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Background: Synapse-associated proteins (SAPs) play important roles in
central nervous system (CNS) tumors. Recent studies have reported that -
aminobutyric acidergic (GABAergic) synapses also play critical roles in the
development of gliomas. However, biomarkers of GABAergic synapses in
low-grade gliomas (LGGs) have not yet been reported.

Methods: mRNA data from normal brain tissue and gliomas were obtained
from the Genotype-Tissue Expression (GTEx) and The Cancer Genome Atlas
(TCGA) databases, respectively. A validation dataset was also obtained from the
Chinese Glioma Genome Atlas (CGGA) database. The expression patterns of
GABAergic synapse-related genes (GSRGs) were evaluated with difference
analysis in LGGs. Then, a GABAergic synapse-related risk signature (GSRS)
was constructed with least absolute shrinkage and selection operator (LASSO)
Cox regression analysis. According to the expression value and coefficients of
identified GSRGs, the risk scores of all LGG samples were calculated. Univariate
and multivariate Cox regression analyses were conducted to evaluate related
risk scores for prognostic ability. Correlations between characteristics of the
tumor microenvironment (TME) and risk scores were explored with single-
sample gene set enrichment analysis (ssSGSEA) and immunity profiles in LGGs.
The GSRS-related pathways were investigated by gene set variation analysis
(GSVA). Real-time PCR and the Human Protein Atlas (HPA) database were
applied to explore related expression of hub genes selected in the GSRS.

Results: Compared with normal brain samples, 25 genes of 31 GSRGs were
differentially expressed in LGG samples. A constructed five-gene GSRS was
related to clinicopathological features and prognosis of LGGs by the LASSO
algorithm. It was shown that the risk score level was positively related to the
infiltrating level of native CD4 T cells and activated dendritic cells. GSVA
identified several cancer-related pathways associated with the GSRS, such as
P53 pathways and the JAK-STAT signaling pathway. Additionally, CA2, PTEN,
OXTR, and SLC6A1 (hub genes identified in the GSRS) were regarded as the
potential predictors in LGGs.
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Conclusion: A new five-gene GSRS was identified and verified by
bioinformatics methods. The GSRS provides a new perspective in LGG
that may contribute to more accurate prediction of prognosis of LGGs.

KEYWORDS

v-aminobutyric acidergic synapses, tumor immune microenvironment, risk
signature, prognostic factors, lower-grade glioma

Introduction

Gliomas are heterogeneous and invasive tumors of the
central nervous system (CNS) that are derived from glial cells.
Gliomas have poor prognosis (1). In 2016, gliomas were
categorized as classes I-IV by the World Health Organization
(WHO), and the use of the biomarkers isocitrate dehydrogenase
(IDH) mutations and 1p/19q co-deletion was introduced (2).
Among gliomas, diffuse low-grade (grade II) and intermediate-
grade (grade III) gliomas constitute low-grade gliomas (LGGs).
There are significant differences in clinical behavior and
prognosis among LGGs (3). LGG patients usually experience
seizures, but gliomas can also lead to neurological and
neurocognitive impairment and even premature death in the
course of the disease. Among LGGs, IDH has similar prognostic
utility (4). The molecular subtype of the tumor determines the
outcome of LGG surgical resection, which is positively correlated
with the degree of tumor malignancy (5).

In the past decade, our comprehension of the molecular
pathogenesis of gliomas has improved greatly. Unfortunately,
however, this comprehension has not translated into better
treatments for patients, which highlights the still existing gaps
in our knowledge. More research studies of LGG and its
biomarkers are needed to develop better treatments.

The microenvironment of gliomas contains non-neoplastic
cells such as neurons, glial cells, immune cells, and vascular cells.
All these cells can promote and support the growth of tumors

Abbreviations: SAPs, synapse-associated proteins; CNS, central nervous
system; GABAergic, y-aminobutyric acidergic; LGGs, lower-grade gliomas;
TCGA, The Cancer Genome Atlas; CGGA, Chinese Glioma Genome Atlas;
GSRGs, y-aminobutyric acidergic synapse-related genes; GSRS, y-
aminobutyric acidergic synapse-related risk signature; LASSO, least
absolute shrinkage and selection operator; TME, tumor microenvironment;
ssGSEA, single-sample gene set enrichment analysis; GSVA, gene set
variation analysis; HPA, Human Protein Atlas; WHO, World Health
Organization; NGS, neuronal glioma synapses; GTEx, Genotype-Tissue
Expression; DEGs, differentially expressed genes; CNV, copy number
variation; ROC, receiver operating characteristic; ICD, immunogenic cell
death; TMB, tumor mutational burden; OS, overall survival; ICPs, immune

checkpoints; ICB, immune checkpoint blockade.
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(6). The CNS is also rich in neurotransmitters, which create a
unique microenvironment for brain tumors, where
neurotransmitter-mediated intracellular signaling pathways
can be transduced by cancer cells and induce cancer cell
growth, activation, and metastasis (7). With the progressive
discovery of glioma synapses and metastatic neuronal
synapses, it is believed that neurotransmitters may play crucial
roles in tumor growth, and the speculation that tumor cells may
stimulate their innervation has been confirmed (8, 9). It has been
suggested that microenvironment interaction, especially the
abnormal interaction between glial cells and synapses, is one
of the neuropathological mechanisms underlying Rett
syndrome, Down syndrome, spinal muscular atrophy, and
other diseases (10). More and more recent studies have found
that the communication between neurons and glial cells is
related to several neuropsychiatric and neurodegenerative
diseases, such as schizophrenia (11).

In high-grade gliomas (glioblastoma and grade III
astrocytoma), glioma cells are depolarized by excitation signals
from neuronal glioma synapses (NGSs), and these signals are
amplified through gap junctions to promote their proliferation
(12). In addition, targeting neuroligin-3, a key synaptogenic
factor, significantly reduced the growth of gliomas (13).
Although the role of synapse-associated proteins (SAPs) in
breast metastasis and the development of high-grade gliomas
has been recognized, their role in the development of LGGs is
still unclear. Hence, a more systematic study of SAPs from more
angles is needed to better understand their roles in LGGs.

For malignant glioma tissue with neuronal interaction, glioma
cell culture is conducive to the tumor microenvironment (TME)
to enhance self-proliferation and escape from immune response
(14). Relevant reports have demonstrated that gliomas could
control normal neuronal plasticity and developmental factors in
the TME, so the abnormal connections between neurons and
tumor cells could be established through glioma synapses (15). At
the same time, through neuronal glioma synapse (NGS)-mediated
depolarization of the calcium signaling network in glioma cells,
the electrical activity of neurons can increase tumor proliferation
and invasion and lead to the progression of glioma (6). Previous
reports have shown that glutamatergic synapses are considered to
be related to the progression of intracerebral gliomas (13).

frontiersin.org


https://doi.org/10.3389/fimmu.2022.983569
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Jiang et al.

When exploring the abnormal glutamatergic synapses in the
glioma microenvironment, similar attention has also been paid
to the dysregulated y-aminobutyric acidergic (GABAergic)
signaling and its role in the progression of brain tumor-
associated glioma and epilepsy (16). Recently, it has been
reported that B cells can release y-aminobutyric acid (GABA),
a well-known neurotransmitter molecule, which could promote
the differentiation of monocytes into anti-inflammatory
macrophages, thus secreting interleukin-10 (IL-10), and
thereby inhibiting the anti-tumor CD8 T-cell response. The
GABA secreted by B cells may become a new direction of
tumor immunotherapy (17, 18). Nevertheless, GABAergic
signal transduction related to gliomas has not been reported.
The existing literature shows that the GABA A receptor
expressed by glioma cells is functional, and that endogenous
GABA A receptor activity inhibited the proliferation of glioma
cells (19). In addition, after adult glioblastoma stem cells lost
their tumorigenicity, the production and secretion of 4-
hydroxybutyric acid (a by-product of GABA catabolism)
increased, resulting in decreased cell invasiveness (20).

It can be inferred that the interaction between GABAergic
synapses and the immune state has a special role in the prognosis
of gliomas. To confirm this hypothesis, we developed and
verified a new GABAergic synapse-related risk signature
(GSRS), which may promote the understanding of glioma
progression and provide a novel idea for the study of
biomarkers for effective diagnosis and prognosis. Additionally,
we also studied the correlation between risk signals and immune
characteristics in LGG.

Materials and methods
Samples from public data

Genome-wide RNA-seq expression data as well as clinical
and molecular information were collected from the TCGA
database' and used as a training dataset. WHO grade II-III
gliomas were included. Any cases that had inadequate clinical or
missing prognostic information were excluded.

LGG samples were selected from parts A and B of the CGGA
database?. They were then integrated, standardized, and utilized
as a validation dataset. Samples from patients with a 30-day
survival rate or no survival data were excluded from this study
because these patients were more likely to die from other life-
threatening conditions (e.g., stroke and heart failure) than from
the LGG.

1 http://cancergenome.nih.gov/

2 http://www.cgga.org.cn
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We selected 453 LGG specimens from TCGA (training
dataset) and 590 LGG specimens from CGGA (validation
dataset) for further analysis. The mRNA expression data of all
these LGG specimens were complete and clinical data were
attached. A control collection of 1,137 normal brain samples
(containing tissues from various areas of the brain such as
cortex, brainstem, and cerebellum) with full mRNA-seq data
was also employed. We utilized the “normalize Between Arrays”
function of the R software package “limma” to reduce various
batch effects when combining the mRNA-seq data of TCGA and
genotype-tissue expression (GTEx), as well as CGGA parts A
and B (21, 22).

Clinical tissue samples

All patients whose tissues were utilized gave their informed
consent. Between March 2020 and April 2022, we obtained 5
control samples from patients with intracerebral hemorrhage
and an additional 12 LGG samples. Before surgery, none of the
gliomas had been treated with chemoradiotherapy. Related
mRNA expression of GSRS hub genes in LGG was verified
using independent samples from our institution. This protocol
was authorized by the Ethics Committee of the Renmin Hospital
of Wuhan University (Wuhan, Hubei, China).

Obtaining GABAergic synapse-related
gene sets

A total of 31 GABAergic synapse-related gene (GSRG) sets,
GOBP_NEGATIVE_REGULATION_OF_SYNAPTIC
_TRANSMISSION_GABAERGIC” and “GOBP_POSI
TIVE_REGULATION_OF_SYNAPTIC_TRANSMISSION_
GABAERGIC,” were obtained from the Molecular
Signatures Database’.

Differentially expressed genes between
normal tissues and LGGs

The GTEx and TCGA-LGG databases were applied for the
training dataset. The R software package “limma” (22) was used
for discovery of differentially expressed genes (DEGs) from
GSRGs. The criteria were a false discovery rate < 0.05 and an
absolute value of log fold change (logFC) > 1.

3 http://www.broad.mit.edu/gsea/msigdb/
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Protein—protein interaction network
analysis

A protein—protein interaction (PPI) network with 31 GSRGs
was created using the STRING database*. Nodes with interaction
connection confidences > 0.4 are shown.

Genomic alterations of 31 GSRGs

Copy number variation (CNV) deep deletion, CNV amplification,
missense mutations, truncating mutations, in-frame mutations, and
fusions of 31 GSRGs were explored using the cBioPortal dataset’.

Construction of GSRS

The “survival” R software program was used to analyze the
predictive value of GSRGs in LGG (p-value < 0.05 was the
threshold for further investigation). Survival status, survival
time, and expression levels of prognosis-related genes in LGG
patients were calculated by the least absolute shrinkage and
selection operator (LASSO) regression algorithm (23) (penalty
parameter A was selected based on 10-fold cross-validation).
Then, the gene and its regression coefficient were determined
based on the most suitable A value.

The risk score was calculated according to the following formula:

Risk score = exprgene (1) x coefficientgene (1) + exprgene
(2) x coefficientgene (2) + - - - + exprgene(n) x coefficientgene(n)

where n is the number of prognostic genes in the risk
signature, coefficientgene is the coefficient of the gene, and
exprgene is the expression value of the gene.

Principal components analysis

All LGG samples were categorized into low- and high-risk
groups by the estimated median risk score. Principal
components analysis (PCA) was performed on dimensionality
reduction of mRNA expression data in TCGA-LGG to confirm
between-group differences and CGGA.

Predictive role of GSRS

For both training and validation datasets, we assessed the
prognostic relevance of the GSRS in LGG by Cox regression
analysis and Kaplan-Meier survival curves. Furthermore, we

4 http://www.string-db.org/

5 http://www.cbioportal.org/
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computed not only the area under the receiver operating
characteristic curve (AUC-ROC) for GSRS, but also other
clinical risk variables for predicting the overall survival (OS) in
LGG patients. Three categories of AUC-ROC for measuring the
accuracy of a diagnostic technique were defined as follows: poor
accuracy (0.5 < AUC-ROC < 0.7), moderate accuracy (0.7 <
AUC-ROC £0.9), and high accuracy (0.9 < AUC-ROC < 1) (24).

Clinicopathological characteristics of GSRS

Patients enrolled in the study were classified into high- and
low-risk categories in the training and validation cohorts. The
chi-square test was used for difference analysis of the risk score
for clinicopathological parameters such as age, gender, histology,
WHO glioma grade, IDH mutational status, and 1p19q co-
deletion status. A p-value < 0.05 was deemed significant.

Profiles of tumor-infiltrating
immune cells

The CIBERSORT algorithm was applied to determine the
abundance profile of immune cells in the low- and high-risk
groups individually. The link between the proportion of tumor-
infiltrating immune cells (TIICs) and risk score in the training
and validation datasets was explored using Pearson correlation
analysis and the Wilcoxon test. The stromal score, immune
score, and tumor purity of each LGG sample were also
determined using the “estimate” package, based on the
ESTIMATE method (25).

Single-sample gene set
enrichment analysis

The critical genes of 29 immune-related pathways were
obtained from the related literature (26). According to
melanoma mRNA transcripts per million (TPM) data, the
single-sample gene set enrichment analysis (ssGSEA) was
applied to assess the level of TIICs (27). In addition, a
differential analysis of gene hallmark enrichment degree with
29 types of immune-related hallmarks was done between low-
and high-risk groups. We also explored the expression levels of
immune checkpoints (ICPs) and immunogenic cell death (ICD)
modulators in low- and high-risk groups, given their role in
cancer immunity.

Mutational status analysis

Somatic tumor mutational burden (TMB) was computed in
the TCGA-LGG dataset as the total number of mutations found
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in each sample. Additionally, the R software package “maftools”
was utilized to investigate the predictive usefulness of TMB in
LGG, comparing low- and high-risk groups and calculating
mutational status.

Gene set variation analysis

The Molecular Signatures Database was used to download
and choose sets of marker genes that summarize and reflect
unique, well-defined biological states or processes with
consistent expression. The R software package “GSVA” was
used to implement gene set variation analysis (GSVA) of
signature gene sets in TCGA-LGG for low- and high-risk
groups (28).

Verification of hub genes of GSRS

Kaplan-Meier survival curves were applied to identify the
prognosis-related genes of the GSRS. Furthermore, the Human
Protein Atlas (HPA) database® was used to examine the protein
levels of genes identified in normal brain and LGG tissue.

RNA extraction and quantitative real-
time PCR

RNA extraction of prognosis-related genes from tissues and
cells was performed using TRIzol reagent (Invitrogen, Carlsbad,
CA, United States). The RNA was then tested for purity as well
as concentration. A reverse transcription kit was applied in the
conversion of whole samples to cDNA. Performing qRT-PCR by
employing the SYBR Green system. GraphPad 7 was used to
assess statistics. The results from the experimental and control
groups were compared using the relative Ct technique, with
GAPDH serving as an internal reference.

Results

Genetic differences of GSRGs in LGGs

Differential analysis of 31 GSRGs (Figure 1A) showed that 25
genes (Figure 1B) were differentially expressed between LGG and
normal samples in the training dataset. Supplementary Table 1
includes downregulated and upregulated GSRGs and the related
logFC values. Additionally, a strong correlation in expression

6 https://www.proteinatlas.org/
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among GSRGs was found by Spearman’s correlation analysis
(Figure 1C). Furthermore, the co-expression correlation among
GSRGs was confirmed by PPI network analysis (Figure 1D).
Subsequently, to further explore the genomic identities of GSRGs
in LGG, using mutational analysis the cBioPortal database was
applied to reveal the copy number polymorphisms and somatic
mutational status of GSRGs (Supplementary Figure 1).

Verification of GSRS

LASSO regression analysis was performed after first
identifying five prognosis-related genes from the 31 GSRGs
using univariate Cox analysis (Figure 2A). After validation
with LASSO analysis, the best-fitting model featured the
following five genes: OXTR, PTEN, SLC6A1, CA2, and
CNTNAP4. These five genes and their corresponding
coefficients are summarized in Supplementary Table 2.
According to the mRNA expression level of each risk gene and
these corresponding coefficients, the risk score for each patient
was calculated (Figures 2B-D).

As determined by PCA, the median of the GSRS sufficiently
distinguished low-risk and high-risk clusters. Additionally, the
prognoses between the low- and high-risk groups were also
shown distinctly by survival analysis performed on the training
and validation datasets (Figures 2E-H). Furthermore, the risk
score, survival time, and risk gene expression were plotted for
the GSRS of the TCGA-LGG and CGGA cohorts (Figures 21, J).
Taken together, these data showed that GSRS-based risk scores
may be better predictors of prognosis in LGG patients compared
to other clinical factors.

Predicting prognosis of LGGs with new
risk scores

To further examine the potential role of GSRS in independently
predicting prognosis, univariate and multivariate Cox analyses
were performed (Figures 3A, B). We found that the risk score
could be an independent predictor of OS for the TCGA-LGG
cohort (p < 0.001). The risk score had a greater AUC-ROC
compared to all clinical factors related to prognosis such as age,
gender, histology, WHO glioma grade, IDH mutational status, or
1p19q co-deletion status. The AUCs for risk score for 1, 3, and 5
years in the training dataset were 0.885, 0.753, and 0.754,
respectively (Figures 3C-E). The same conclusion was also
validated by the CGGA-LGG cohort, and the hazard ratio (HR)
of the risk score from multivariate Cox regression analysis was
1.056 (Figures 3F, G, p < 0.001). The AUCs for risk score for 1-, 3-,
and 5-year OS in CGGA-LGG were 0.771, 0.749, and 0.741,
respectively (Figures 3H-]).
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The genomic characterization of GABAergic synapse-related genes (GSRGs). (A) Heatmap for differentially expressed GSRGs; genes with red
color are involved in positive regulation of GABAergic synaptic transmission, while genes with blue color mainly participate in negative
regulation of GABAergic synaptic transmission. (B) Boxplot for differentially expressed GSRGs. (C) Correlation plot for GSRGs; red squares
indicate positive correlation and blue squares indicate inverse correlation. (D) Protein—protein interaction network of GSRGs in the STRING

database. ***p < 0.001, *p < 0.05.

Correlations between clinicopathological
features and GSRS

For the training and validation datasets, respectively, 453
and 590 cases with valid data for age, gender, WHO glioma
grade, IDH mutational status, and 1p19q co-deletion status were
screened out. To explore the distribution of clinical factors
among the different risk groups, chi-square tests were
conducted using the R function “chisq.test”. Table 1 shows the
differences between the TCGA and CGGA cohorts. GSRS-based
risk scores were obtained and were significantly correlated with
WHO glioma grade, IDH mutational status, and 1p19q co-
deletion status in the datasets (Figures 4A, B). In particular, LGG
samples with higher WHO grade, IDH wild type, or 1p19q non-
co-deletion showed higher risk scores than the other samples;
differences were also seen among the LGG and other samples for
histology (Figures 4C-]). Therefore, the risk score values were
associated with the histology, WHO grade, IDH mutational
status, and 1p19q co-deletion status of LGG.
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Profiles of tumor-infiltrating immune cells

The relative proportions of 22 types of immune cells were
examined, based on calculations from the “CIBERSORT”
algorithm. The results of differences between the low-risk group
and high-risk group were presented as boxplots (Figures 5A, B). The
low-risk group had significantly higher infiltration of native CD4 T
cells and activated dendritic cells than the high-risk group. In
addition, the stromal score recorded the presence of stromal cells
in the tumor tissue, and the immune score indicated the infiltration
of immune cells into the tumor area. The samples from the high-risk
group showed higher glioma-associated immune and stromal scores
than those from the low-risk group. High-risk LGG samples showed
higher infiltration levels of stromal and immune cells. Furthermore,
we confirmed that native CD4 T cells and activated dendritic cells
were significantly negatively associated with risk scores, as shown by
correlation analysis (Figures 5C-F). It suggested that the risk scores
may be correlated with the prognosis of LGG patients in terms of
decreased native CD4 T cells and activated dendritic cells.
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Moreover, we quantitatively assessed the activities and group, the TIICs (native CD4 T cells and activated dendritic
abundances of pathways, functions, or immunocytes according cells) were much lower than the baseline levels.
to the ssGSEA scores. As expected, more infiltrating immune

cells and activity of immune-related pathways were seen in
samples with higher ssGSEA scores. As shown in the Correlation between immune

heatmaps (Figures 6A, C) and boxplots (Figures 6B, D), high- modulators and risk score

risk samples were correlated with higher ssGSEA scores for most

immune cell types. In general, high-risk LGG patients are more Next, we explored gene expression levels in different risk
likely to have a higher fraction of TIICs and more active populations, taking into account the significance of ICP and ICD
immune-related pathways than the others. In the high-risk regulators in anticancer immunity. There were 46 ICP-related
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FIGURE 3

The prognostic value of GSRS. (A, B) In the training set, the forest plot on the left is for the univariate and multivariate Cox analysis evaluating
the association of the risk score and clinical factors with patient OS. The ROC curve of risk score and clinical factors for predicting 1-year (C), 3-
year (D), and 5-year (E) OS. (F, G) In the validation set, univariate and multivariate Cox analysis of risk score and clinical factors. ROC curve of
risk score compared with other clinical factors for predicting 1-year (H), 3-year (1), and 5-year (3) OS.

TABLE 1 Correlation between five GSRS genes’ risk scores and clinicopathological factors of glioma patients in the two cohorts.
Features Training set TCGA RNA-seq cohort (n = 453) Validation set CGGA RNA-seq cohort (n = 590)

Low-risk score High-risk score P Low-risk High-risk score P
(n =227) (n = 226) (n = 246) (n = 344)

Age 0.002 0.780
<45 144 127 172 260
>45 83 99 74 84
Gender 0913 0.025
Female 100 101 113 137
Male 127 125 133 207
Grade <0.001 <0.001
I 144 79 143 126
(Continued)
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TABLE 1 Continued

10.3389/fimmu.2022.983569

Features Training set TCGA RNA-seq cohort (n = 453) Validation set CGGA RNA-seq cohort (n = 590)
Low-risk score High-risk score P Low-risk High-risk score 4
(n =227) (n = 226) (n = 246) (n = 344)

111 83 147 103 218

IDH status <0.001 <0.001
wild type 10 71 36 102

Mutant 217 155 210 242

1p/19q Co-deletion <0.001 <0.001
Yes 125 31 124 9

No 102 195 122 248

genes identified in the training and validation datasets, and 42 of
these genes were found in the TCGA and CGGA cohorts
(Figures 7A, B), with different expressions in different risk
groups. Critically, key ICPs such as CTLA4, PDCDI
(programmed death receptor-1 [PD-1]), and CD274 (PD-L1)

TCGA cohort

500 osuion
o mon

Il
UL
e H HH

} H

(

CGGA cohort

“

| H l i

were highly upregulated in the high-risk group. Similarly, there
were 34 DEGs for ICD in the TCGA group and 33 DEGs for ICD in
the CGGA group (Figures 7C, D). Hence, the risk score not only can
show the expression level of ICPs and ICD modulators, but also can
serve as a potential immunotherapy biomarker.

TCGA-LGG
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The association between risk score and clinicopathological factors. Heatmap of the correlations between risk score and clinicopathological
characteristics of LGG in TCGA (A) and CGGA (B) cohorts. Distribution of GABAergic synapses-related risk signature among LGG patients
stratified by WHO grade, histology, IDH status, 1p/19q co-deletion status, and gender in TCGA (C-F) and CGGA (G-J) cohorts.
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The correlation between tumor-infiltrating immune cells (TIICs) and GSRS. Difference analysis of 22 kinds of abundance of TIICs, immune score,
and stromal score in low- and high-risk groups in training (A) and validation sets (B). Spearman’s correlation analysis between risk score and MO
macrophages and CD4 memory resting T cells in TCGA (C, D) and CGGA cohorts (E, F); each dot plot represents a subject, and the correlation

is fitted into a straight blue line. R, rho; NS, Non Significance, ***p < 0.001, **p < 0.01, *p < 0.05.

Correlation between risk score and
mutational status

Firstly, we determined the prognostic value of TMB in LGG. For
the survival analysis in TCGA-LGG, the patients who had higher
TMB were more likely to have a worse prognosis than those with
lower TMB (Figure 8A). At the same time, the Kaplan—-Meier curve of
risk score combined with TMB indicated that a higher risk score and
higher TMB had the worst OS, while those with lower risk score and
lower TMB had the best prognosis (Figure 8B). Hence, we found an
association between risk score and TMB in LGG. The difference
analysis of TMB between low- and high-risk groups showed a
significant positive association for TMB and risk score (Figure 8C).
Subsequently, mutations were shown in low - and high-risk
populations. The mutation frequencies of IDH1, TP53, and ATRX
were the highest in 20 genes studied in each subtype (Figures 8D, E).
These findings indicate that GSRS-based risk scores could predict the
TMB and somatic mutation rates in LGGs, and the higher risk score
group may have a positive anticancer immune response.

Conducting GSVA between different groups

GSVA was applied to score differences in pathway activity in
different groups. The signaling pathways related to

Frontiers in Immunology

tumorigenesis and oncogenic transformation were mainly
enriched in high-risk populations (Figure 9), including the P53
pathways and JAK-STAT signaling pathway. These results
demonstrate that the GSRS-based risk score, as a new LGG
biomarker, may be associated with some important cancer-
related signaling pathways.

Validation of hub genes of GSRS

With the training and validation datasets, we explored the
prognostic value of the five-gene GSRS (Figures 10A-H)
(Table 2). Expression levels of PTEN and SLC6A1
(Figures 10C, D) were positively correlated with the OS in
LGGs, but the patients with higher CA2 and OXTR
(Figures 10A, B) tended to have a worse prognosis based on
Kaplan-Meier survival analysis. In addition, CA2, PTEN,
SLC6AL, and OXTR were identified as hub genes in the GSRS.
Then, the effect of expression of the hub genes on the protein
level was evaluated using the HPA database (Figures 10I-K). The
protein PTEN was upregulated and protein SLC6A1 was
downregulated in LGGs compared to normal brain tissue, but
the expression of protein CA2 was not detected in LGG.
Unfortunately, there were no relevant data about OXTR
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FIGURE 6

Single-sample gene set enrichment analysis (ssGSEA) of immune hallmarks. Heatmap of ssGSEA scores among low- and high-risk groups in
training (A) and validation (C) sets. Boxplot of ssGSEA scores, stromal score, immune score, and tumor purity among low- and high-risk groups
in TCGA (B) and CGGA (D) cohorts. NS, Non Significance, ***p < 0.001, **p < 0.01, *p < 0.05.

available in the HPA database. In addition, real-time PCR was
conducted for the clinical samples at our center (Figure 10L). We
found that mRNA expressions were upregulated for CA2 and
OXTR, but were downregulated for PTEN and SLC6A1 in LGG
compared to normal brain tissue. These findings are in accord
with those in the public database.

Discussion

Gliomas are a type of primary brain tumor with
heterogeneous traits. Our understanding of the influence of
tumor driver genes on malignant progression has improved as
a result of molecular pathology and epidemiological studies, but
the association between glioma and the TME remains unclear
(29). Preclinical evidence suggests that malignant brain tumor
cells could integrate into neural circuits via actual brain tumor
synapses, and that excitatory neuronal activity would promote
brain tumor growth and invasion (30). Moreover, a new study
confirmed that specific cell populations in glioblastoma support
synaptogenesis to varying degrees (23).
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Synapses also play vital roles in many ways associated with
the immune system including self-tolerance, adaptive
immunity, and prevention of autoimmunity (31).
Furthermore, a remarkable feature of solid tumors is the
special immune microenvironment, one that might advance
the proliferation, invasion, and metastasis of tumor cells.
However, it has been suggested that GABAergic synapses
might suppress intestinal innate immunity via an insulin
signal in Caenorhabditis elegans, an organism in which a
completely unique mechanism by which GABAergic synapses
may regulate gut innate immune responses via muscle insulin-
like signal was discovered (32). Unfortunately, however, there
is no specific biomarker constructed primarily according to the
GSRGs and immune condition inside gliomas. Our study
aimed to construct a five-gene GSRS and evaluate its
prognostic role in LGGs.

We also explored the correlation between risk scores and
clinicopathological variables and immune profiles.
Additionally, the potential molecular mechanism that may be
regulated by GSRS was predicted by GSVA. Furthermore, we
verified the expression of hub genes in GSRS by real-time PCR
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FIGURE 7

Association between risk subtypes and ICPs and ICD modulators. Differential expression of ICP genes among the risk subtypes in (A) TCGA and
(B) CGGA cohorts. Differential expression of ICD modulator genes among the risk subtypes in (C) TCGA and (D) CGGA cohorts. NS, Non

Significance, ***p < 0.001, **p < 0.01, *p < 0.05.

of glioma tissues as well as the expression of protein levels
in LGG.

We found that the majority of GSRGs were differentially
expressed between normal and malignant tissues. Interestingly,
the risk score was significantly correlated with the WHO glioma
grade, which indicated that it has a high predictive power of
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malignant degree (33). The five-gene GSRS was developed and
verified in our research. A few single-nucleotide polymorphisms
(SNPs) and CNVs of GSRGs in LGG indicated that these genes
might be associated with glioma progression, and that genome
stability was also important in preventing malignant growth. In
LGG patients, the risk signature provided a more convenient and
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FIGURE 9
Heatmap for the contribution of gene set variation analysis (GSVA) scores of KEGG in low- and high-risk groups.

exact predictive power than standard clinical prognostic variables. 1p/19q non-co-deletion and IDH wild-type gliomas predicted a
Furthermore, the most common application in clinical practice is less responsive response to conventional chemoradiotherapy (34).
the molecular pathologic detection of 1p/19q co-deletion and IDH As a result, chemotherapy or radiation may provide less
type, which also could be distinguished with the risk scores. The therapeutic benefit for LGGs with higher risk scores.
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Verification of the prognostic value and expression of hub genes of GSRS. Survival analysis of CA2, OXTR, PTEN, and SLC6AL1 for gliomas in
TCGA (A-D) and CGGA (E—H) cohorts. The protein expression level of CA2 (I), PETN (J), and SLC6AL (K) in normal and LGG tissues according
to the HPA database. (L) The relative mRNA expression levels of CA2, PTEN, SLC6AL, and OXTR are compared among LGG and non-tumor
tissues based on real-time PCR results. ***p < 0.001, **p < 0.01.

TABLE 2 K-M survival analysis of five GSRS genes in TCGA and CGGA.

Gene TCGA CGGA

HR (high) Log-rank p HR (high) Log-rank p
CA2 1.232 p < 0.001 1.105 p < 0.001
CNTNAP4 0.864 p <005 0.893 p>0.05
SLC6AL 0.683 p < 0.001 0.763 p < 0.001
PTEN 0.637 p < 0.001 0.796 p <005
OXTR 1.175 p <0.001 1.268 p < 0.001

Factors with p-values more than 0.05 in TCGA and CGGA cohorts are marked in bold.

Tumor-induced dysregulation of immune status may be 36). Tumor evolution tends to escape from immune surveillance,
associated with glioma progression, and the immune especially the tumor-specific immunity that could be affected by
components in the immune microenvironment have the regulation of the immune-related synapse between effector T
important functions in glioma progression and prognosis (35, cells and antigen-presenting cells (37). In our study, MO
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macrophages and CD4 memory resting T cells were significantly
enriched in LGG. Although gliomas were defined as “cold
tumors” with fewer infiltrating immune cells, the proportion
of macrophages in the immune microenvironment of gliomas is
still as high as 30% to 50% (38). It has been reported that high
levels of M2 macrophages (39), neutrophils, and Treg cells in the
TME were closely related to poor prognosis in gliomas.
Conversely, high levels of M1 macrophages and CD8+ T cells
were considered positive factors for gliomas (40). Interestingly,
the Tregs and infiltration of M2 macrophages were associated
with decreased tumor survival (41). These findings indicated
that the patients with high risk were more likely to experience
higher M2 and Treg infiltration resulting in poor outcomes.
Similarly, the infiltrating level, including immune and stromal
scores, was positively associated with the risk score in LGGs.
This association demonstrated that a higher fraction of immune-
inflammatory tumor-infiltrating cells could establish an
immunosuppressive TME in high-risk groups. Hence, to some
degree, consuming the number and activity of infiltrating Tregs
and the repolarization of M2 into M1 macrophages could be the
potential treatments for the LGGs with higher risk scores.

ICPs may inhibit the over-activation of the immune system
and prevent the occurrence of allergic reactions and
autoimmune diseases (42). In gliomas, common ICPs include
PD-1 (43) and PD-LI (44). Immune checkpoint blockade (ICB)
therapy may block the function of checkpoints and reactivate the
over-suppressed immune system (45).

It has been reported that ICD could stimulate the immune
microenvironment to go from “cold” to “hot” (46). The
expression of ICPs is crucial for ICB therapy and immune
escape (47). Thus, to some extent, the immune checkpoint
inhibitors have become the hotpots of immunotherapy for
tumors (48). Hence, targeting immune checkpoint molecules
(e.g., CTLA-4, PD-L1, and CD47) that provide inhibitory signals
to T cells could significantly improve the survival of patients
with refractory tumors. According to our constructed GSRS, the
expression of vital ICPs (PD-L1, PD-1, and CTLA4) and TMB
was significantly correlated with a risk score, and these indicated
that high-risk gliomas were more likely to be sensitive to ICB
therapy. For the expression level of ICD, there was no significant
difference between the high- and low-risk groups. It is possible
that immune infiltration and ICPs could represent a new
research direction for predicting the effectiveness of ICB
therapy in solid tumors.

When looking for putative mechanisms connected to the
GSRS, we also discovered that the highly enriched terms in high-
risk samples were primarily cancer-associated pathways. It was
found that presynaptic neurons and postsynaptic glioma cells
communicate electrochemically through AMPA receptor-
dependent synapses (12). It was reported that glutamate may
alter glioblastoma malignant progression by stimulating the
epidermal growth factor receptor signaling pathway (49).
There is relatively little literature detailing the implications of
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GABAergic signaling in glioma cells in particular. One available
report suggests that glioma cells express functional GABA A
receptors and that endogenous GABA A receptor activity
reduces glioma proliferation ability (19). Apart from the
aberrant GABAergic and glutamatergic activity in the glioma
microenvironment, the possibilities of inhibiting malignant
progression and moderating cognitive damage from radiation
treatment by targeting myeloid cells have been reported (50, 51).

In summary, in our study, we constructed a novel prognostic
biomarker to predict the role of ICB therapy for LGGs, which could
definitely distinguish the immune status and even the malignant
degree of glioma. However, the fact cannot be ignored that there are
some limitations to applying just a single DEG to predict glioma
prognosis, due to the heterogeneous character of this tumor type
(49). Similarly, there are still difficulties in distinguishing subtypes
of glioma by molecular schedules and classical biotyping methods
(52). Additionally, glioma-related electrophysiological research is
in the early stages, and more multicenter, prospective, and well-
designed trials are greatly needed.

Conclusions

We constructed and validated a GSRS that included five
GSRGs for predicting the prognosis of LGGs. Moreover, by
combining immune profiles with genetic multi-omics assays, the
GSRS displayed its special abilities for clarifying the mechanisms
of the prognosis in LGGs.

Data availability statement

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

Ethics statement

Written informed consent was obtained from the individual
(s), and minor(s)’ legal guardian/next of kin, for the publication
of any potentially identifiable images or data included in
this article.

Author contributions

This manuscript represents original work and has derived
from the effort of all the contributing authors. All of them have
contributed significantly and are in agreement with the content
of the manuscript. QC and FL have contributed to study
conception and design. HJ and ZS have contributed to result

frontiersin.org


https://doi.org/10.3389/fimmu.2022.983569
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Jiang et al.

interpretation and manuscript drafting. HJ has contributed to
the THC experiments and statistical analysis. ZS and FL have
contributed to interpretation of the study results and critical
revision for important intellectual contents. All authors
contributed to the article and approved the submitted version.

Funding

This work was supported by the National Natural Science
Foundation of China (No. 82071299).

Conflict of interest

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

References

1. Hujber Z, Horvath G, Petovari G, Krencz I, Danko T, Mészaros K, et al.
GABA, glutamine, glutamate oxidation and succinic semialdehyde dehydrogenase
expression in human gliomas. J Exp Clin Cancer Res (2018) 37(1):271. doi: 10.1186/
$13046-018-0946-5

2. Wesseling P, Capper D. WHO 2016 classification of gliomas. Neuropathol
Appl Neurobiol (2018) 44(2):139-50. doi: 10.1111/nan.12432

3. Ostrom QT, Gittleman H, Truitt G, Boscia A, Kruchko C, Barnholtz-Sloan JS.
CBTRUS statistical report: Primary brain and other central nervous system tumors
diagnosed in the united states in 2011-2015. Neuro Oncol (2018) 20(suppl_4):ivl-
iv86. doi: 10.1093/neuonc/noy131

4. Schiff D, Van den Bent M, Vogelbaum MA, Boscia A, Kruchko C, Barnholtz-
Sloan JS, et al. Recent developments and future directions in adult lower-grade
gliomas: Society for neuro-oncology (SNO) and European association of neuro-
oncology (EANO) consensus. Neuro Oncol (2019) 21(7):837-53. doi: 10.1093/
neuonc/noz033

5. Delev D, Heiland DH, Franco P, Reinacher P, Mader I, Staszewski O, et al.
Surgical management of lower-grade glioma in the spotlight of the 2016 WHO
classification system. J Neurooncol (2019) 141(1):223-33. doi: 10.1007/s11060-018-
03030-w

6. Lim-Fat MJ, Wen PY. Glioma progression through synaptic activity. Nat Rev
Neurol (2020) 16(1):6-7. doi: 10.1038/s41582-019-0290-1

7. Kuol N, Stojanovska L, Apostolopoulos V, Nurgali K. Role of the nervous
system in cancer metastasis. ] Exp Clin Cancer Res (2018) 37(1):5. doi: 10.1186/
513046-018-0674-x

8. Palm D, Entschladen F. Neoneurogenesis and the neuro-neoplastic synapse.
Prog Exp Tumor Res (2007) 39:91-8. doi: 10.1159/000100049

9. Lin H, Yang Y, Hou C, Huang Y, Zhou L, Zheng J, et al. Validation of the
functions and prognostic values of synapse-associated proteins in lower-grade
glioma. Biosci Rep (2021) 41(5):BSR20210391. doi: 10.1042/BSR20210391

10. Huang Q, Lian C, Dong Y, Zeng H, Liu B, Xu N, et al. SNAP25 inhibits
glioma progression by regulating synapse plasticity via GLS-mediated
glutaminolysis. Front Oncol (2021) 11:698835. doi: 10.3389/fonc.2021.698835

11. Sekar A, Bialas AR, de Rivera H, Davis A, Hammond TR, Kamitaki N, et al.
Schizophrenia risk from complex variation of complement component 4. Nat
(2016) 530(7589):177-83. doi: 10.1038/nature16549

12. Venkatesh HS, Morishita W, Geraghty AC, Silverbush D, Gillespie SM, Arzt
M, et al. Electrical and synaptic integration of glioma into neural circuits. Nat
(2019) 573(7775):539-45. doi: 10.1038/541586-019-1563-y

Frontiers in Immunology

10.3389/fimmu.2022.983569

Publisher’s note

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

Supplementary material

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/
fimmu.2022.983569/full#supplementary-material

SUPPLEMENTARY FIGURE 1
CNVand SNP of GSRGs in LGG according to cBioPortal database. T, tumor; N,
normal; CNV, copy number variation; SNP, single-nucleotide polymorphism.

13. Venkatesh HS, Tam LT, Woo PJ, Lennon J, Nagaraja S, Gillespie SM, et al.
Targeting neuronal activity-regulated neuroligin-3 dependency in high-grade
glioma. Nat (2017) 549(7673):533-7. doi: 10.1038/nature24014

14. Guo Y, Hong W, Wang X, Zhang P, Korner H, Tu J, et al. MicroRNAs in
microglia: How do MicroRNAs affect activation, inflammation, polarization of
microglia and mediate the interaction between microglia and glioma? Front Mol
Neurosci (2019) 12:125. doi: 10.3389/fnmol.2019.00125

15. Venkataramani V, Tanev DI, Strahle C, Studier-Fischer A, Fankhauser L,
Kessler T, et al. Glutamatergic synaptic input to glioma cells drives brain tumour
progression. Nat (2019) 573(7775):532-8. doi: 10.1038/s41586-019-1564-x

16. Radin DP, Tsirka SE. Interactions between tumor cells, neurons, and
microglia in the glioma microenvironment. Int J Mol Sci (2020) 21(22):8476.
doi: 10.3390/ijms21228476

17. Zhang B, Vogelzang A, Miyajima M, Sugiura Y, Wu Y, Chamoto K, et al. B
cell-derived GABA elicits IL-10+ macrophages to limit anti-tumour immunity. Nat
(2021) 599(7885):471-6. doi: 10.1038/541586-021-04082-1

18. Kaufman DL. GABA molecules made by b cells can dampen antitumour
responses. Nat (2021) 599(7885):374-6. doi: 10.1038/d41586-021-02953-1

19. Blanchart A, Fernando R, Hiring M, Assaife-Lopes N, Romanov RA,
Anding M, et al. Endogenous GABAA receptor activity suppresses glioma
growth. Oncogene (2017) 36(6):777-86. doi: 10.1038/0onc.2016.245

20. El-Habr EA, Dubois LG, Burel-Vandenbos F, Bogeas A, Lipecka ], Turchi L,
et al. A driver role for GABA metabolism in controlling stem and proliferative cell
state through GHB production in glioma. Acta Neuropathol (2017) 133(4):645-60.
doi: 10.1007/s00401-016-1659-5

21. Bolstad BM, Irizarry RA, Astrand M, Speed TP. A comparison of normalization
methods for high density oligonucleotide array data based on variance and bias.
Bioinformatics (2003) 19(2):185-93. doi: 10.1093/bioinformatics/19.2.185

22. Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, et al. Limma powers
differential expression analyses for RNA-sequencing and microarray studies.
Nucleic Acids Res (2015) 43(7):e47. doi: 10.1093/nar/gkv007

23. Miller G. Brain cancer. a viral link to glioblastoma? Science (2009) 323
(5910):30-1. doi: 10.1126/science.323.5910.30

24. Swets JA. Measuring the accuracy of diagnostic systems. Science (1988) 240
(4857):1285-93. doi: 10.1126/science.3287615

25. Ciardullo S, Muraca E, Perra S, Bianconi E, Zerbini F, Oltolini A, et al.
Screening for non-alcoholic fatty liver disease in type 2 diabetes using non-invasive

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fimmu.2022.983569/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fimmu.2022.983569/full#supplementary-material
https://doi.org/10.1186/s13046-018-0946-5
https://doi.org/10.1186/s13046-018-0946-5
https://doi.org/10.1111/nan.12432
https://doi.org/10.1093/neuonc/noy131
https://doi.org/10.1093/neuonc/noz033
https://doi.org/10.1093/neuonc/noz033
https://doi.org/10.1007/s11060-018-03030-w
https://doi.org/10.1007/s11060-018-03030-w
https://doi.org/10.1038/s41582-019-0290-1
https://doi.org/10.1186/s13046-018-0674-x
https://doi.org/10.1186/s13046-018-0674-x
https://doi.org/10.1159/000100049
https://doi.org/10.1042/BSR20210391
https://doi.org/10.3389/fonc.2021.698835
https://doi.org/10.1038/nature16549
https://doi.org/10.1038/s41586-019-1563-y
https://doi.org/10.1038/nature24014
https://doi.org/10.3389/fnmol.2019.00125
https://doi.org/10.1038/s41586-019-1564-x
https://doi.org/10.3390/ijms21228476
https://doi.org/10.1038/s41586-021-04082-1
https://doi.org/10.1038/d41586-021-02953-1
https://doi.org/10.1038/onc.2016.245
https://doi.org/10.1007/s00401-016-1659-5
https://doi.org/10.1093/bioinformatics/19.2.185
https://doi.org/10.1093/nar/gkv007
https://doi.org/10.1126/science.323.5910.30
https://doi.org/10.1126/science.3287615
https://doi.org/10.3389/fimmu.2022.983569
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Jiang et al.

scores and association with diabetic complications. BMJ Open Diabetes Res Care
(2020) 8(1):e000904. doi: 10.1136/bmjdrc-2019-000904

26. Bindea G, Mlecnik B, Tosolini M, Kirilovsky A, Waldner M, Obenauf AC,
et al. Spatiotemporal dynamics of intratumoral immune cells reveal the immune
landscape in human cancer. Immunity (2013) 39(4):782-95. doi: 10.1016/
j.immuni.2013.10.003

27. Finotello F, Trajanoski Z. Quantifying tumor-infiltrating immune cells from
transcriptomics data. Cancer Immunol Immunother (2018) 67(7):1031-40.
doi: 10.1007/500262-018-2150-z

28. Hinzelmann S, Castelo R, Guinney J. GSVA: gene set variation analysis for
microarray and RNA-seq data. BMC Bioinf (2013) 14:7. doi: 10.1186/1471-2105-14-7

29. Krishna S, Kakaizada S, Almeida N, Brang D, Hervey-Jumper S. Central
nervous system plasticity influences language and cognitive recovery in adult
glioma. Neurosurgery (2021) 89(4):539-48. doi: 10.1093/neuros/nyaa456

30. Li C, Zheng Y, Pu K, Zhao D, Wang Y, Guan Q, et al. A four-DNA
methylation signature as a novel prognostic biomarker for survival of patients with
gastric cancer. Cancer Cell Int (2020) 20:88. doi: 10.1186/s12935-020-1156-8

31. Siciliano MA, Dastoli S, d’Apolito M, Staropoli N, Tassone P, Tagliaferri P,
et al. Pembrolizumab-induced psoriasis in metastatic melanoma: Activity and
safety of apremilast, a case report. Front Oncol (2020) 10:579445. doi: 10.3389/
fonc.2020.579445

32. Zheng Z, Zhang X, Liu J, et al. GABAergic synapses suppress intestinal
innate immunity via insulin signaling in caenorhabditis elegans. Proc Natl Acad Sci
U S A (2021) 118(20):¢2021063118. doi: 10.1073/pnas.2021063118

33. Ohgaki H, Kleihues P. The definition of primary and secondary glioblastoma.
Clin Cancer Res (2013) 19(4):764-72. doi: 10.1158/1078-0432.CCR-12-3002

34. Cicone F, Carideo L, Scaringi C, Arcella A, Giangaspero F, Scopinaro F, et al.
18F-DOPA uptake does not correlate with IDH mutation status and 1p/19q co-
deletion in glioma. Ann Nucl Med (2019) 33(4):295-302. doi: 10.1007/s12149-018-
01328-3

35. Zhai Y, Li G, Li R, Chang Y, Feng Y, Wang D, et al. Single-cell RNA-
sequencing shift in the interaction pattern between glioma stem cells and immune
cells during tumorigenesis. Front Immunol (2020) 11:581209. doi: 10.3389/
fimmu.2020.581209

36. Lakshmanachetty S, Cruz-Cruz J, Hoffmeyer E, Cole AP, Mitra SS. New
insights into the multifaceted role of myeloid-derived suppressor cells (MDSCs) in
high-grade gliomas: From metabolic reprograming, immunosuppression, and
therapeutic resistance to current strategies for targeting MDSCs. Cells (2021) 10
(4):893. doi: 10.3390/cells10040893

37. Lamantia C, Tremblay ME, Majewska A. Characterization of the BAC Id3-
enhanced green fluorescent protein transgenic mouse line for in vivo imaging of
astrocytes. Neurophotonics (2014) 1(1):11014. doi: 10.1117/1.NPh.1.1.011014

38. Guadagno E, Presta I, Maisano D, Donato A, Pirrone CK, Cardillo G, et al.
Role of macrophages in brain tumor growth and progression. Int ] Mol Sci (2018)
19(4):1005. doi: 10.3390/ijms19041005

Frontiers in Immunology

17

10.3389/fimmu.2022.983569

39. Ding P, Wang W, Wang J, Yang Z, Xue L. Expression of tumor-associated
macrophage in progression of human glioma. Cell Biochem Biophys (2014) 70
(3):1625-31. doi: 10.1007/s12013-014-0105-3

40. Iwata R, Hyoung Lee J, Hayashi M, Dianzani U, Ofune K, Maruyama M,
et al. ICOSLG-mediated regulatory T-cell expansion and IL-10 production
promote progression of glioblastoma. Neuro Oncol (2020) 22(3):333-44.
doi: 10.1093/neuonc/noz204

41. Tian Y, Ke Y, Ma Y. High expression of stromal signatures correlated with
macrophage infiltration, angiogenesis and poor prognosis in glioma
microenvironment. Peer] (2020) 8:¢9038. doi: 10.7717/peerj.9038

42, Zhang N, Wei L, Ye M, Kang C, You H. Treatment progress of immune
checkpoint blockade therapy for glioblastoma. Front Immunol (2020) 11:592612.
doi: 10.3389/fimmu.2020.592612

43. Yang T, Kong Z, Ma W. PD-1/PD-L1 immune checkpoint inhibitors in
glioblastoma: clinical studies, challenges and potential. Hum Vaccin Immunother
(2021) 17(2):546-53. doi: 10.1080/21645515.2020.1782692

44. Holzl D, Hutarew G, Zellinger B, Schlicker HU, Schwartz C, Winkler PA,
et al. Integrated analysis of programmed cell death ligand 1 expression reveals
increased levels in high-grade glioma. J Cancer Res Clin Oncol (2021) 147(8):2271-
80. doi: 10.1007/s00432-021-03656-w

45. Huang L, Li Y, Du Y, et al. Mild photothermal therapy potentiates anti-PD-
L1 treatment for immunologically cold tumors via an all-in-one and all-in-control
strategy. Nat Commun (2019) 10(1):4871. doi: 10.1038/s41467-019-12771-9

46. Duan X, Chan C, Lin W. Nanoparticle-mediated immunogenic cell death
enables and potentiates cancer immunotherapy. Angew Chem Int Ed Engl (2019) 58
(3):670-80. doi: 10.1002/anie.201804882

47. Yang Z, Wei X, Pan Y, Xu ], Si Y, Min Z, et al. A new risk factor indicator for
papillary thyroid cancer based on immune infiltration. Cell Death Dis (2021) 12
(1):51. doi: 10.1038/541419-020-03294-z

48. Wierstra P, Sandker G, Aarntzen E, Gotthardt M, Adema G, Bussink J, et al.
Tracers for non-invasive radionuclide imaging of immune checkpoint expression in
cancer. EINMMI Radiopharm Chem (2019) 4(1):29. doi: 10.1186/s41181-019-0078-z

49. Hamerlik P, Lathia JD, Rasmussen R, Wu Q, Bartkova J, Lee M, et al.
Autocrine VEGF-VEGFR2-Neuropilin-1 signaling promotes glioma stem-like cell
viability and tumor growth. J Exp Med (2012) 209(3):507-20. doi: 10.1084/
jem.20111424

50. Acharya MM, Green KN, Allen BD, Najafi AR, Syage A, Minasyan H, et al.
Elimination of microglia improves cognitive function following cranial irradiation.
Sci Rep (2016) 6:31545. doi: 10.1038/srep31545

51. Feng X, Liu S, Chen D, Rosi S, Gupta N. Rescue of cognitive function
following fractionated brain irradiation in a novel preclinical glioma model. Elife
(2018) 7:¢38865. doi: 10.7554/eLife.38865

52. Radoul M, Hong D, Gillespie AM, Najac C, Viswanath P, Pieper RO, et al.
Early noninvasive metabolic biomarkers of mutant IDH inhibition in glioma.
Metabolites (2021) 11(2):109. doi: 10.3390/metabo11020109

frontiersin.org


https://doi.org/10.1136/bmjdrc-2019-000904
https://doi.org/10.1016/j.immuni.2013.10.003
https://doi.org/10.1016/j.immuni.2013.10.003
https://doi.org/10.1007/s00262-018-2150-z
https://doi.org/10.1186/1471-2105-14-7
https://doi.org/10.1093/neuros/nyaa456
https://doi.org/10.1186/s12935-020-1156-8
https://doi.org/10.3389/fonc.2020.579445
https://doi.org/10.3389/fonc.2020.579445
https://doi.org/10.1073/pnas.2021063118
https://doi.org/10.1158/1078-0432.CCR-12-3002
https://doi.org/10.1007/s12149-018-01328-3
https://doi.org/10.1007/s12149-018-01328-3
https://doi.org/10.3389/fimmu.2020.581209
https://doi.org/10.3389/fimmu.2020.581209
https://doi.org/10.3390/cells10040893
https://doi.org/10.1117/1.NPh.1.1.011014
https://doi.org/10.3390/ijms19041005
https://doi.org/10.1007/s12013-014-0105-3
https://doi.org/10.1093/neuonc/noz204
https://doi.org/10.7717/peerj.9038
https://doi.org/10.3389/fimmu.2020.592612
https://doi.org/10.1080/21645515.2020.1782692
https://doi.org/10.1007/s00432-021-03656-w
https://doi.org/10.1038/s41467-019-12771-9
https://doi.org/10.1002/anie.201804882
https://doi.org/10.1038/s41419-020-03294-z
https://doi.org/10.1186/s41181-019-0078-z
https://doi.org/10.1084/jem.20111424
https://doi.org/10.1084/jem.20111424
https://doi.org/10.1038/srep31545
https://doi.org/10.7554/eLife.38865
https://doi.org/10.3390/metabo11020109
https://doi.org/10.3389/fimmu.2022.983569
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

	Prognostic value of &gamma;&dash;aminobutyric acidergic synapse-associated signature for lower-grade gliomas
	Introduction
	Materials and methods
	Samples from public data
	Clinical tissue samples
	Obtaining GABAergic synapse-related gene sets
	Differentially expressed genes between normal tissues and LGGs
	Protein–protein interaction network analysis
	Genomic alterations of 31 GSRGs
	Construction of GSRS
	Principal components analysis
	Predictive role of GSRS
	Clinicopathological characteristics of GSRS
	Profiles of tumor-infiltrating immune cells
	Single-sample gene set enrichment analysis
	Mutational status analysis
	Gene set variation analysis
	Verification of hub genes of GSRS
	RNA extraction and quantitative real-time PCR

	Results
	Genetic differences of GSRGs in LGGs
	Verification of GSRS
	Predicting prognosis of LGGs with new risk scores
	Correlations between clinicopathological features and GSRS
	Profiles of tumor-infiltrating immune cells
	Correlation between immune modulators and risk score
	Correlation between risk score and mutational status
	Conducting GSVA between different groups
	Validation of hub genes of GSRS

	Discussion
	Conclusions
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Supplementary material
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


