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Energy metabolism-related GLUD1 i

contributes to favorable clinical outcomes
of IDH-mutant glioma
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Abstract

Background Glioma is the most common brain tumor. IDH mutations occur frequently in glioma, indicating a more
favorable prognosis. We aimed to explore energy metabolism-related genes in glioma to promote the research
and treatment.

Methods Datasets were obtained from TCGA and GEO databases. Candidate genes were screened by differen-

tial gene expression analysis, then functional enrichment analysis was conducted on the candidate genes. PPI

was also carried out to help determine the target gene. GSEA and DO analysis were conducted in the different expres-
sion level groups of the target gene. Survival analysis and immune cell infiltrating analysis were performed as well.

Results We screened 34 candidate genes and selected GLUD1 as the target gene. All candidate genes were sig-
nificantly enriched in 10 KEGG pathways and 330 GO terms. GLUD1 expression was higher in IDH-mutant samples
than IDH-wildtype samples, and higher in normal samples than tumor samples. Low GLUD1 expression was related
to poor prognosis according to survival analysis. Most types of immune cells were negatively related to GLUD1
expression, but monocytes and activated mast cells exhibited significantly positive correlation with GLUD1 expres-
sion. GLUD1 expression was significantly related to 119 drugs and 6 immune checkpoint genes. GLUD1 was able
to serve as an independent prognostic indicator of IDH-mutant glioma.

Conclusion In this study, we identified an energy metabolism-related gene GLUD1 potentially contributing
to favorable clinical outcomes of IDH-mutant glioma. In glioma, GLUD1 related clinical outcomes and immune land-
scape were clearer, and more valuable information was provided for immunotherapy.
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Introduction

Glioma is most common brain tumorgenerated from
glial or precursor cells in central nervous system (CNS)
[1]. Low-grade gliomas (LGG) comprise pilocytic astro-
cytomas, categorized as grade 1, and astrocytomas
characterized by the presence of an IDH mutation,
classified as grade 2. High-grade gliomas (HGG), on the
other hand, consist of astrocytomas with an IDH muta-
tion, designated as grade 3 and 4, as well as glioblas-
tomas (GBM) with an IDH-wildtype status, which are
grade 4 malignancies [2]. LGG patients will progress
to HGG without effective treatment [3]. The exist-
ing treatments are not effective enough because of the
complex pathogenesis [4].

Metabolic reprogramming represents a key hallmark
of cancerous cells, enabling the sustenance of prolif-
erative signalling, evasion of growth suppressors, and
the activation of invasion and metastasis, among other
processes [5]. This phenomenon is observed in a range
of cancers, [6], including glioma. Metabolic reprogram-
ming is able to shape tumor microenvironment (TME)
where tumor cells are more adaptive to grow [7]. Isoci-
trate dehydrogenase (IDH) plays a critical role in energy
metabolism [8] by working in the third reaction in the
citric acid cycle. There are two types of IDH in vivo:
NADP-dependent IDH (IDH1/2) and NAD-dependent
IDH (IDH3) [9]. IDH1/2 mutations have been identified
in LGG and HG@G, whereas IDH3 mutations don’t occur
frequently in glioma [10]. Somatic mutations at codon
132 of IDH1 were identified in nearly 12% of HGG [11].
The IDH mutation is related to oncogenesis through
the production of 2-hydroxyglutarate which can result
in DNA and histone hypermethylation [6], finally inhib-
its glioma stem cell differentiation and promote TME
by upregulating VEGF (vascular endothelial growth
factor) [12]. IDH mutation indicates a more favora-
ble prognosis [13]. The aggressiveness increases from
LGG-IDH-mutant, LGG-IDH-wildtype, and HGG [14],
and recurrence requires shorter time in IDH-wildtype
than IDH-mutant glioma [15]. IDH1/2 mutants enzyme
inhibitors have been widely applied and shows pros-
pects in research and treatment of glioma [12].

Previous studies have shown that abnormal metab-
olism leads to different prognoses of patients, and
metabolism-related genes can be used as markers of
tumor prognosis. A more profound comprehension of
the energy metabolism of tumors may help in the devel-
opment of new treatments [16]. In this study, we aimed
to explore energy metabolism-related genes in glioma
including different types, in order to provide insights
into the pathogenesis and therapy of glioma.
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Materials and methods

Data collection

We downloaded mRNA expression profiles and cor-
responding clinical information from The Can-
cer Genome Atlas (TCGA) database (https://portal.
gdc.cancer.gov/) for TCGA-LGG and TCGA-GBM
(GBM meant HGG in “TCGA-GBM?”) patients, which
included a total of 677 glioma samples and 20 normal
samples. Samples with incomplete survival information
were excluded, leaving 654 patients with complete sur-
vival information, including 416 IDH-mutant and 238
IDH-wildtype patients. Also, we downloaded mRNA
expression profiles and clinical information of 1018
patients from the CGGA (Chinese Glioma Genome
Atlas, http://www.cgga.org.cn/) database for CGGA-
693 and CGGA-325 datasets, including 531 IDH-
mutant and 435 IDH-wildtype patients.

Furthermore, four datasets were obtained from the
Gene Expression Omnibus (GEO) database (https://
www.ncbi.nlm.nih.gov/geo/): GSE131273, GSE4290,
GSE43378, and GSE31095. GSE131273 comprised 31
glioma samples and 9 normal tissue samples, of which
14 were IDH-wildtype glioma samples and 17 were
IDH-mutant glioma samples. GSE4290 included 180
samples, including 81 glioma samples and 23 normal
tissue samples. GSE43378 included 50 glioma samples.
GSE31095 included 8 glioma samples and 12 normal
tissue samples.

Differential gene expression analysis

In this study, we conducted all statistical analyses by R
language (version 4.2.1). Differential expression analy-
sis was performed using the “limma” package [17], and
differentially expressed genes (DEGs) were filtered with
standards of |log,FC|> 0.5 and p-value <0.05.

Functional enrichment analysis

We performed functional enrichment analysis of Gene
Ontology (GO) terms, including Biological Process (BP),
Molecular Function (MF), and Cellular Component (CC),
as well as Kyoto Encyclopedia of Genes and Genomes
(KEGG) pathways, using the "clusterProfiler" package
[18], by use of DEGs obtained. GO terms and KEGG
pathways that were significantly enriched were selected,
based on a p-value < 0.05.

Protein—protein Interaction (PPI) analysis

The STRING database [19] (version 11.0) was employed
for the analysis and prediction of the functional links
and interactions between proteins. The interaction pairs
were filtered using a threshold of a minimum required
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interaction score >0.4. Then the PPI network was visual-
ized by Cytoscape [20] (version 3.7.2).

Survival analysis and statistical analyses

The Kaplan—Meier method was employed to estimate the
overall survival rate of the various groups, and the signifi-
cance of differences in survival rates between these groups
was assessed using the log-rank test. This analysis was
conducted using the “survival” and “survminer” packages
(https://CRAN.R-project.org/package=survival). Multivari-
ate Cox regression analysis was utilized to ascertain whether
the target gene could predict the survival of patients with
IDH-mutant glioma.

The "oncoPredict” package [21] was utilized to con-
duct drug sensitivity prediction. Wilcoxon rank-sum test
was performed to compare gene expression and immune
cell infiltration differences between different groups. The
"cor" function was used to perform Pearson correlation
analysis. Differences were deemed statistically significant
when p<0.05.

Origin of Cell Lines

The cell lines employed in this experiment included nor-
mal human astrocytes (HA1800) and human glioblas-
toma cells (H4, U251, A172), all of which were procured
from the National Infrastructure of Cell Line Resources
(http://www.cellresource.cn/). The cells were cultured in
Dulbecco’s Modified Eagle Medium (DMEM) with high
glucose (C11995500BT, Grand Island Biological Com-
pany (Gibco), Waltham, MA, US), supplemented with a
1% penicillin—streptomycin (P/S) mixture and 10% fetal
bovine serum(FBS) (10,099-141, Gibco). The cell cul-
tures were maintained at 37 °C in a humidified incubator
with 5% CO,.

Quantitative Reverse Transcription Polymerase Chain
Reaction (qRT-PCR)

Total RNA was extracted from the cells using TRNzol
Universal Total RNA Extraction Reagent (DP424, Tian-
gen Biotech (Beijing) Co., Ltd., Beijing, China). The integ-
rity of the RNA was evaluated through 1.5% agarose gel
electrophoresis, and its purity and concentration were
determined using NanoDrop 2000. Reverse transcription
was conducted using the RevertAid First Strand cDNA
Synthesis Kit (K1622, Thermo Fisher Scientific, Waltham,

Table 1 Primer sequences for gRT-PCR
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MA, US). For qPCR experiments, the TB Green® Premix
Ex Taq" II (Tli RNaseH Plus) kit (RR820A, Takara Bio-
medical Technology (Beijing) Co., Ltd., Beijing, China)
wasutilized, with the subsequent detection occurring on
an RT-PCR system (StepOne Plus, Applied Biosystems,
Waltham, MA, US). The program involved an initial
denaturation at 95 °C for 30 s, followed by 40 cycles of
denaturation at 95 °C for 5 s and annealing/extension at
60 °C for 30 s. GAPDH served as the reference gene, and
the primer sequences are provided in Table 1. Each sam-
ple was tested in triplicate, and mRNA expression levels
were determined using the 2724€T method.

Western Blot (WB)

Following the extraction of protein using Radioimmu-
noprecipitation assay (RIPA) lysis buffer and Phenyl-
methylsulfonyl fluoride (PMSF), protein concentrations
were quantified using the BCA protein quantification
kit (CW0014S, Jiangsu Cowin Biotech Co.,Ltd, Taizhou,
Jiangsu, China). The following protocol was conducted
in accordance with the methodology previously outlined
[22]. A primary antibody against GLUD1 (TA376611,
1:1000) was purchased from OriGene Technologies, Inc.
(Rockville, MD, US), and a primary antibody against
GAPDH (60,004—-1-Ig, 1:50,000) was obtained from Pro-
teintech Group, Inc. (Rosemont, IL, US). Both primary
antibodies were detected using a secondary antibody of
horseradish peroxidase (HRP)-labeled goat anti-mouse
IgG (H+L) (ZB-2305, 1:10,000) from Beijing Zhong
Shan-Golden Bridge Biological Technology Co., Ltd.
(Beijing, China). Finally, the band intensities were ana-
lyzed using the Image J software.

Gene Set Enrichment Analysis (GSEA) and Disease
Ontology (DO) analysis

Using "limma" package, the expression levels of the target
genes were grouped based on their median expression
levels. Samples exhibiting expression levels exceeding the
median were categorized as the high-expression group,
whereas those displaying expression levels below the
median were designated as the low-expression group.
Differential expression analysis was performed between
the two groups. The 'clusterProfiler" package [18]
was used to perform GSEA analysis between the two
groups, with significant pathway enrichment defined as

Genes Forward Primer (5’-3’) Reverse Primer (5’-3’) Product
length
(bp)

GAPDH GAAGGTGAAGGTCGGAGTC GAAGATGGTGATGGGATTTC 227

GLUD1 TTTGGTGCTAAATGTATTGCTGTTG ATAGGGCTTTGCCTTGGGG 135
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p-value <0.05. The "DOSE" package [23] was used to per-
form pathway enrichment analysis based on the differen-
tial expression analysis results.

Calculation of infiltration ratios of immune cells

The relative proportions of 22 immune cell types were cal-
culated in the samples using the software CIBERSORT
[24] Xcell (https://xcell.ucsf.edu/) and TISIDB (http://
cis.hku.hk/TISIDB/) databases were used to calculate the
abundance of immune cells. The "estimate" function pack-
age (https://R-Forge.R-project.org/projects/estimate/) was
used to calculate the immune scores of the samples.

Results

Differentially expressed energy metabolism-related genes
between IDH wild-type and IDH-mutant glioma

Energy metabolism-related gene sets (REACTOME_
METABOLISM_OF_AMINO_ACIDS_ AND_DERIVA-
TIVES, REACTOME_METABOLISM_OF_CARBOHY-
DRATES, and REACTOME_METABOLISM_OF_LIPIDS)
were downloaded from MSigDB (version 7.0; http://software.
broadinstitute.org/gsea/msigdb/), resulting in a total of 1384
genes (Table S1). Based on these genes, differential expression
analysis was performed between IDH-wildtype and IDH-
mutant glioma using the TCGA dataset. A total of 179 dif-
ferentially expressed energy metabolism-related genes were
identified (Table S2), including 55 upregulated genes and 124
downregulated genes in the IDH-mutant group (Fig. 1A).
Principal component analysis (PCA) indicated that IDH-
wildtype and IDH-mutant glioma samples could be separated
(Fig. 1B). Kaplan—Meier survival analysis between the two
groups showed that patients with IDH-mutant glioma had a
better prognosis (Fig. 1C).

Differential expression analysis was also performed on
the GSE4290 dataset, comparing GBM samples (all GBM
samples were IDH-wildtypes) to normal samples, result-
ing in a total of 8221 DEGs (GBM onset related genes,
GRGs), including 4772 upregulated genes and 3449
downregulated genes (Fig. 1D). We also performed differ-
ential expression analysis between IDH-wildtype glioma
and IDH-mutant glioma from the GSE131273 dataset
as well, resulting in a total of 6490 DEGs (IDH-mtRGs),
including 3569 upregulated genes and 2921 downregu-
lated genes in IDH-mutant glioma (Fig. 1E).

The GRGs and IDH-mtRGs were intersected with the
differentially expressed energy metabolism-related genes
obtained from TCGA database, resulting in 34 candi-
date genes (Fig. 1F, Table S3). GO and KEGG enrichment
analysis was performed on these genes. There were 10
significantly enriched KEGG pathways (p-value<0.05)
(Fig. 1G), 247 significantly enriched BP terms, 59 signifi-
cantly enriched MF terms, and 24 significantly enriched
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CC terms (top ten were shown in Fig. 1H). Interestingly,
they were highly related to extracellular matrix (ECM)
and enzymes generating ECM. In GLUDI1 transgenic
mice, several extracellular matrix interacting genes were
also upregulated [25]. Detailed results of the enrichment
analysis were attached in Table S4.

Low expression of energy metabolism-related gene GLUD1
was associated with poor prognosis in IDH-mutant glioma
samples

To further confirm the hub genes among the candidate
genes, we constructed a PPI network based on 34 candi-
date genes using the STRING database (Fig. 2A), and we
selected GLUD1 as our target gene for further study, con-
sidering large differential significance and the scarcity of
previous research on GLUD1.

We analyzed the expression of GLUD1 in glioma vs.
control samples using the GSE31095 dataset, and found
that GLUD1 was downregulated in glioma samples
(Fig. 2B). GLUD1 expression was higher in IDH-mutant
than in IDH-wildtype samples (Fig. 2C). The expression
of GLUDLI in different grades of glioma was also analyzed
using the CGGA database showing that GLUD1 expres-
sion decreased with increasing grade (Fig. 2D). Further-
more, we found that GLUDI1 expression of IDH-mutant
glioma samples significantly decreased from low to high
grades (Fig. 2E).

TIMER database was also used to analyze the expres-
sion of GLUDI in various cancers. The results showed
that GLUD1 expression was significantly downregulated
in multiple tumors, like BLCA (bladder urothelial car-
cinoma), BRCA (breast invasive carcinoma), and other
tumor samples (Fig. 2F). We then validated the expres-
sion of GLUDI in tumor and normal tissues using the
HPA database (https://www.proteinatlas.org/) and found
that GLUD1 expression was lower in tumor tissues than
in normal tissues (Fig. 2G). We also performed qRT-PCR
(Fig. 2H) and WB (Fig. 2I) to validate the expression of
GLUDL. Both results showed that GLUD1 was expressed
at significantly lower levels in glioma cell lines than in
normal cells.

We divided IDH-mutant samples in the TCGA dataset
into high and low expression groups (GLUD1"&" group,
GLUDI1'" group) based on the optimal cutoff value for
GLUDI, and performed KM survival analysis. The results
showed that patients in GLUD1"°Y group had a relatively
poor prognosis, whether in HGG or LGG (Fig. 3A-C).
The same result also occurred in GSE43378 dataset with
the grouping standard of median GLUDI1 expression
(Fig. 3D). In HGG and LGG, the survival probability
of GLUD1"8" group was higher than GLUD1"°" group
(Fig. 3E-F).
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G-H Top 10 significantly enriched KEGG pathways and GO terms (BP, MF, CC)

Functions and pathways affected by key energy
metabolism-related gene GLUD1 in IDH-mutant glioma
Due to the higher survival rate in IDH-mutant gli-
oma patients (Fig. 1C) and the higher expression in

IDH-mutant samples (Fig. 2D), it was necessary to
explore the potential functions and pathways affected
by GLUD1 in IDH-mutant glioma. GSEA analysis
was performed on IDH-mutant samples in the TCGA
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dataset. Samples were grouped into GLUD1M&" and
GLUD1"" groups based on the median value of GLUD1
expression. The results showed that 165 pathways were
significantly enriched (p-value <0.05). The top 20 path-
ways based on NES (normalized enrichment score)
value were shown in Fig. 4A. The Calcium signaling
pathway, MAPK signaling pathway, and other path-
ways were significantly enriched were shown in Fig. 4B.

Furthermore, we divided the IDH-mutant samples into
HGG and LGG groups and performed GSEA analysis
on them respectively. The pathways activated in both
groups were similar, such as Retrograde endocan-
nabinoid signaling, GABAergic synapse, Wnt signaling
pathway (Fig. 4C-F). DO enrichment analysis was per-
formed on the DEGs and 203 pathways were signifi-
cantly enriched (p-value < 0.05). The top 20 significantly
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enriched pathways were shown in Fig. 4G. The detailed
results were summarized in Table S5.

Immune landscape in IDH-mutant glioma based on GLUD1
expression levels

Tumor microenvironment plays a vital role in the pro-
gression. The immune landscape aids a lot in exploring
the underlying mechanisms and corresponding treat-
ment. Using IDH-mutant glioma samples from TCGA,
we analyzed the correlation between GLUD1 and the
abundance of various immune-infiltrating cells using two
databases, xCell and TISIDB. In xCell, seven immune
cells, including regulatory T cells (Tregs), showed a sig-
nificant positive correlation, while 25 immune cells, were
significantly negatively correlated with GLUD1 (p<0.05,
Fig. 5A). In TISIDB, GLUD1 expression showed a signifi-
cant positive correlation with five immune cells, includ-
ing effector memory CD4* T cells (Tem_CD4), and a
significant negative correlation with 10 immune cells,

including activated CD8" T cells (Act_CD8) (p<0.05,
Fig. 5B, Table S6).

Based on the median expression level of the GLUD1
gene, we divided IDH-mutant glioma samples from
TCGA into GLUD1M®" group and GLUDI1"¥ group.
Then the differences in infiltration ratios of 22 types of
immune cells between the two groups were analyzed. The
results showed significant differences in eight types of
immune cells (CD8" T cells, activated memory CD4T T
cells, follicular helper T cells, regulatory T cells, resting
NK cells, monocytes, activated dendritic cells, activated
mast cells) between GLUD1"M#" group and GLUD1¥
group (Fig. 5C). Subsequently, the same analysis was per-
formed on HGG (TCGA-GBM) and LGG (TCGA-LGG)
respectively. The significance was not available due to the
small sample size of TCGA-GBM. The infiltration ratio
of Tregs in HGG was lower in GLUD1" group but sig-
nificantly higher in LGG GLUD1"°" group. In both HGG
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and LGG, the proportions of plasma cells were higher
in GLUD1'®Y group. Although the infiltration of plasma
cells didn’t show significance in all IDH-mutant sam-
ples (Fig. 5C), it showed significance in LGG (Fig. 5D-E).
Among these immune cells, further analysis of Pearson
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correlation showed significant negative correlation with
CD8* T cells, activated memory CD4" T cells, follicular
helper T cells, regulatory T cells, and activated dendritic
cells (p-value <0.05), significant positive correlation with
monocytes and activated mast cells (p-value <0.05), and
no significant correlation with resting NK cells (Fig. 5F).

Furthermore, the 22 types of immune cells were
divided into six categories: Lymphocytes, Macrophages,
Monocytes, Neutrophils, Dendritic cells, and Mast cells.
Differences in the infiltration ratios of the six immune
cell categories between GLUD1"8" and GLUD1"°Y groups
showed that the infiltration ratio of Monocytes was
higher in GLUD1"8" group, while Lymphocytes and Den-
dritic cells were higher in GLUD1™" group, and there
was no significant difference in the other three categories
between the two groups (Fig. 5 G).

Using IDH-mutant glioma samples from the CGGA
database, we calculated the immune scores of the sam-
ples and ESTIMATEScore, ImmuneScore, and Stro-
malScore were significantly higher in GLUD1'" group
than GLUD1"¢" group, while TumorPurity was signifi-
cantly lower in GLUD1" group than GLUD1"8" group
(Fig. 6A).

We also performed single-sample gene set enrichment
analysis ssGSEA analysis on IDH-mutant glioma samples
from the CGGA database to further analyze the activity
of immune cells. Immune cells were divided into innate
immunity and adaptive immunity groups, and we found
that the expression levels of both groups were signifi-
cantly higher in GLUD1" group than GLUD1"&" group
(Fig. 6B). Among adaptive immune cells, we divided
them into T cell response and other cells, and found that
tumors with low expression of GLUDI elicited a rela-
tively stronger T cell response (Fig. 6C).

Clinical outcomes of GLUD1 low expression IDH mutant
glioma patients were poor
Clinical outcomes research can provide valuable insights
into disease progression, survival rates, quality of life, and
safety of medical interventions. In this study, KM survival
analysis was performed on the samples in GLUD1Me!
group and GLUD1'Y group. The results showed that
patients in GLUD1'®Y group had a relatively low survival
rate (Fig. 7A), and so were PFS (progression-free survival)
as well as DFS (disease-free survival) (Fig. 7B-C).
Multivariate Cox regression analysis was performed
on IDH-mutant glioma samples in the CGGA database,
including Age and Gender. The results showed that the
GLUD1 was an independent protective factor (haz-
ard ratio<1) for IDH-mutant glioma patients (Fig. 7D).
Time-dependent receiver operating characteristic (ROC)
analysis showed that the combined AUC (area under the
ROC curve) of 1-year, 3-year, and 5-year survival periods
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were 0.71, 0.71, and 0.66, respectively, indicating that the
GLUDI1 can effectively predict the prognosis of IDH-
mutant glioma patients (Fig. 7E).

Drug sensitivity research is helpful in developing per-
sonalized treatment plans for individual patients, which
can improve treatment outcomes and minimize the risk
of adverse drug reactions. Using IDH-mutant glioma
samples in the CGGA database, the correlation between
GLUDL1 expression and the IC50 ( half maximal inhibi-
tory concentration) of drugs was analyzed, and the
results showed that GLUD1 was significantly posi-
tively correlated with 11 drugs such as Dasatinib_1079,
GSK269962A_1192, and Entospletinib_1630; and sig-
nificantly negatively correlated with 108 drugs such
as ML323_1629, GSK343_1627, and Sorafenib_1085
(p-value <0.05, Fig. 7F, Table S7). For drugs with signifi-
cant correlations, the differences in IC50 values between
GLUD1Me" group and GLUD1" group were compared,
and some results showed that Cediranib_1922, Ruxoli-
tinib_1507, Doramapimod_1042, AZD1208_1449, Nelar-
abine_1814, and Dihydrorotenone_1827 were higher in
GLUD1"Y group (Fig. 7G).

The function of immune checkpoint genes is pivotal to
the efficacy of immunotherapy. Expression differences of
six immune checkpoint genes (PD-1 (PDCD1), CTLA4,

PDL-1 (CD274), CD80, LAG3, TIGIT) were compared
between GLUD1"" group and GLUD1'°" group, and the
results showed that the expression levels of the PDCD]1,
CTLA4, CD80, and LAG3 genes were significantly
lower in GLUD1"8" group, suggesting the expression of
GLUD1 was associated with immune microenvironment
(Fig. 7H).

Discussion

In this study, we conducted a screening of 34 energy
metabolism-related genes functioning in glioma, with
the objective of identifying a target gene. Following this
screening process, we selected GLUDI as the target gene.
It showed higher expression in IDH-mutant and nor-
mal samples than in IDH-wildtype and tumor samples.
Low expression was associated with poor prognosis, and
stronger T cell responses. Our results demonstrated that
GLUD1 was an independent prognostic indicator for
IDH-mutant glioma.

The GLUDI1 (glutamate dehydrogenase (GDH) 1)
which includes 13 exons is involved in the metabolism
of glutamate [26]. This gene is situated on chromosome
10q23.3 and is predominantly expressed in the liver, pan-
creas, and brain [27]. GDH plays a critical role in the
regulation of not only glutamine metabolism but also
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cellular energy metabolism by controlling the flow of car-  study indicate that GLUDI1 plays a role in glioma, with
bon and nitrogen between amino acids and the tricarbo-  higher expression levels associated with a more favour-
xylic acid cycle [28]. GLUDI has been demonstrated to  able prognosis. The expression level of GLUDI1 gradu-
influence the progression of a number of cancers, includ-  ally decreased as the grade was processed in glioma.
ing breast and lung cancers [29, 30]. The findings of our = The same pattern was observed in clear cell renal cell
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carcinoma [31]. GLUD1 expression was found to be sig-
nificantly reduced in bladder urothelial carcinoma, breast
invasive carcinoma, and other tumor samples according
to TIMER database. In triple-negative breast cancer, high
GLUD1 expression was associated with a better outcome
in patients treated with chemotherapy [32]. The results
of GSEA and DO analysis indicated that GLUD1 might
influence a lot of neurological diseases, such as neuropa-
thy, autism spectrum disorder, Alzheimer’s disease, intel-
lectual disability, substance abuse, etc. Deregulation of
human GDHs (encoded by GLUD) has been linked to the
development of neurological disorders, for instances, epi-
leptic seizures, generalized dystonia, and mental retarda-
tion [33]. The anaplerotic function of GDH1 (encoded
by GLUD]1) has attracted much attention due to its vital
role in glioma [34]. A lot of pathways functioned when
GLUD1 worked in the process of IDH-mutant glioma,
such as MAPK signaling pathway, Calcium signaling
pathway, and cAMP signaling pathways.

The infiltration of immune cells in IDH-mutant glioma,
and it was found that CD8* T cells, activated memory
CD4™ T cells, follicular helper T cells, regulatory T cells,
and activated dendritic cells were significantly negatively
correlated to GLUD1 expression. Conversely, monocytes
and activated mast cells were significantly positively
correlated to GLUD1 expression. GLUD1 and GLUD2
are § receptors in mast cells [35]. GLUD1 is capable of
controlling autophagy, and further regulating the malig-
nant conditions of tumors [36, 37]. When monocytes are
ready to differentiate, autophagy is induced, and induc-
tion is critical for the monocytes’ survival and differen-
tiation. On the contrary, inhibition of autophagy leads to
apoptosis of monocytes involved in differentiation [38].
It can be surmised that the differentiation from mono-
cytes to macrophages may be inhibited by GLUDI. In
IDH-mutant samples, ESTIMATEScore, ImmuneScore,
and StromalScore were significantly higher in GLUD1¥
group than GLUD1"&" group. A total of 11 drugs dem-
onstrated a significant positive correlation with GLUD1
expression, while 108 drugs exhibited a significant nega-
tive correlation. 6 immune checkpoint genes were also
significantly differentially expressed in GLUD1"8" group
and GLUD1™ group. The results showed GLUDI’s
potential in glioma treatment. GLUD1 inhibits cancer
cells” proliferation and migration, and it is a target for
cancer therapy, for example, combination therapy of anti-
cancer drugs adding a GLUD1 inhibitor is effective [39].

Conclusions

This study focused on identifying energy metabo-
lism-related genes in glioma and selected GLUD1 as
the target gene, finding that GLUDI1 expression was
higher in IDH-mutant samples than in IDH-wildtype
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samples and that lower expression was associated with
poor prognosis. Furthermore, our findings indicated
that GLUDI played a role in shaping distinct immune
microenvironment in IDH-mutant glioma. Addition-
ally, GLUDI1 expression was related to several drugs
and immune checkpoint genes. The findings of our
study offer valuable insights for the development of
immunotherapy for IDH-mutant glioma.
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