB182422-1003).

Survival analysis

Initially, we excluded samples with overall survival (OS)
of less than 30 days and those lacking complete clinical
characteristic data. Kaplan—-Meier method was employed
to estimate the association between ARHGDIB mRNA
expression levels and patient outcomes, including OS, dis-
ease-specific survival (DSS), and progression-free interval
(PFI); a p value of less than 0.05 was considered statistically
significant.

Identification and functional enrichment analysis
of differentially expressed genes

Patients were categorized into high and low ARHGDIB
expression groups based on the median expression level of
ARHGDIB. Using the limma package of R, differentially
expressed genes (DEGs) related to ARHGDIB were iden-
tified between the two groups in the TCGA cohorts. The
criteria for identifying DEGs were set as adjusted P <0.05
and llog2(fold change)l> 1. Functional enrichment analysis
was performed using the module of Gene set enrichment
analysis (GSEA) on the Xiantao academic platform (https://
www.xiantaozi.com) to elucidate the potential mechanisms
underlying ARHGDIB.

Characteristics of the immune landscape
in the glioma microenvironment

The immune and stromal scores were calculated using the
ESTIMATE package of R [31]. The immunological land-
scape of the glioma microenvironment was comprehensively
evaluated by examining the expression levels of immu-
nomodulatory molecules, the infiltration levels of tumor-
infiltrating immune cells (TIICs), the activity of the tumor
immunity cycle, and the expression of inhibitory immune
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checkpoints. Data for a total of 122 immunomodulators,
including MHC molecules, chemokines, and immune stim-
ulators, were sourced from prior studies [32]. The activity
of the tumor immunity cycle was assessed through single-
sample gene set enrichment analysis (ssGSEA) based on
gene expression profiles [33]. The abundance of TIICs was
estimated using sSGSEA and CIBERSORT algorithms [34].
Additionally, we identified 20 immunosuppressive check-
points with potential therapeutic relevance, based on Aus-
lander's study [35].

Development and validation
of an ARHGDIB-associated risk score via LASSO
regression

In TCGA, CGGA-325, CGGA-301, CGGA-693, and Rem-
brandt cohorts, univariate Cox regression analysis was con-
ducted on the differentially expressed genes (DEGs) using
the survival R package. A prognostic model associated with
ARHGDIB was developed by employing the LASSO regres-
sion method to identify 13 prognostic markers from the 139
ARHGDIB-related DEGs that were significantly associated
with prognosis. Individual risk scores were calculated using
the Cox regression coefficients () and mRNA expression
levels. The TCGA cohort was split into training and valida-
tion sets in a 7:3 ratio. An R package was utilized to evaluate
the statistical performance of the prognostic model. Further-
more, the ARHGDIB-associated risk score was validated
as a prognostic indicator in multiple datasets, including the
TCGA internal validation set, TCGA-all set, CGGA-693 set,
CGGA-301 set, CGGA-325 set, and Rembrandt dataset.

In vitro functional experiments

Cell culture was performed according to previously pub-
lished protocols [28]. Briefly, THP-1 cells were cultured in
RPMI-1640 medium supplemented with 10% fetal bovine
serum (FBS), while T98G and U87 cells were maintained in
DMEM medium containing 10% FBS. All cells were incu-
bated at 37 °C in a humidified atmosphere with 5% CO.,.

Co-culture model: THP-1 cells were induced into
MO-type macrophages using PMA (50 ng/mL) for 24 h
[36]. Subsequently, these MO macrophages were infected
with lentiviruses carrying the ARHGDIB expression vec-
tor or control vector. After 48 h, the cell supernatant was
collected and co-cultured with T98G and U251 cells. After
two days of co-culture, the cells were harvested for subse-
quent experiments, including CCK-8, colony formation, and
migration assays.

CCK-8, colony formation, and migration assays: These
experiments were conducted following previously published
literature [29]. In brief, after a 2-day co-culture of T98G and
U251 cells with M0-0E-ARHGDIB or M0-oE-Vector, then
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T98G and U251 cells were collected. For CCK-8, the cells
were plated into 96-well plates at a density of 1000 cells/
well in 100 puL of complete medium and cultured at 37 °C.
Upon completion of each experiment, 10 uL of CCK-8 rea-
gent (Beyotime, Shanghai, China) was added to each well,
followed by an additional 2-h incubation at 37 °C; then, the
optical density (OD450) was subsequently measured using
a microplate reader. For colony formation, the cells were
plated into 6-well plates at a density of 1000 cells/well; after
culturing for 2 weeks, the cells were fixed with paraformal-
dehyde stained with 0.1% crystal violet and observed under
a microscope. For migration assays, cells (20,000 cells/tran-
swell) were added to the transwell upper chambers (8 pm)
and cultured in a low-serum concentration (1.0%), after two
days of incubation, the Transwell inserts were removed, and
a cotton swab was used to gently wipe away the cells that
had not migrated through the membrane, and then the cells
were fixed with paraformaldehyde stained with 0.1% crystal
violet and observed under a microscope.

Statistical analysis

All statistical analyses were performed using GraphPad
Prism 8.0.2 or R software (www.r-project.org). The unpaired
t test was employed to assess the expression of ARHGDIB
between the normal and tumor groups, as well as between
the IDH mutant and wild-type groups. The Kruskal-Wallis
test was used to compare nonparametric differences among
various histological subtypes. Pearson correlation analysis
was conducted to evaluate the correlation between ARHG-
DIB expression levels and immune checkpoint molecules,
immune scores, and stromal scores. A p value of less than
0.05 was considered statistically significant. The symbols *,
** and *** denote p values less than 0.05, 0.01, and 0.001,
respectively.

Results

Identification and validation of a novel biomarker
in glioma

To identify new biomarkers in gliomas, we collected six
paired gliomas and adjacent tissues for RNA high-through-
put sequencing. The result indicated that 2378 genes were
significantly upregulated and 2336 genes were signifi-
cantly downregulated (LogFC >1 or LogFC <-1, P <0.05,
Fig. 1A). Similarly, the differential gene expression analy-
sis of TCGA and GSE16011 cohorts, respectively, iden-
tified 6563 and 2612 genes (Log FC>1 or Log FC<-1,
P <0.05, Fig. 1 B, C). Finally, combined with the above
analysis results, 371 common upregulated genes were iden-
tified (Fig. 1D). After reviewing the literature, we finally
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Fig.1 ARHGDIB is abnormally highly expressed in gliomas. A-C
The volcano plot shows differentially expressed genes (DEGs) in
Our sequencing data, TCGA, and GSE16011 cohort. D The Venn
diagram of upregulated genes intersects. E A pan-cancer analysis
of ARHGDIB expression differences between normal samples and
tumor tissues using the TCGA database. F and G The expression lev-
els of ARHGDIB in normal tissues and glioma tissues were analyzed
using the combining GTEx data with TCGA data, and the GSE16011
dataset. H The mRNA expression levels of ARHGDIB in normal tis-

sues and glioma tissues were detected by qPCR in our own collected
cohort. I-K The protein expression levels of ARHGDIB in normal
tissues and glioma tissues (I), gliomas of different WHO grades (J),
and tissues with wild-type and mutant IDH1 (K) were detected by
immunohistochemical staining. Differences between the two groups
were assessed using Student’s t test, with P values indicated above
each boxplot using asterisks (scale bar: 50 pm, *P <0.05, **P <0.01,
*#*P <0.001)
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determined that ARHGDIB should be the object of further
study. To assess the expression of ARHGDIB in tumors,
we conducted a pan-cancer analysis of the expression of
ARHGDIB and found that it is highly expressed in various
tumor tissues, including glioblastoma multiforme (GBM), a
highly malignant subtype of glioma (Fig. 1E). By combining
GTEx data with TCGA data, we successfully increased the
number of normal tissue samples. The levels of ARHGDIB
in various tumor tissues, including low-grade glioma (LGG)
and GBM tissues, were significantly higher than those in
non-tumor tissues. (Fig. 1F). We analyzed the expression
of ARHGDIB in other datasets, such as the GSE16011
cohort (Fig. 1G) and Rembrandt cohort (Figure S1A),
and obtained consistent results. Then, we collected 64 gli-
oma tissues and 30 normal tissue samples and examined
the expression level of ARHGDIB by RT-qPCR. We also
explored the expression level of ARHGDIB by IHC in two
tissue microarrays (TMA) containing 165 diffuse gliomas
and 17 normal samples. Those results consistently show
ARHGDIB was highly expressed in the glioma tissues,
compared with normal tissues (Fig. 1H, I, P <0.05). To
further investigate the expression patterns of ARHGDIB in
glioma, we analyzed its expression in different WHO grades
and IDH mutation statuses across various datasets. In the
TCGA dataset, ARHGDIB was upregulated in glioma with
WHO grade IV (Figure S1B, P <0.05) and wild-type IDH
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Fig.2 ARHGDIB serves as an adverse prognostic biomarker in gli-
oma. A-F Kaplan—Meier curves illustrating the associations between
ARHGDIB expression and overall survival (OS) in glioma patients
across multiple datasets: TCGA (A), CGGA-693 (B), CGGA-301
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glioma (Figure S1C, P <0.05), which was validated in the
CGGA-693, GSE16011 and Rembrandt cohorts (P <0.05,
Figures S1D-H). The above results were validated by IHC
in the validation dataset (Fig. 1J, K, P <0.05). Furthermore,
ARHGDIB was markedly over-expressed in 7 paired tumor
tissues, in comparison with corresponding peritumoral tis-
sues (Figure S2, P <0.05). Consequently, these findings
imply that ARHGDIB could function as a novel biomarker
for the malignant characteristics of gliomas.

ARHGDIB is an indicator of poor prognosis in glioma

Survival curves were employed to investigate the prognos-
tic significance of ARHGDIB expression in glioma across
the six cohorts, and the findings consistently demonstrated
that ARHGDIB serves as a marker of unfavorable progno-
sis in glioma (TCGA, HR =3.57 (2.73-4.66); CGGA-693,
HR =2.33 (1.89-2.86); CGGA-301, HR=1.79 (1.33-2.40);
CGGA-325,HR=2.72 (2.05-3.61); GSE16011, HR=1.75
(1.34-2.27); Rembrandt, HR =1.81 (1.44-2.29); log-rank
test P <0.05, Fig. 2A-F). When delving deeper into the
correlation between ARHGDIB expression and disease-
specific survival (DSS) as well as progression-free survival
(PES), patients exhibiting elevated levels of ARHGDIB
were observed to experience reduced survival durations
(DSS, HR =3.87 (2.90-5.15); PFS, HR=2.91 (2.33-3.65),
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Kaplan—Meier curves demonstrating the associations between ARH-
GDIB expression and disease-specific survival (DSS) and progres-
sion-free interval (PFI) in TCGA cohort
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log-rank test P <0.05, Fig. 2G, H). In addition, we inves-
tigated the relationship between the expression levels of
ARHGDIB and patient survival outcomes, including over-
all survival, DSS, and PFS, in various subgroups of glioma,
such as different grades of glioma and IDH status. The find-
ings consistently indicated that elevated expression levels
of ARHGDIB were linked to a worse prognosis in patients
(Figure S3). Moreover, we explored the value of ARHG-
DIB in the diagnosis and prognostic evaluation of glioma
patients based on TCGA, and the results showed that the
AUC of the diagnostic ROC curves for distinguishing tumor
from normal tissue and for tumor WHO grading was 0.879
(CI=0.833-0.925) and 0.859(CI=0.829-0.890), respec-
tively, and the AUC of the time-dependent ROC curves at
1, 3, and 5 years was 0.791, 0.753, and 0.706, respectively
(Figure S4). In summary, the expression level of ARHGDIB
can accurately distinguish normal tissue from glioma tissue
and can also make a good prediction of patient prognosis.
The higher the expression level of ARHGDIB, the worse the
patient's prognosis, indicating that ARHGDIB is a potential
adverse prognostic biomarker for glioma patients.

The correlations of ARHGDIB with immunological
parameters

Given that the expression levels of ARHGDIB are intricately
associated with the severity of glioma, we deduced that the
abnormal expression of ARHGDIB might potentially facili-
tate the advancement of glioma. To explore the relationship
between ARHGDIB and the progression of glioma, we first
divided the glioma samples in the TCGA database into high
and low-expression groups based on the expression level of
ARHGDIB and conducted differential analysis. A total of
2138 genes were significantly upregulated, and 1135 genes
were downregulated (Fig. 3A). Then, we performed GSEA
enrichment analysis on the highly expressed genes to explore
the potential signaling pathways affected by ARHGDIB. Gli-
omas that displayed elevated levels of ARHGDIB demon-
strated significant enrichment in various immunomodulatory
pathways, which included critical processes such as "angio-
genesis," "inflammatory response,” "TNFa-NF-kappaB
signaling," and "IL2/STATS signaling," as observed in the
comprehensive analysis of the TCGA cohort (Fig. 3B). Fur-
thermore, the intricate and multifaceted microenvironment
of glioma was meticulously assessed through the applica-
tion of the ESTIMATE algorithm; we found that gliomas
with high levels of ARHGDIB consistently exhibited higher
immune and stromal scores than those with low levels of
ARHGDIB in six cohorts (P <0.05, Fig. 3C-H), indicating
that ARHGDIB may play a regulatory role in the function-
ing of both immune and stromal cells. We also assessed cell
infiltration in 33 cancers using CIBERSORT and ssGSEA
algorithms; the results of CIBERSORT show that in GBM

and LGG, significant correlations can be observed between
ARHGDIB and various types of immune cells, especially
in GBM, the expression levels of ARHGDIB show signifi-
cant positive correlations with M2 macrophages, regulatory
Tregs, and other cells while showing negative correlations
with activated NK cells and naive CD4 T cells, and the
results of ssGSEA show that in GBM and LGG, the expres-
sion levels of ARHGDIB are significantly positively cor-
related with the infiltration levels of various immune cells,
including aDCs (activated dendritic cells), B cells, CD8 T
cells, neutrophils, mast cells, and macrophages (P <0.05,
Fig. 31, J). These results indicated that ARHGDIB plays an
important role in the immune microenvironment of glio-
mas. Importantly, ARHGDIB expression was positively cor-
related with infiltration of M2 macrophages in the TCGA,
CGGA-301, and Rembrandt cohorts and negatively corre-
lated with infiltration of Treg cells (P <0.05, Fig. 3K-M).
The ssGSEA analysis of the TCGA cohort shows that glioma
tissues with high expression of ARHGDIB have a greater
infiltration of immune-suppressive cells, such as mac-
rophages and neutrophils, dendritic cells (P <0.05, Fig. 3N).
The same results were also observed in other cohorts, such
as CGGA-693, CGGA325, CGGA-301, Rembrandt, and
GSE16011 (P <0.05, Fig. 30-S). In summary, ARHGDIB
plays a vital role in the tumor microenvironment, which
forms an immunosuppressive tumor microenvironment,
promoting the malignant progression of glioma.

The correlations of ARHGDIB with tumor immune
response

Considering that ARHGDIB plays an important role in con-
structing the immunosuppressive microenvironment of gli-
oma, we further analyze its relationship with tumor immune
response. We first analyzed the distribution of 122 immune
regulatory molecules, such as chemokines, receptors, MHC,
and immunostimulators in the high and low-expression
groups of ARHGDIB based on TCGA. In the high-ARHG-
DIB group, the majority of MHC molecules were markedly
overexpressed, suggesting an improved capacity to present
and process antigens. In addition, the concentrations of
CXCL9, CXCL10, and CCR3, which enhance the recruit-
ment of CD8+ T cells into the glioma microenvironment,
were elevated in gliomas exhibiting high ARHGDIB expres-
sion. Chemokines and their corresponding receptors, includ-
ing CCL2 and CCR2, were upregulated in gliomas express-
ing ARHGDIB (Fig. 4A). Furthermore, most immune cell
markers were elevated in the high-ARHGDIB group in con-
trast to the low-ARHGDIB group (Fig. 4B). Then, we fur-
ther explored the condition of the immune cycle. The cancer
immunity cycle comprises seven stages: the release of cancer
cell antigens (Step 1), cancer antigen presentation (Step 2),
priming and activation (Step 3), the trafficking of immune
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cells to tumors (Step 4), infiltration of immune cells into
tumors (Step 5), recognition of cancer cells by T cells (Step
6), and the destruction of cancer cells (Step 7). The efficacy
of the tumor immune cycle is a direct consequence of the
operation of the chemokine system and immunomodulators.
In the high-ARHGDIB group, the activities of the major-
ity of steps were diminished, encompassing Step 1, Step
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3, and Step 4 (macrophage recruitment, Th1 cell recruit-
ment, NK cell recruitment, and Th17 recruitment) (Fig. 4C).
Finally, we analyzed the correlation between ARHGDIB
and immune checkpoint molecules, as well as its relation-
ship with immunotherapy-related pathways. The expression
level of ARHGDIB in gliomas is highly positively correlated
with most immune checkpoint molecules, including LAIR1,



Cancer Immunology, Immunotherapy (2025) 74:204

Page90of17 204

«Fig.3 ARHGDIB reshapes the immunosuppressive microenviron-
ment in glioma. A The volcano plot illustrates the DEGs between the
low-ARHGDIB and high-ARHGDIB groups in TCGA glioma cohort.
B GSEA analysis was performed on gliomas with low and high ARH-
GDIB expression in TCGA cohort; the significance of the enrichment
score (ES) was determined using thresholds of a nominal P<0.05
and an FDR <25%. (C-H) The ESTIMATE algorithm evaluates the
stromal and immune scores in high- vs. low-ARHGDIB groups across
multiple cohorts: C TCGA, D CGGA-325, E CGGA-301, F CGGA-
693, G Rembrandt, H GSE16011. I and J Pan-cancer analysis of the
correlation between ARHGDIB expression levels and immune cell
infiltration using the CIBERSORT and ssGSEA algorithms. K and
M The lollipop plot illustrates the correlation between ARHGDIB
expression levels and the abundance of immune cell infiltration in gli-
oma, based on CIBERSORT algorithms from TCGA (K), CGGA-301
(L), Rembrandt cohort (M). N-S The ssGSEA algorithm was used to
evaluate the levels of immune cell infiltration in gliomas of high- vs.
low-ARHGDIB groups across multiple cohorts: N TCGA, O CGGA-
693, P CGGA-301, Q CGGA-325, R Rembrandt, S GSEA10611.
Differences between the two groups were assessed using Student’s
t test, with P values indicated above each boxplot using asterisks
(**P<0.01, ***P<0.001)

PDCD1, CD274, CD44, and CTLA-4 (Fig. 4D). Moreover,
the ARHGDIB expression exhibited a positive correlation
with the ssGSEA scores of the majority of immunotherapy-
related signatures (Fig. 4E). These research findings suggest
that ARHGDIB shapes an inflamed tumor microenviron-
ment, which inhibits the immune response in gliomas.

Development, verification, and assessment
of the ARHGDIB-related risk score

In this investigation, we uncovered 678 overlapping ARHG-
DIB-related DEGs in the CGGA-693, CGGA-325, CGGA-
301, Rembrandt, and TCGA cohorts. Among these DEGs,
we also discerned 139 ARHGDIB-associated DEGs that
were significantly correlated with prognosis (Table S1).
Then, the LASSO Cox regression model was utilized to
identify the 13 most significant factors for constructing a
prognostic model in the TCGA training set and to derive
an ARHGDIB-associated risk score for each patient based
on the mRNA expression of thirteen genes and the corre-
sponding LASSO Cox coefficients (Fig. SA, B, Table S2).
Patients with low-risk scores exhibited markedly prolonged
overall survival durations compared to those with high-
risk scores in the TCGA training set, TCGA internal vali-
dation set, and TCGA set (TCGA training set, HR =7.51
(4.85-11.62), P<0.001; TCGA validation set, HR=5.17
(3.05-8.75), P<0.001; TCGA set, HR=6.05 (4.35-8.4
1), P<0.001, Fig. 5C-E). The CGGA-693, CGGA-325,
CGGA-301, and Rembrandt sets were employed as exter-
nal validation sets. The findings demonstrated that the
risk score could proficiently categorize patients into two
separate groups within these external validation cohorts.
Patients in the high-risk group exhibited a markedly
worse prognosis compared to those in the low-risk group

(CGGA-693, HR =3.23 (2.62-3.99), P <0.001; CGGA-325,
HR =5.09 (3.76-6.88), P <0.001; CGGA-301, HR=2.82
(2.08-3.82), P<0.001; Rembrandt, HR =3.05 (2.40-3.87)
, P<0.001, Fig. SF-I). The predictive precision of the risk
score was thoroughly corroborated in the TCGA training
cohort, TCGA internal validation cohort, and TCGA dataset.
The AUC of the risk score exceeded 0.80 for survival at 1,
3, and 5 years in the TCGA training cohort, TCGA internal
validation cohort, and TCGA dataset (Fig. 5J-L). Similarly,
the AUC of the risk score was more than 0.75 for survival
at 1, 3, and 5 years in the CGGA-693 cohort, CGGA-325,
CGGA-301, and Rembrandt cohort (Fig. SH-O). These
research results indicate that a model constructed based on
ARHGDIB-related genes can effectively predict the progno-
sis of glioma patients.

Aberrant ARHGDIB expression was associated
with M2 macrophages

Considering that the expression of ARHGDIB is highly cor-
related with immune cell infiltration in gliomas, we per-
formed single-cell sequencing analysis based on GSE182109
and identified four cell types (Fig. 6A) and further analyzed
the distribution of ARHGDIB and markers of M2 mac-
rophages, such as CD163, VSIG4, CD14, SOX2, OLIG1,
S100B, and glioma cells in cell clusters (Fig. 6B), the
results uncovered that ARHGDIB and CD163, a marker
of M2 macrophages, shared a similar expression pattern.
To further substantiate these findings, we analyzed the cor-
relation between ARHGDIB and CD163 expression based
on the TCGA and CGGA-301 databases and conducted an
immunohistochemistry experiment. The results showed a
strong correlation between the expression of ARHGDIB and
CD163, with correlation coefficients of 0.688 and 0.701 in
TCGA and CGGA-301, respectively (Fig. 6C, P <0.001),
and in glioma tissue, gliomas with high-expression ARHG-
DIB exhibited high-expression CD163 by IHC (R=0.474,
P <0.001, Fig. 6D). Moreover, the immunofluorescence
experimental results based on glioma tissues showed co-
localization between ARHGDIB and CD163 (Fig. 6E).
These results suggested that the abnormal expression of
ARHGDIB may promote the infiltration of more M2 mac-
rophages into glioma tissues. To investigate the impact of
ARHGDIB-mediated recruitment of M2 macrophage infil-
tration on the malignant progression of glioma, we con-
ducted in vitro cell experiments. We induced THP-1 cells
into MO macrophages using PMA, transfected them with an
ARHGDIB expression plasmid, and then co-cultured them
with glioma cells to examine the proliferation and migration
capabilities of the glioma cells. The results showed that the
mRNA expression of TGFB1, CD163, and ARG1 in MO
macrophages overexpressing ARHGDIB was increased
when these MO macrophages cocultured with glioma
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Fig.4 ARHGDIB impairs the immune response in glioma. A Vari-
ations in the expression levels of 122 immunomodulatory molecules
(including chemokines, receptors, MHC molecules, and immune
stimulators) between glioma samples with high and low ARHGDIB
expression. B Differences in immune cell markers between the high-
ARHGDIB and low-ARHGDIB groups in TCGA cohort. C Differ-
ences in the various stages of the cancer immunity cycle between
gliomas with high ARHGDIB expression and those with low ARH-

(Fig. 6F). In addition, when glioma cells were cocultured
with MO macrophages overexpressing ARHGDIB, we found
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molecules and the expression levels of ARHGDIB in TCGA cohort.
E Differences in the enrichment scores of immunotherapy-related
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the TCGA cohort. Differences between the two groups were assessed
using Student’s t test, with P values indicated above each boxplot
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that MO macrophages overexpressing ARHGDIB promoted
the proliferation and migration of T98G and U251 glioma
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Fig.5 Construction, validation, and assessment of the ARHGDIB-
associated risk score. A The distribution of partial likelihood devi-
ance for the LASSO coefficient. B A compilation of 13 ARHGDIB-
associated signatures derived from Cox regression coefficients. C-I
Kaplan—-Meier curves demonstrate the correlation between risk
scores and overall survival in various cohorts: TCGA training set (C),
TCGA internal validation set (D), entire TCGA set (E), CGGA-693
cohort (F), CGGA-301 (G), CGGA-325 (H), and Rembrandt (I). P
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values were determined using the log-rank test, with P <0.05 as the
significance threshold. J-P Time-dependent ROC analysis for 1-year,
3-year, and 5-year survival demonstrated the predictive accuracy of
the ARHGDIB-associated prognostic model across multiple cohorts:
J TCGA training set, K TCGA internal validation set, L entire TCGA
set, M CGGA-693 cohort, N CGGA-301, O CGGA-325, and P Rem-

brandt cohort
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«Fig.6 ARHGDIB induces M2 polarization of macrophages, thereby
promoting the proliferation and migration of glioma cells. A single-
cell sequencing analysis to identify four major cell types in glioma. B
The distribution of ARHGDIB and markers of M2 macrophages and
glioma cells in cell clusters. C Scatter plot showing the correlation of
mRNA expression levels between ARHGDIB and CD163 in glioma
samples from TCGA and CGGA-693 datasets. D The results of the
immunohistochemical stain show the correlation of protein expres-
sion levels between ARHGDIB and CD163 in glioma tissues. E
Immunofluorescence demonstrates the co-localization of ARHGDIB
and CD163 in glioma tissues (scale bar: 50 um). F qPCR analysis of
M2 markers (CD163, ARG1, TGF-f) in MO macrophages transfected
with ARHGDIB or control vectors. G-I Co-culture systems were
used to evaluate the effects on the proliferation and migration abilities
of T98G and U251 cells after co-culture with MO cells transfecting
with ARHGDIB expression vectors or control vectors: G prolifera-
tion: T98G and U251 glioma cells were co-cultured with ARHGDIB-
overexpressing MO macrophages, proliferation was measured by
CCK-8 assay at 1, 2, 3, 4, and 5 days (n=>5 replicates), H colony for-
mation: cells were fixed with 4% PFA and stained with 0.1% crystal
violet after 14 days, I cell migration was quantified using Transwell
chambers; membranes were fixed with 4% PFA and stained with 0.1%
crystal violet (scale bar: 100 um). Data are presented as mean +SD,
and differences between the two groups were assessed using Student’s
t test, with P values indicated above each boxplot using asterisks
(**P<0.01, ***P <0.001)

cells (Fig. 6G-I, P <0.001). Taken together, the aberrant
expression of ARHGDIB, which recruits the infiltration of
M2 macrophages, promotes the malignant progression of
glioma.

Discussion

Glioma is one of the most aggressive and heterogeneous
brain tumors, characterized by poor prognosis and signifi-
cant resistance to conventional therapies [37, 38]. Identify-
ing novel biomarkers and therapeutic targets is crucial for
improving patient outcomes. In this study, we revealed a
significantly higher expression of ARHGDIB in glioma
through comprehensive RNA sequencing and multi-cohort
validation, and this finding was further validated in our
internal cohort through qPCR and IHC (Fig. 1). In addi-
tion, the higher the malignancy of glioma, the higher the
expression level of ARHGDIB. For example, compared with
IDH-mutant and WHO grade 2 and 3 gliomas, ARHGDIB
expression is higher in IDH wild-type and WHO grade 4
gliomas (Figure S1). These findings suggest that ARHGDIB
may serve as a potential biomarker for the malignant features
of gliomas. Previous studies have reported that ARHGDIB is
significantly overexpressed in various types of cancers, such
as gastric cancer, colorectal cancer, breast cancer, and mela-
noma [19, 20, 39]. These findings indicate that ARHGDIB
may promote tumor progression, which is consistent with
the conclusions of our study. Moreover, ARHGDIB is found
to be a potential adverse prognostic biomarker for glioma

patients, with its high expression being associated with a
poor prognosis (Fig. 2). We also constructed a risk score
model based on ARHGDIB-related prognostic genes, which
is capable of accurately assessing the prognosis of glioma;
patients with low-risk scores demonstrated significantly
longer overall survival (Fig. 5). Taken together, ARHGDIB
may serve as a potential adverse prognostic indicator in gli-
oma patients. The underlying mechanisms of this association
warrant further investigation. Certain molecular pathways
or cellular processes may be dysregulated, leading to the
increased expression of ARHGDIB and subsequent unfa-
vorable outcomes. Regarding the utilization of ARHGDIB
expression levels for optimizing treatment regimens, it could
potentially serve as a guide for personalized medicine. For
instance, patients with high ARHGDIB expression might
benefit from more aggressive treatment approaches or novel
therapeutic strategies. However, further studies are needed
to determine the most effective treatment modalities based
on ARHGDIB expression.

The glioma immune microenvironment is a complex
immunosuppressive environment, characterized by a low
abundance of immune cell infiltration, the presence of
immunosuppressive cells, and high expression of immune
checkpoint molecules [40]. These features significantly
limit the efficacy of traditional therapeutic approaches,
including chemotherapy, radiotherapy, and immunotherapy.
In recent years, research has gradually unveiled the
complexity and dynamic changes of the glioma immune
microenvironment, providing a theoretical basis for the
development of new therapeutic strategies [41, 42]. In this
study, through GSEA (Gene Set Enrichment Analysis),
we found that the highly expressed genes associated with
ARHGDIB are mainly enriched in signaling pathways
such as angiogenesis, inflammatory response, and TNF-
o-NF-xB (Fig. 3B). Previous studies have reported that
the blood vessels within tumors are characterized by high
permeability and immaturity, leading to a hypoperfused
and hypoxic environment within the tumor, which restricts
the infiltration of immune cells, such as cytotoxic T cells,
and promotes the accumulation of immunosuppressive
cells, including regulatory T cells (Tregs), myeloid-derived
suppressor cells (MDSCs), and M2-type tumor-associated
macrophages (TAMs) [43, 44]. The TNF-a-NF-kB signaling
pathway plays a crucial role in remodeling the glioma
immunosuppressive microenvironment. Studies have
reported that the TNF-a-activated NF-«xB signaling pathway
upregulates the expression of various pro-angiogenic factors
(such as VEGF and IL-8), thereby promoting angiogenesis
in gliomas [45]. This abnormal angiogenesis further
reshapes the glioma microenvironment. Additionally,
NF-kB promotes the polarization of TAMs toward the
immunosuppressive phenotype (M2 type), thereby inhibiting
anti-tumor immune responses [46]. Activation of the NF-xB
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pathway can promote the infiltration of immunosuppressive
cells by regulating the expression of cytokines (such as
IL-8) and suppress the function of cytotoxic T cells to
promote immune evasion of tumor cells by upregulating the
expression of immune checkpoint molecules such as PD-L1
[45]. Incorporating our research findings, it is suggested
that ARHGDIB is involved in the remodeling of the glioma
immune microenvironment.

The results of the immune infiltration analysis showed
that in glioma tissues with high expression of ARHGDIB,
the immune cell and stromal cell scores were significantly
higher than those in the group with low expression of ARH-
GDIB (Fig. 3C-H), indicating that ARHGDIB can regulate
the infiltration of stromal cells and immune cells in gliomas
microenvironment. Moreover, the high expression of ARH-
GDIB is closely associated with the infiltration of immu-
nosuppressive cells. In glioma tissues with high expression
of ARHGDIB, the infiltration levels of tumor-associated
macrophages (TAMs), myeloid-derived suppressor cells
(MDSCs), dendritic cells (DCs), and neutrophils are sig-
nificantly higher than those in tissues with low expression
of ARHGDIB (Fig. 3N-S). TAMs are one of the most
important myeloid cells in the glioma microenvironment,
characterized by their heterogeneity and plasticity. Among
them, M2-type TAMs promote immune evasion by secret-
ing immunosuppressive factors (such as TGF-f and IL-10)
and downregulating the expression of MHC-I molecules,
thereby inhibiting the activation of T cells [47—49]. Previous
studies have found that neutrophils suppress the activity of
T cells by secreting arginase and reactive oxygen species
(ROS), thereby facilitating immune evasion. In addition,
matrix metalloproteinases (such as MMP9) and cytokines
(such as IL-8) secreted by neutrophils can promote tumor
angiogenesis [50]. These mechanisms collectively act on
the tumor microenvironment, influencing tumor progression
and immune response. These research findings are consistent
with our discoveries that ARHGDIB expression was posi-
tively correlated with the infiltration of immunosuppressive
cells, such as M2 macrophages and neutrophils, while nega-
tively correlated with antitumor immune cells like CD8+T
cells and NK cells. These research findings indicate that high
expression of ARHGDIB contributes to the formation of an
immunosuppressive microenvironment in gliomas, thereby
promoting tumor malignancy and leading to poor prognosis
in patients.

The tumor immune response is a complex, multistep
process that involves the release, and presentation of
tumor antigens, activation of immune cells, their infil-
tration, and the killing of tumor cells [51]. However,
gliomas are highly heterogeneous and characterized by
an immunosuppressive microenvironment, which inhib-
its the immune response at multiple stages [52]. These
research findings indirectly corroborate the accuracy of
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our results that ARHGDIB-high gliomas exhibit impaired
immune response at multiple stages, including antigen
release, immune cell activation, recruitment, and killing
of cancer cells (Fig. 4C). This indicates that patients with
high expression of ARHGDIBG may achieve immune tol-
erance by inhibiting these aspects of the tumor immune
response. Therefore, it is necessary to design personalized
precision therapies for glioma patients with high expres-
sion of ARHGDIB to improve the efficacy of immuno-
therapy. Furthermore, elevated expression of ARHGDIB
was also associated with increased levels of immunother-
apy-related signatures and immune checkpoint molecules
(Fig. 4D-E). Particularly, ARHGDIB in gliomas is highly
positively correlated with most immune checkpoint mol-
ecules, including LAIR1, PDCDI1, CD274, CD44, and
CTLA-4 (Fig. 4D). Studies have found that upregulation
of LAIRI increases the expression of immunosuppres-
sive chemokines/cytokines (such as CCL5, TGFp2, and
IL33), which promotes the polarization of macrophages
and thereby forms an immunosuppressive microenviron-
ment in gliomas [53]. LAIR1 is a novel immune check-
point molecular; blocking the LAIR1 signaling path-
way can enhance the antitumor immune response [54].
Although PD-1/PD-L1 inhibitors have achieved significant
therapeutic efficacy in other types of tumors, their mono-
therapy efficacy in gliomas is limited. [55]. However, the
immunosuppressive microenvironment of gliomas leads
to the limited efficacy of immunotherapy with immune
checkpoint inhibitors. Therefore, combination therapy
strategies have become the focus of research [52]. The
expression level of ARHGDIB is positively correlated
with immune checkpoint molecules, indicating that the
high expression of ARHGDIB in gliomas may be associ-
ated with the upregulation of immune checkpoint mol-
ecules (such as PD-L1), which may limit the efficacy of
immune checkpoint inhibitor (ICB) therapy. In addition,
ARHGDIB may induce resistance to immunotherapy in
gliomas by promoting the formation of an immunosup-
pressive microenvironment. Therefore, ARHGDIB may
serve as a potential target for immunotherapy, with the
potential to enhance the efficacy of immunotherapy for
glioma patients by developing small-molecule inhibitors
or immune modulators targeting ARHGDIB.

Clinically, ARHGDIB IHC scoring could refine risk
stratification, identifying patients who may benefit from
intensified therapies or novel combinations. For example,
ARHGDIB-high gliomas, characterized by PD-L1hi/
M2hi TMEs, might exhibit primary resistance to PD-1
monotherapy but respond to combinations with CSF1-R
inhibitors or macrophage-reprogramming agents. This aligns
with emerging paradigms in melanoma and sarcoma, where
TAM-targeted therapies synergize with checkpoint blockade.
Furthermore, ARHGDIB itself represents a druggable node,
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inhibiting its interaction with Rho GTPases or NF-kB could
disrupt immunosuppressive signaling. While challenges
like blood-brain barrier penetration and toxicity require
optimization, our findings underscore ARHGDIB’s dual role
as a prognostic biomarker and immunotherapeutic target in
glioma.

Our findings suggest that ARHGDIB drives M2 mac-
rophage polarization via NF-kB activation and Rho GTPase
dysregulation. In glioma-associated macrophages, ARHG-
DIB may potentiate TNFa-NF-kB signaling, enhancing the
secretion of TGF-f and IL-10, which promote immuno-
suppression. Additionally, ARHGDIB’s role as a RhoGDI
could disrupt the balance of Racl1/RhoA activity, favoring
STAT3/STAT6 pathways that drive M2 marker expres-
sion (e.g., CD163, ARG1). This aligns with studies show-
ing Racl-dependent NF-kB activation in M2 polarization.
Future work should validate these pathways using ARH-
GDIB-knockdown models and pathway-specific inhibitors
(e.g., NF-xB inhibitors). While our data implicate NF-kB
and Rho GTPase pathways in ARHGDIB-mediated M2
polarization, direct evidence (e.g., phospho-NF-«kB/STAT3
staining, Rho activity assays) is needed. Single-cell RNA-
seq of ARHGDIB-high macrophages could further resolve
pathway-specific signatures.

In recent years, the application of single-cell sequenc-
ing technology has provided new means for revealing tumor
heterogeneity [30, 56]. In-depth studies on the role of ARH-
GDIB in different immune cell subsets using single-cell
sequencing analysis will help elucidate its specific functions
in glioma progression. In this study, based on the analysis of
glioma single-cell sequencing data from GSE182905 [57], it
was identified that ARHGDIB and CD163, a marker of M2
macrophage, have a common expression pattern. Immuno-
fluorescence experiments demonstrated the co-localization
of ARHGDIB and CD163. In vitro co-culture experiments
showed that ARHGDIB induces M2 polarization of mac-
rophages, which promotes the proliferation and migration
of glioma cells (Fig. 6). Previous studies have indicated
that M2 macrophages induce TMZ resistance in glioma and
promote the proliferation and migration of tumor cells by
secreting specific cytokines and chemokines, thereby exhib-
iting pro-tumorigenic properties in glioma [58, 59]. These
findings suggest that ARHGDIB-mediated recruitment of
M2 macrophages is a key mechanism underlying its pro-
tumorigenic effects in glioma. Therefore, further exploring
the specific molecular mechanisms by which ARHGDIB
induces M2 polarization of macrophages to promote the
proliferation and migration of glioma cells, and developing
inhibitors targeting ARHGDIB to reverse M2 macrophage
polarization in combination with immune checkpoint inhibi-
tors, offer a new strategy for improving the efficacy of gli-
oma immunotherapy.

Nevertheless, our study has several limitations. First,
the lack of in vivo validation limits our understanding of
ARHGDIB’s systemic effects, particularly its interaction
with the blood—brain barrier and non-myeloid cells. Sec-
ond, while we propose NF-kB and Rho GTPase pathways
as mechanistic drivers, direct evidence (e.g., phospho-pro-
tein assays) is needed to confirm causality. Third, reliance
on bulk RNA-seq data and public cohorts may obscure
subtype-specific or population-biased signals. For exam-
ple, IDH-mutant gliomas, which exhibit distinct immune
landscapes, were underrepresented in our analysis. Finally,
the focus on M2 macrophages overlooks potential cross-
talk with other immunosuppressive cells (e.g., Tregs),
which may synergistically dampen anti-tumor immunity.
Future work should integrate multi-omics approaches
(e.g., single-cell proteomics) and preclinical models to
resolve these gaps.

In conclusion, we utilized high-throughput sequencing
technology, bioinformatics analysis, and in vitro experi-
ments to discover that ARHGDIB is highly expressed in
glioma and is closely related to tumor grading, serving as
a biomarker for poor prognosis in glioma. ARHGDIB is
involved in the remodeling of the glioma immune micro-
environment. The abnormal expression of ARHGDIB
recruits the infiltration of M2-type macrophages, forming
an immunosuppressive microenvironment that promotes
the malignant progression of the tumor. Additionally,
ARHGDIB impairs the tumor immune response cycle,
and its expression levels are associated with the PD-1/
PD-L1 immune checkpoint molecules and the immuno-
therapy pathway. In summary, the role of ARHGDIB in
the immunosuppressive microenvironment of glioma not
only affects the biological behavior of the tumor and the
response to immunotherapy but also provides new targets
and strategies for future immunotherapy and personalized
medicine.
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