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A B S T R A C T

Low-grade glioma (LGG) is a common primary tumor in the central nervous system. The function of several types 
of cell death has been proved in tumorigenesis of low-grade glioma (LGG). Cuproptosis, a new form of cell 
death, has been defined in recent years. We put forward the function between cuproptosis and LGG for the first 
time. According to TCGA datasets, we performed a univariate Cox regression analysis and got 5 hub risk genes 
related to the survival of LGG. Then, we constructed a prognostic risk mode by using LASSO method and de
monstrated that risk score is independent prognostic risk factor by using univariate and multivariate Cox re
gression analyses. The above results were verified in CGGA datasets. Next, we compared the immune char
acteristics by using CIBERSORT, ssGSEA and demonstrated that 5 hub genes play an important role in tumor 
immunotherapy. Finally, we performed GO term and KEGG pathway analyses and found 5 hub genes are likely 
to change the biological functions of LGG by regulating the metabolism related components. We believe that our 
results will provide a new strategy for tumor treatment.

Introduction

Glioma can be classified into four grades, according to the WHO 
grading system.1, 2 Low-grade gliomas (LGG), WHO grade II and III 
gliomas, are less aggressive than grade IV glioma.3 The median overall 
survival (OS) times were 78.1 months for LGG.4 LGG has unclear pa
thogenesis and unsatisfied therapeutic effects, and some patients will 
progress to GBM within a few months,5 leading to decreased treatment 
responses and a poor prognosis.

Bob Weinberg and Douglas Hanahan have proposed 14 hallmarks of 
cancer,6, 7 which are the cornerstone of cancer research. Cuproptosis is a 
newly discovered mode of regulated cell death in recent months.8 The 
function of cell death such as apoptosis, necrosis, ferroptosis, autophagy has 
been reported,9–12 but the function of cuproptosis has not been reported.

It is well known that immunotherapy improves the prognosis of 
cancer patients.13, 14 Therefore, it is still important to find and validate 
new targets to predict the clinical outcome and immunotherapy of LGG 
patients. In this research, we found five cuproptosis-related genes as
sociated with prognosis, suggesting a potential new therapy for LGG.

For a long time, metabolism is directly related to oncogenes, so 
tumor metabolism has always been a potential target of cancer ther
apeutic drugs.15 In this research, we performed GO term and KEGG 
pathway analyses and indicated that five cuproptosis-related genes are 
likely to change the biological functions of LGG by regulating the me
tabolism related components. Our results demonstrated that a new field 
may has a significant impact on the survival and immunotherapy re
sponse and tumor metabolism in patients with LGG.

Materials and methods

Data collection

There were 447 LGG patients of TCGA datasets and 413 LGG pa
tients of CGGA datasets were used in this study, including RNA ex
pression and clinical information were downloaded from GLIOVIS 
platform.16

Using UCSCXENASHINY,17 the 1152 normal samples and 523 LGG 
samples were analyzed in TCGA and GTEX, respectively. Ten 
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cuproptosis-related genes identified from the literature8 were preserved 
with complete expression values for further analysis.

LGG subclasses identification

To decrease the dimensions of non-negative matrix factorization 
(NMF) clustering,18 univariate Cox regression analysis was applied to 
determine the genes that had prognostic values. The “Consensus Cluster 
Plus” and “survival” package in R was applied to cluster the LGG 
samples. Finally, five cuproptosis-related genes with significant prog
nostic value (P  <  0.05) were selected for sample clustering.

Survival analysis

Survival analysis was performed to compare the overall survival 
(OS) time between two groups using “survminer” and “survival” 
packages in the R software. Kaplan–Meier method was used to plot the 
survival curve, and log rank as the statistical significance test.

Cox regression analysis

R language loaded with package “survival” was used for Cox re
gression.

Risk scoring model

The prognostic risk features were evaluated using “survival” and 
“glmnet” R package according to the least absolute shrinkage and se
lection operator (LASSO) method.19 Risk scores were calculated using 
the following formula: Risk score= (0.751*FDX1) + (-0.903*LIAS) 
+ (0.449*DLD) + (0.034*DLAT) + (-0.170*CDKN2A).

Heatmap of clinical features

The relation between mRNA expression of genes and clinical fea
tures of LGG was investigated and visualized using “pheatmap” and 
“limma” package in R statistical software.

Analysis of immune response level

Evaluating the tumor microenvironment (TME) of LGG, along with 
stromalScore, immuneScor, ESTIMATEScore, and tumor purity by R 
package “estimate”, we based on ESTIMATE, which is a method that 
decides the fractions of immune and stromal cells according to gene 
expression features in tumor patients.20 CIBERSORT is used to predict 
the level of immune cell infiltration in a mixed cell population.21 This 
method was used to figure out the proportion of 22 immune cells in 
each patient with LGG. A statistically significant difference was in
dicated when p  <  0.05. R language loaded with package “GSVA”22

was used for single-sample gene set enrichment analysis (ssGSEA) 
method. Then we figured out the infiltration of for immune cells based 
on the expression levels in 28 published gene sets.

Enrichment analysis

GO and KEGG enrichment analyses were executed in R language 
with the aid of packages “clusterProfiler”.

Results

Classification of LGG according to cuproptosis-related genes

According to TCGA datasets and a total of 10 cuproptosis-related 
genes,8 we divided LGG samples into 2 different clusters (cluster 1 and 
cluster 2) as shown in the heatmap (Fig. 1A). We showed that LGG in 
cluster 1 have a significant survival advantage (log-rank, P  <  0.001) 

compared with those in cluster 2 (Fig. 1B). We performed a univariate 
Cox regression analysis and got a forest plot of associations between 5 
risk genes and the survival of LGG (Fig. 1C). Five hub cuproptosis-re
lated genes (FDX1, LIAS, DLD, DLAT, CDKN2A) were used for later 
research.

Construction of the prognostic risk model

We observed the expression of five hub genes. The data showed that 
the expression of the 5 genes was significantly different (P  <  0.001) in 
tumor group and normal group, with upregulated expression in the LGG 
(Fig. 2A). Next, we used LASSO to establish a prognostic risk model and 
used the ROC curves to verify the diagnostic values. We observed the 
Kaplan–Meier analyses for high-risk patients and low-risk patients and 
found that high-risk patients have a poor prognosis (P  <  0.05) 
(Fig. 2B). We then looked at AUC values of 0.679, 0.694, and 0.711 for 
the ROC curves at 1, 3, 5 years, respectively (Fig. 2C). Subsequently, the 
survival status and risk scores distributions of LGG were divided into 
low-risk and high-risk groups according to the median risk score 
(Fig. 2D). The above results are verified in CGGA datasets (Fig. 3).

Univariate, multiple cox regression analysis and clinical features

In order to determine that five cuproptosis-related genes were an 
independent prognostic indicator, univariate and multivariate Cox re
gression analyses were performed on LGG. Univariate Cox regression 
analysis showed that the risk score of LGG was related to the OS rate 
(P  <  0.001). Low-risk scores correlated with rich survival (Fig. 4A). 
Multivariate Cox regression analysis showed that risk score is in
dependent prognostic risk factor (P  <  0.05) (Fig. 4B). We then dis
cussed the relationship between five genes and clinical features. Our 
results showed that the five genes were differentially expressed in dif
ferent IDH status, MGMTp methylation status and 1p/19q codeletion 
status (Fig. 4C).

Relationship between the five genes in LGG and immunotherapy

CIBERSORT was used to estimate differences in the infiltration of 22 
immune cell types in the LGG patients (Fig. 3C). Immune checkpoint 
genes had an important role in therapy response.23 We found that 18 
immune checkpoint genes have significant difference (P  <  0.05) in 
two risk groups of patients (Fig. 5A). Besides, TME components were 
estimated in high-risk groups and low-risk groups. We observed that 
StromalScore, ImmuneScore, and EstimateScore are higher in high-risk 
group (Fig. 5B), which demonstrated that five cuproptosis-related genes 
play an important role in TME of LGG.

Furthermore, we divided LGG into two groups according to the 
expression of five cuproptosis-related genes and 22 immune cells. 
CIBERSORT analysis indicated that group 2 have a higher proportion of 
monocytes and M2 cells than group 1 (Fig. 5C). ssGSEA also showed 
that group 2 have a higher expressing of 16 immune cell subtypes 
(Fig. 5D), which indicated that group 2 preferred to have a stronger 
immune infiltration, especially regarding CD8 T cells.

Relationship between the five genes in LGG and tumor metabolism

Various metabolic and immune mechanisms regulated the response 
of tumor cells to metabolites. Recently, it has been reported that tumor 
metabolism has an important relationship with patient survival.15 In 
order to better understand the biological function of 5 genes in LGG, GO 
term and KEGG pathway analyses were performed. GO term analyses 
indicated that the biological processes and molecular functions strongly 
associated with LGG were metabolism related components, such as 
acetyl−CoA biosynthetic process from pyruvate of biological process 
(BP), mitochondrial matrix of cell component (CC), acting on the al
dehyde or oxo group of donors of molecular function (MF) (Fig. 6A). 
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Fig. 1. Identification 5 genes with different prognosis in the LGG related to the cuproptosis set. (A) Heat map of two clusters defined by the 10 cuproptosis -related 
genes expression in the LGG patients of TCGA dataset. (B) Survival analysis of LGG patients in Clusters 1 and 2. (C) Univariate Cox regression analysis. Forest plot of 
associations between 5 risk genes and the survival of LGG.

Fig. 2. Construction of the prognostic risk model. (A) Expression of the 5 genes in normal and LGG tumor patients. (B) Kaplan–Meier analyses for high-risk patients 
and low-risk patients. (C) 1-year, 3-year, 5-year ROC curves showed the predictive efficiency of the risk features. (D) Distribution model of risk score, status of 
patients and survival time. The P values are labeled using asterisks (NS, no significance, *P  <  0.05, **P  <  0.01, ***P  <  0.001).
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KEGG pathway analysis indicated five metabolic related pathways that 
had a significant correlation with LGG expression (Fig. 6B). These 
findings indicated that five cuproptosis-related genes are likely to 
change the biological functions of LGG by regulating the metabolism 
related components.

Discussion

LGG has unclear pathogenesis and unsatisfied therapeutic effects, 
and some patients will progress to GBM within a few months.5 Inter
estingly, cuproptosis is a new form of cell death.8 We believe that it may 
provide a new strategy for tumor treatment. We put forward the cor
relation between cuproptosis and LGG for the first time. Hence, we 
constructed a prognostic risk model aiming to identify and verify new 
genes to predict the prognosis and immunotherapy response of LGG 
patients.

First, according to TCGA datasets and a total of 10 cuproptosis-re
lated genes, we divided 447 LGG samples into 2 different clusters, 
which with significantly different prognoses. Then, we performed a 
univariate Cox regression analysis and got 5 hub risk genes related to 

the survival of LGG. Futhermore, we constructed a prognostic risk mode 
and demonstrated that risk score is an independent prognostic risk 
factor by using univariate and multivariate Cox regression analyses. We 
also demonstrated that IDH status of clinical features is an independent 
prognostic risk factor, which consistent with the results of recent arti
cles.24, 25 Five hub cuproptosis-related genes (FDX1, LIAS, DLD, DLAT, 
CDKN2A) were used for our research.

FDX1 plays an important role in the synthesis of various steroid 
hormones.26 FDX1 promotes a unique copper dependent cell death by 
rescuing elesclomol-induced cell death.27 The prognosis and metabo
lism of FDX1 in lung adenocarcinoma have been reported,28 but its role 
in LGG is not known. LIAS is an iron–sulfur cluster protein and with 
possible connections to human disease states.29 It has been reported 
that LIAS mutation leads to glycine encephalopathy.30 DLAT co
ordinates liver cancer metabolism and autophagy through HGF-MET 
axis.31 Cyclin-dependent kinase inhibitor 2 A (CDKN2A) is a gene lo
cated at chromosome 9 and its homozygous deletion is a sign of poor 
prognosis.32–34

Considering that IDH mutation is a key driver in LGG and our study 
observed differential expression of the 5 cuproptosis-related hub genes 

Fig. 3. The prognostic risk model of CGGA datasets and immune cell subtypes in LGG. (A) Kaplan–Meier analyses for high-risk patients and low-risk patients in CGGA 
datasets. (B) Time ROC curves showed the predictive efficiency of the risk features. Distribution model of risk score, status of patients and survival time. (C) The 
relative proportion of 22 immune cell subtypes in LGG patients. The P values are labeled using asterisks (NS, no significance, *P  <  0.05, **P  <  0.01, 
***P  <  0.001).

Fig. 4. Univariate, multiple Cox regression analysis and group heatmap. (A) Univariate Cox regression analysis of associations between clinical factors and the 
survival of LGG. (B) Multiple Cox regression analysis indicating that clinical features and 5 cuproptosis -related genes signature are an independent predictor of LGG. 
(C) Heat map of two groups defined by the 5 cuproptosis -related genes expression and clinical features. The P values are labeled using asterisks (NS, no significance, 
*P  <  0.05, **P  <  0.01, ***P  <  0.001).
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across different IDH statuses (Fig. 4C), we hypothesize that IDH mu
tation-induced 2-hydroxyglutarate accumulation may perturb in
tracellular redox homeostasis or copper ion availability, thereby mod
ulating the activity of cuproptosis-related genes (e.g., FDX1, LIAS) and 
their downstream metabolic pathways, which in turn affects LGG pro
gression and therapeutic response. This potential interaction could 
provide a rationale for combining IDH inhibitors with copper ion 
modulators to enhance therapeutic efficacy in LGG, strengthening the 
translational relevance of our findings.

To found the reasons for the poor prognosis of patients of LGG, we 
checked the immune checkpoint in the high and low risk group, be
cause immunotherapies based on immune checkpoint genes have 

gradually become a promising treatment for cancers.35 Our results in
dicated that the expression of most immune checkpoint genes was 
elevated in high-risk group. TME is closely related to immune cells, and 
its immunophenotype is closely related to occurrence and progression 
of tumor. We observed that StromalScore, ImmuneScore, and Estima
teScore are higher in high-risk group, which indicated that high-risk 
group has a vibrant tumor immune microenvironment.

Besides, CD8 T cells played a key role on patient prognosis in most 
tumor infiltrating immune cell subtypes.36 We compared the immune 
characteristics of the two groups. ssGSEA showed that group 2 have a higher 
expressing of 16 immune cell subtypes. Therefore, group 2 may has more 
immunological competence and be easier to benefit from immunotherapy.

Fig. 5. Analysis of immune characteristics between two groups. (A) Expression of 23 immune checkpoint genes in two clusters. (B) TME of high-risk patients and 
low-risk patients. (C) Proportion of immune cells between two groups. (D) Expression of immune cells between two groups in ssGSEA. The P values are labeled using 
asterisks (NS, no significance, *P  <  0.05, **P  <  0.01, ***P  <  0.001).

Fig. 6. GO, and KEGG analysis. Functional annotation of genes using GO terms(A) and KEGG pathway(B). “BP” stands for “biological process”, “CC” stands for 
“cellular component”, and “MF” stands for “molecular function”.
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The metabolism of tumor is closely related to the prognosis of pa
tients.15 In recent articles, a large number of new insights on the mo
lecular mechanism of glioma metabolism have emerged.37 In order to 
better understand the biological function of LGG, we performed GO 
term and KEGG pathway analyses. In the GO term analyses, the 5 hub 
genes are significantly enriched in "acetyl-CoA biosynthetic process 
from pyruvate" (biological process), a critical step linking glycolysis to 
the tricarboxylic acid (TCA) cycle. FDX1, DLD, and DLAT, as compo
nents of the pyruvate dehydrogenase complex, directly regulate this 
process. In cellular components, enrichment in "mitochondrial matrix" 
highlights their roles in mitochondrial function (e.g., LIAS in iron-sulfur 
cluster synthesis). For molecular function, "acting on aldehyde/oxo 
groups" relates to lipid metabolism, potentially involving cuproptosis- 
mediated lipoylated protein oxidation.In the KEGG pathway analyses, 
key pathways include "pyruvate metabolism" and "TCA cycle," where 
DLD and DLAT govern pyruvate-to-acetyl-CoA conversion, while FDX1 
modulates mitochondrial metabolism via copper-dependent lipoylated 
protein degradation, collectively regulating energy supply and redox 
homeostasis in LGG.These findings indicated that five cuproptosis-re
lated genes are likely to change the biological functions of LGG by 
regulating the metabolism related components.

Although the above analysis improved our understanding of the 
relationship between five cuproptosis-related genes and immunity, 
mechanism, there are still certain limitations in our study. First, our 
study was a retrospective study. Therefore, a prospective investigation 
should be conducted for the sake of avoid analysis bias related to ret
rospective studies. In addition, we could not demonstrate the direct 
mechanisms of five genes in tumor immunity and metabolism. Our 
future research will focus on unravelling the direct mechanism in 
glioma, including in vivo and in vitro experiments.
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