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Abstract

Aim: Glioma, the most common primary brain tumor, is known for its poor prognosis, limited treatment success,
and high level of aggressiveness. Although cuproptosis-related genes have been linked to outcomes in other
cancers, their role in glioma is still not well understood.

Methods: By leveraging the Cancer Genome Atlas (TCGA) and additional databases, we conducted Cox regression
and Kaplan-Meier analysis to determine the predictive importance of cuproptosis-related genes in individuals with
glioma. By utilizing data from Gene Expression Omnibus (GEO) and other relevant databases, we examined how
the expression of cuproptosis-associated genes correlates with immune cell infiltration, immunological checkpoint
status, pathological stage, and histological grade. Additionally, we analyzed the connection between gene
expression linked to cuproptosis and the prognosis in glioma patients.

Results: Our newly developed cuproptosis-based glioma predictive model demonstrated promising prediction
performance. Additionally, we identified glutaminase (GLS) in glioblastoma as a potential novel diagnostic
indicator for glioma patients.

Conclusion: GLS holds the potential to provide novel perspectives on cancer management and serve as a valuable
diagnostic predictor for glioma patients.
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INTRODUCTION

Gliomas are classified into World Health Organization (WHO) types I-IV based on standard
histopathologic criteria, with glioblastoma (GBM) being the most aggressive subtype! . While gliomas can
exhibit median survival rates of 5-10 years with a combination of surgery, radiation, and chemotherapy,

[4,5

GBM:s typically present a median survival of only 1-2 years'*”. Current prognostic assessment models for

gliomas rely heavily on clinical variables and often lack robust predictive value, highlighting the need for

more advanced prognostic tools*”.

Over the past few decades, cancer models have become increasingly refined, and treatment options have
grown more diversified. From the initial reliance on surgical interventions alone to the current era of
therapies targeting oncogenic alterations and associated signaling pathways, gene-targeted approaches will
continue to play a vital role in cancer treatment. As recently summarized by NCI experts, the evolution of
cancer treatment paradigms has highlighted the urgent need for novel therapeutic targets"”.

Recent studies have linked copper ion carriers to a form of cell death called cuproptosis, emphasizing the
significance of copper regulation and mitochondrial roles in various illnesses" . Copper is essential for
various cellular functions, such as autophagy, kinase signaling, redox signaling, and mitochondrial
respiration"*. It acts as a structural and catalytic enzyme cofactor and modulates host defense through
immunological stimulation"”. The accumulation of copper ions in mitochondria has been linked to
proteotoxic stress and cell death, mainly through cuproptosis"®. While prognostic models based on
cuproptosis have been developed for several malignancies to predict prognosis, immune response, and
treatment efficacy, a specific prognostic model for copper-induced cell death in gliomas has not yet been
established"”??. While pan-cancer analyses of cuproptosis genes using the Cancer Genome Atlas (TCGA)
datasets have revealed conserved molecular patterns across malignancies®*’, their glioma-specific
regulatory mechanisms remain unexplored. This knowledge gap prompted our investigation into the role of
cuproptosis-related genes (CRGs) in gliomas, aiming to provide novel insights into prognostic prediction
for glioma patients.

Our study delves into the expression and clinical significance of CRGs in the tumor microenvironment,
immune cell infiltration, glioma prognosis, and different pathological stages and histologies through
comprehensive bioinformatics analysis. Using weighted gene co-expression network analysis (WGCNA),
we pinpointed glutaminase (GLS) as a possible diagnostic marker for gliomas and examined its prognostic
significance and expression trends in these tumors. Our research establishes a foundation for the potential
therapeutic targeting of cuproptosis regulators in gliomas, emphasizing the crucial role of CRGs in glioma
development.

METHODS

Multiomics data source and preprocessing

We obtained CRG data and clinical information of glioma patients from TCGA database””. Gene
expression was evaluated by splice tagging and reporting (STAR) as raw read counts and then transformed
into transcripts per million (TPM). The GENCODE project (v22) cataloged gene features, including
chromosome positions, gene categories, Ensembl IDs, and official symbols®".

Data on somatic mutations in glioma, obtained through whole exome/genome sequencing (WXS/WGS),
were accessed from the GDC TCGA-GBMLGG project on the UCSC Xena server™. Using the MuTect2
method™, more germline mutations were detected, enhancing the confidence in somatic variations. The
oncoplot was generated using the R package “maftools”, sorted by decreasing mutation frequency”’’.
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Digital focal-level copy number variation (CNV) values were calculated by GISTIC2 from tumor aliquots at
the item level using a “masked copy number fragment” file, and these values were filtered with a noise
threshold of 0.3"”. The R package “ggpubr” was used to generate a Cleveland dot plot to show the frequency
of CNV.

Differential expression analysis and validation

We examined the expression levels of CRGs that varied between tumor and normal samples. To maintain
data quality, we systematically addressed missing values and outliers. Initially, we employed the distinct
function from the “dplyr” package to eliminate duplicate gene names. Next, the na.omit function is applied
to address missing values. We further utilize the normalizeBetweenArrays function from the “limma”
package to eliminate batch effects and mitigate interference caused by outliers.

We regarded it as statistically significant if | log2FC | > 1 and P < 0.05 were satisfied. We gathered two
datasets (GSE16011"" and GSE116520"") from Gene Expression Omnibus (GEO) containing 326 glioma
and peritumoral brain zone samples for validation. Box plots were used using the R package “ggplot2” to
compare the expression of CRGs in different datasets.

Gene network and enrichment analysis of CRGs

We used the GENEMANIA website to perform a gene network analysis to explore potential links between
these genes™. To conduct the enrichment analysis, the R package “clusterProfiler” was used, with references
to the Kyoto Encyclopedia of Genes and Genomes (KEGG) and Gene Ontology (GO)™. The Benjamini-
Hochberg method was employed for multiple corrections, considering a false discovery rate (FDR) of less
than 0.05 as significant.

Generate a prognostic signature for CRGs utilizing penalized regression

Using iterative sure independence screening (SIS), we formulated a signature to analyze CRGs at the
individual level™. We utilized the R package “SIS” to apply SIS and LASSO-penalized Cox regression for
identifying CRGs associated with survival®. The risk score was calculated using the regression coefficients
of the identified prognostic signature of CRGs for overall survival (OS) and progression-free survival (PES).
The patients were categorized into high-risk and low-risk groups according to the median risk score. The
Kaplan-Meier survival curve was created using the R package “ggsurvplot” to compare OS or PFS between
high-risk and low-risk groups. We additionally estimated the 1-, 3-, and 5-year survival rates using the
signature and the nearest neighbor estimation technique™. The R package “survivalROC” was used to
calculate ROC curves to demonstrate prediction capabilities. Furthermore, we examined possible
distinctions between subgroups categorized based on age, gender, and tumor stage. The “regplot” R package
was utilized to develop improved regression nomograms for CRG scores and other clinical variables in
glioma patients. The “rms” R package was used to evaluate the bias-corrected estimates of predicted versus
observed values from the calibration curves of CRG scores and other clinical variables in glioma patients,
using 1000 bootstrapping.

Analysis of correlation with immune infiltration

The relationship between the expression of CRGs and the quantity of six immune cells-CD4+ T cells, CD8+
T cells, B cells, neutrophils, dendritic cells, and macrophages-was analyzed using a Tumor Immune
Estimation Resource (TIMER)". Furthermore, the expression levels of genes associated with
immunological checkpoints are linked to the effectiveness of immune checkpoint inhibitors in treatment.
We examined five immune checkpoints: CD276, TLR4, HMGB1, BTN3A1, and TNFSF4"*'),
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Screening and verification of diagnostic markers

We employed WGCNA™ to select features for screening diagnostic indicators for gliomas. Following
quality verification, the expression matrices of the GSE16011 and GSE116520 data sets were combined into
a single, independent data set. Then, a gene co-expression network was created using the R package known
as “WGCNA”". The correlation strength between the nodes was then represented by an adjacency matrix,
which we converted into a topological overlap matrix. After that, we used hierarchical clustering to find
modules (minModuleSize = 30) that contained at least 30 genes. Ultimately, we determined the eigengene,
grouped the modules hierarchically, and combined related modules (abline = 0.25). A group of highly
comparable genes with high topological overlap make up the co-expression module. There is generally more
co-expression among genes belonging to the same module. To determine the important clinical modules,
we last computed the correlation between the modules and the clinical data. In the end, we combined the
CRGs and WCGNA genes for further analysis, considering a two-tailed P-value below 0.05 as statistically
significant.

Genetic alteration analysis

Data on GLS gene mutations and mutation sites in TCGA tumors were assessed using the cBioPortal web
server (https://www.cbioportal.org/)>*. Kaplan-Meier plots were utilized to illustrate and compare the
differences in OS and disease-free survival (DFS) among patients with and without GLS mutations. The
outcome was presented as a logarithmic rank P-value.

The expressions of GLS in glioma patients
The Human Protein Atlas (HPA) site was utilized to evaluate the differences in GLS protein levels between
cancerous and healthy tissues'*”.

Total RNA was extracted from the tissues using Trizol (Invitrogen, Waltham, MA, USA) following the
manufacturer’s instructions. The RevertAid First Strand cDNA Synthesis Kit (K1622) for cDNA reversal
was supplied by Thermo Scientific, Waltham, MA, USA. qRT-PCR was performed using the ABI StepOne
TM real-time Quantitative PCR machine from Applied Biosystems, located in Waltham, MA, USA.
GAPDH served as the internal control for normalizing GLS. The primers used are shown in Table 1. The
224% yalues were used to compare the relative expression levels of target genes between the control and
experimental groups, with the test conducted in triplicate.

The study used glioma and normal tissues taken from Soochow University’s First Affiliated Hospital. All
specimens, including normal brain tissue, were obtained from the contused brain tissue of patients
undergoing surgery for traumatic brain injury, with the informed consent of the patients or their families.
The tumors were categorized by the WHO classification based on histological analysis. After being excised,
the tissue samples were frozen in liquid nitrogen and stored at -80 degrees Celsius until further processing.
Soochow University’s Clinical Research Ethics Committee approved all investigations.

Statistical analysis

At first, we conducted a descriptive statistical analysis of glioma patients using TCGA. Continuous variables
were characterized using the mean + standard deviation, while categorical data were described using
frequency and proportion. A Kruskal-Wallis rank sum test was used to analyze the variation in CRG
expression across different pathological stages and histological grades in glioma patients. Variables with a
normal distribution were assessed using the ¢-test, while the Mann-Whitney U test was used for others. For
more than two data sets, a one-way analysis of variance was conducted. All statistical analyses were
conducted using R version 3.6.3. P values were considered significant if they were less than 0.05, with a
two-sided approach. GraphPad Prism 9.0.2 was utilized for the qRT-PCR analysis. To assess the statistical
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Table 1. qRT-PCR primers

Gene Primer (5'-3')

GLS-forward TCTACAGGATTGCGAACGTCT
GLS-reverse CTTTGTCTAGCATGACACCATCT
GAPDH-forward GGAAGCTTGTCATCAATGGAAATC
GAPDH-reverse TGATGACCCTTTTGGCTCCC

significance between the two groups, a two-tailed Student’s ¢-test was applied. The measurement’s standard
error is shown by the error bars. Asterisks alone indicate P values (*, P < 0.05).

RESULTS

Expression and genetic alterations of CRGs in gliomas

In their study, Tsvetkov et al. conducted a genome-wide CRISPR-Cas9 loss-of-function screening to
identify genes involved in copper ionophore-induced cell death"?. The identified genes, including FDX1,
LIAS, LIPT1, DLD, DLAT, PDHA1, PDHB, MTF1, GLS, and CDKN2A, were linked to particular metabolic
pathways related to copper toxicity. During our study, we examined the gene expression levels in gliomas
and found that seven CRGs were upregulated in glioma tissues: FDX1, LIAS, LIPT1, DLD, DLAT, PDHA1,
MTF1, and CDKN2A. At the same time, MTF1, GLS, and CDKN2A were downregulated [Figure 1A]. We
further examined the correlation between the expression levels of several genes [Figure 1B] and observed
significant positive correlations, particularly between DLAT and DLD (r = 0.919, P < 0.001) [Figure 1C].
These findings provide insights into the coordinated expression patterns of CRGs in gliomas.

With an emphasis on somatic mutations, the frequency of cuproptosis-related gene modifications was
ascertained among glioma samples; the somatic mutation status of 18 out of 905 (1.99%) glioma samples is
displayed [Figure 1D and E]. Our analysis revealed that missense mutations were the most prevalent
according to the mutation classification [Figure 1D]. The most common type of variant was SNP, and the
highest-ranking single nucleotide variant (SNV) class was C > T (47618). Additionally, we discovered that
the mutation frequencies of CDKN2A (1%), MTF1 (1%), and GLS (1%) were greater than those of the other
three [Figure 1E].

Functional enrichment and protein-protein interaction analysis of CRGs

Using the GO and KEGG databases, we examined the associated pathways to illustrate the biological roles
of CRGs. The tricarboxylic acid cycle, acetyl coenzyme-A biosynthesis, citrate metabolism process, and
pyruvate acetyl coenzyme-A biosynthesis process were the primary biochemical processes implicated in
CRGs. The tricarboxylic acid cycle enzyme complex, the oxidoreductase complex, the dihydrolipoyl
dehydrogenase complex, and the mitochondrial matrix are the constituents of the cell. The primary
molecular activities include iron-sulfur cluster binding, metal cluster binding, oxidoreductase activity acting
on the donor’s aldehyde or oxygen moiety, NAD or NADP acting as acceptor, and oxidoreductase activity
acting on the donor’s aldehyde or oxygen group [Figure 2A]. Additionally, KEGG pathway enrichment
analysis revealed that CRGs are primarily linked to the citrate cycle, glycolysis/gluconeogenesis, carbon
metabolism, and pyruvate metabolism [Figure 2B]. Protein-protein interaction (PPI) analysis further
demonstrated that CRGs interact with a range of proteins [Figure 3].

Prognostic significance of CRGs in glioma patients with TCGA

The predictive importance of CRGs for glioma OS and PFS was constructed using SIS. Seven genes were
chosen to predict OS outcomes in glioma patients, and prognostic scores were calculated based on their
regression coefficients; higher risk scores for CRG features were linked to worse OS (HR = 3.56, 95%CI:
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2.73-4.65, P < 0.001, Figure 4A and B). Additionally, a weighted risk score that included all relevant genes
was used to predict 1-, 3-, and 5-year OS [Figure 4C]. The AUC values for the 1-, 3-, and 5-year Receiver
Operating Characteristic (ROC) curves were 0.776, 0.759, and 0.763, respectively, demonstrating good
predictive accuracy. Kaplan-Meier analysis showed that, except for PDHA1 (Supplementary Figure 1A,
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P > 0.05), the other six genes had significant clinical relevance for OS. Specifically, low expression levels of
FDX1, LIPT1, and DLD were associated with improved OS [Figure 4D-F], whereas high expression levels of
LIAS, CDKN2A, and PDHB correlated with worse OS [Figure 4G-I]. What’s more, higher risk scores for
CRG features were linked to worse PFS (HR = 2.96, 95%CI:2.37-2.71, P < 0.001, Figure 4] and K).
Additionally, a weighted risk score that included all relevant genes was used to predict 1-, 3-, and 5-year PFS
[Figure 4L]. Glioma patients with higher FDX1 expression exhibited better outcomes [Figure 4M], while
LIAS expression showed an opposite trend [Figure 4N]. Unfortunately, the remaining five genes showed no
significant association with PFS (P > 0.05, Supplementary Figure 1B-F).

Nomogram development and validation of gliomas

We combined the genetic traits of TCGA patients with clinical data to enable the prediction model’s clinical
use. A multivariate Cox regression model was used to create a nomogram. OS and PFS data were evaluated
through discriminant and calibration analyses [Figure 5A and B]. Statistical significance was set at a
threshold of P < 0.05. Gender and the expression levels of LIAS, LIPT1, PDHA1, and PDHB showed 95%
confidence intervals (CIs) that were not statistically significant and had no meaningful effect on OS in
glioma patients. In contrast, age, WHO grades, FDX1, DLD, and CDKN2A significantly influenced the
1-, 3-, and 5-year survival probabilities of glioma patients [Figure 5C and D], demonstrating the
nomogram’s strong predictive performance. Additionally, calibration plots [Figure 5E and F] showed
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Figure 4. Clinical relevance of CRGs in glioma patients from TCGA. For OS: (A) Distribution of risk scores, survival status, and
prognostic CRG expression; (B) Kaplan-Meier survival curve of the CRG signature and OS; (C) ROC curves for 1-, 3-, and 5-year OS
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excellent agreement between the observed and predicted OS or PFS at 1, 3, and 5 years.

Verification of varied expression levels of FDX1, LIPT1, PDHB, and GLS in GBM

To verify the link between the altered expression of the identified genes and GBM, we analyzed two
independently validated GEO datasets (GSE16011 and GSE116520). In GBM tissues, the expression levels of
FDX1 and LIPT1 were markedly elevated, whereas PDHB and GLS were markedly downregulated
[Figure 6]. These results suggest that FDX1 and LIPT1 may function as oncogenes, while PDHB and GLS
likely function as tumor suppressor genes.
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Correlation between CRG expression and immune cell infiltration in gliomas

The impact of CRGs on immune cell recruitment within the tumor microenvironment and their influence
on glioma prognosis remain unclear. Thus, we investigated the connection between immune infiltration in
gliomas and FDX1, LIPT1, PDHB, and GLS. Figure 7A illustrates a significant association between FDX1
expression levels and immune infiltration in neutrophils, dendritic cells, and macrophages (P < 0.001, P <
0.001, and P < 0.001). The levels of immunological infiltration of B cells (P < 0.001), CD8+ cells (P < 0.01),
macrophages (P < 0.001), neutrophil granulocytes (P < 0.001), dendritic cells (P < 0.001), and macrophage
expression levels were positively connected with LIPT1 expression levels [Figure 7B]. As shown in
Figure 7C, there was a positive correlation between the levels of PDHB expression and the quantity of CD8+
cells (P < 0.001), macrophages (P < 0.001), and neutrophils (P < 0.001). GLS expression was positively
correlated with the number of CD8+ T cells (P < 0.05), macrophages (P < 0.05), and neutrophils (P < 0.001),
as shown in Figure 7D. A similar pattern was also observed in low-grade gliomas (LGGs) [Supplementary
Figure 2].
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Following a correlation analysis of sixty immunological checkpoints, we selected the top five locations for
further investigation. Our research indicates a positive correlation between FDX1 expression and the levels
of TLR4 (r = 0.148, P < 0.001), HMGB1 (r = 0.354, P < 0.001), BIN3A1 (r = 0.405, P < 0.001), TNFSF4 (r =
0.395, P < 0.001), and CD276 (r = 0.610, P < 0.001) in gliomas. The expression levels of HMGBL1 (r = 0.364, P
< 0.001), BTIN3A1 (r = 0.450, P < 0.001), TNFSF4 (r = 0.349, P < 0.001), and CD276 (r = 0.332, P < 0.001)
were positively linked with LIPT1 expression. The expression of HMGB1 (r = 0.265, P < 0.001) and BTN3A1
(r=0.156, P < 0.001) showed a positive correlation with PDHB expression. Figure 8 illustrates a significant
positive correlation between GLS expression and BIN3A1 (r = 0.077, P < 0.05), TNFSF4 (r = 0.084,
P <0.05), and CD276 (r = -0.086, P < 0.05) in GBM.

Differential expression of CRGs in different clinical grades and histological stages of gliomas

As illustrated in Figure 9, expression levels of FDX1 and LIPT1 varied significantly across pathologic stages
and histological grades of GBM. Both genes exhibited an increasing trend with advancing clinical grade,
whereas GLS expression decreased specifically in WHO grade IV tumors. Compared with other histological
grades, GBM displayed higher expression of FDX1 and LIPT1. Although not statistically significant, GLS
expression was lowest in GBM. These findings revealed a potential correlation between the expression of
CRGs and glioma clinical and histological grading.

Screening and validation of diagnostic biomarkers among CRGs in gliomas

WGCNA analysis was performed on GEO datasets to identify genes commonly associated with glioma
diagnosis. To ensure scale-free network topology (scale-free R2 = 0.86), the optimal soft-thresholding power
B was set to 7 [Figure 10A]. Genes with similar expression patterns were grouped into 31 modules with a
minimum module size of 30 genes [Figure 10B]. Among these, the green module (ME = -0.66, P < 0.001)
showed the strongest positive correlation with glioma [Figure 10C]. From this module, 71 candidate genes
were identified as potentially important [Figure 10D]. Integrating WCGNA results with CRGs, we selected a
single gene, GLS, as a diagnostic marker for glioma [Figure 10E]. Validation using TCGA and GTEx data
indicated an AUC of 0.692 for GLS [Figure 10F]. Thus, GLS (AUC = 0.692) may serve as a supplementary
diagnostic biomarker. When combined with factors such as IDH mutation status, CDKN2A/CDKN2B
homozygous deletions, and radiomics"’, a multidisciplinary approach could improve the accuracy of
glioma diagnosis and prognosis.

GLS gene alterations in gliomas and their prognostic implications

Genetic data from multiple glioma patient databases were integrated and analyzed [Figure 11A]. The
mutation frequency of GLS was 0.4% across cases. Using log-rank tests and predictive analyses, we found
that OS was longer in patients without GLS mutations compared to those with mutations, while DFS was
unaffected [Figure 11B and C].

Analysis of GLS expression and immune cell infiltration

Immune cells are critical components of the tumor microenvironment and influence glioma prognosis.
Using TIMER database data, we evaluated correlations between GLS expression and immune infiltration in
gliomas. According to TCGA data, infiltration scores were calculated for six immune cell types: B cells,
CD4+ T cells, CD8+ T cells, neutrophils, macrophages, and dendritic cells. Elevated GLS expression was
linked to increased B cell infiltration. Furthermore, higher GLS levels correlated with increased infiltration
of CD4+ T cells, CDs+ T cells, neutrophils, and dendritic cells.

Kaplan-Meier analysis revealed that GBM patients with high GLS expression and low macrophage
infiltration showed the best OS, as shown by the combined analysis of GLS expression with macrophage and
CD4+ T cell infiltration scores [Figure 12A and B]. In LGG patients, the highest OS was observed in those
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Figure 8. Correlation of CRGs with immune checkpoints in glioma. (A) Correlation between CRGs and immune checkpoint expression;
(B-F) Correlation of FDX1, LIPT1, PDHB and GLS with TLR4, HMGB1, BTN3A1, TNFSF4, and CD276 expression in glioma, respectively.
CRGs: Cuproptosis-related genes; GLS: glutaminase.

with low GLS expression and low infiltration scores of CD4+ T cells, CD8+ T cells, macrophages, or
neutrophils [Figure 12C-F]. Interestingly, in LGG patients, better OS also correlated with low GLS
expression combined with high B cell infiltration [Figure 12G], and with high GLS expression combined
with low dendritic cell infiltration [Figure 12H].

Functional enrichment analysis of GLS-associated genes

To elucidate the biological role of GLS, GO and KEGG pathway analyses were performed. Key biological
processes related to GLS included regulation of ion transport across membranes, synaptic signaling, and
chemical synaptic transmission. Cellular components predominantly involved transporter complexes,
transmembrane transport structures, and ion channel complexes. Molecular functions mainly encompassed
ion channel activity, matrix-specific channel activity, and passive transmembrane transporter protein
activity [Figure 13A-C]. KEGG pathway enrichment linked GLS primarily with neuroactive ligand-receptor
interaction pathways [Figure 13D].
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Figure 9. Expression of CRGs across GBM pathological stages and histologic grades (A) Expression of FDX1, LIPT1, PDHB, and GLS at
different pathological stages; (B) Expression across histologic grades of GBM. *P < 0.05, **P < 0.01, ***P < 0.001, ns: Not significant;
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Reduced GLS expression in glioblastoma tissues

To validate our findings, GLS expression was examined in glioblastoma and normal tissues.
Immunohistochemical data from the HPA database showed decreased GLS protein levels in glioblastoma
tissues compared to normal controls [Figure 14A and B]. Additionally, QqRT-PCR results [Figure 14C]
confirmed reduced GLS expression in tumor tissues, consistent with our bioinformatics analysis.

DISCUSSION

This study explored the expression patterns of ten CRGs in gliomas and investigated their potential
prognostic implications. Additionally, we developed a novel prognostic score specifically related to
cuproptosis. Using WGCNA, we further investigated the underlying mechanisms of CRGs, their association

with immune infiltration, and the potential prognostic significance of GLS as a diagnostic biomarker in
gliomas.

Initially, we assessed the differential expression of the ten CRGs between normal and glioma tissues to
construct a predictive model for gliomas based on CRG expression. Our analysis revealed that only GLS
showed reduced expression in tumor tissues. Consistent with this, GLS was identified as a key gene through
WGCNA. These findings support the involvement of CRGs in GBM. GLS plays a central role in the
tricarboxylic acid cycle, facilitating intracellular energy production and biosynthesis essential for tumor cell
growth and metastasis'**. As the rate-limiting enzyme, GLS mainly catalyzes the hydrolysis of glutamine to
glutamate™). Glutamate functions as a key neurotransmitter and a hallmark metabolite in tumorigenesis,
contributing to synaptic communication®. However, the precise mechanisms of this metabolic
reprogramming by cancer cells to meet the bioenergetic and biosynthetic demands of uncontrolled

proliferation remain unclear'. Targeting tumor metabolism is crucial for effective tumor immunity and
therapy.

The tumor metabolic microenvironment significantly influences cancer progression, metastasis, and
invasion”'. Previous research has shown that the NF-kB signaling pathway regulates GLS expression in
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response to i Brucella abortus, inducing a macrophage phenotype switch from proinflammatory M1 to
anti-inflammatory M2"?.. We propose that elevated GLS expression in GBM patients may promote a similar
transition of macrophages, possibly affecting patient prognosis. Recent research identifies GLS2, a GLS
isoform, as a vital mitochondrial metabolic regulator linking glucose and glutamine metabolism-both
fundamental to cancer cell metabolism". This insight partly explains the tumor-suppressive functions of
GLS2 observed in various contexts, including GBM models"". Immune checkpoint molecules are pivotal in
modulating immune responses and maintaining self-tolerance. Their downregulation has been linked to
improved immunotherapy outcomes by preventing tumor immune evasion””. Our study explored the
interplay between immune checkpoint molecules and CRGs to predict glioma treatment responses. Notably,
most CRGs positively correlated with immune checkpoints, except for GLS, which showed a negative
correlation with CD276 expression (r = -0.086, P < 0.05). This suggests that targeting GLS may enhance
immunotherapy efficacy by reducing immune checkpoint expression.

CD276, a member of the B7 superfamily identified in 2001, inhibits T cell activation and contributes to
immune tolerance™*!. High glutamate levels in the tumor microenvironment have been shown to suppress
T cell function™, while blocking glutamine metabolism can enhance CD8+ T cell antitumor activity””. We
hypothesize that CD276-mediated inhibition of T cell activation is linked to intracellular glutamine
accumulation, consistent with the observed inverse correlation between GLS and CD276 in GBM.
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Concurrently, qPCR data confirmed reduced GLS expression in GBM compared to healthy brain tissue.
These results indicate that high CD276 expression predicts GBM malignancy and highlight its critical role in
disease progression.

Measurement of serum GLS activity or related metabolites such as glutamate may aid in cancer diagnosis
and monitoring treatment efficacy. Designing GLS-targeted radioactive probes could facilitate in vivo
localization of metabolically active tumor regions using imaging modalities such as positron emission
tomography-computed tomography (PET-CT).

This study has limitations. First, the majority of data were derived from public databases such as TCGA and
GEO, which, despite their richness, are subject to biases and heterogeneity due to variations in sample
preparation, composition, platforms, and experimental designs®. Second, while our findings support the
potential of GLS as a glioma biomarker, larger datasets with comprehensive clinical prognostic information
are needed to validate these results robustly. Third, although we identified a possible link between immune
modulation and CRGs in gliomas, further research is required to fully elucidate the complex immune
interactions involved. Comprehensive clinical sample analysis is necessary to understand how CRGs
influence tumor immunity. In conclusion, despite these limitations, our data underscore the importance of
CRGs in glioma biology. Future studies will aim to reduce bias by expanding sample collection, optimizing
stratified sampling strategies, and conducting multicenter collaborative research to increase data diversity
and sample size. Integration of multi-omics approaches, including transcriptomics and proteomics, will
further clarify the molecular mechanisms underlying GLS gene alterations.

CONCLUSIONS

This study provides a comprehensive analysis of the relationship between CRGs and molecular alterations
in gliomas. Our findings highlight the significant role of CRGs in predicting glioma prognosis. The
prognostic risk score derived from CRG expression profiles demonstrated strong predictive power and
correlated with immune infiltration levels and GLS expression in glioma patients. These insights may guide
the development of therapeutic strategies targeting cuproptosis-related pathways for glioma prevention and
treatment. This research advances our understanding of CRGs in glioma and paves the way for novel
therapeutic approaches. Based on these findings, priority should be given to investigating tyrosine
diterpenoid derivatives for inducing glioma cell apoptosis via GLS"", as well as exploring the role of GLS
overexpression in suppressing glioma metabolic activity"'. Future work will concentrate on collaboration
with pharmaceutical companies to develop isomer-selective compounds and small-molecule agonists
targeting GLS.
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