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Abstract 
Background.   Adult-type diffuse gliomas encompass nearly a quarter of all primary tumors found in the CNS, 
including astrocytoma, oligodendroglioma, and glioblastoma. Histopathological tumor grade and molecular pro-
file distinctly impact patient survival. Despite treatment advancements, patients with recurrent glioma have a 
very poor clinical outcome, warranting improved risk stratification to determine therapeutic interventions. Various 
studies have shown that copper is a notable trace element that is crucial for biological processes and has been 
shown to display pro-tumorigenic functions in cancer, particularly gliomas.
Methods.   Differential gene expression, Cox regression, and least absolute shrinkage and selection operator re-
gression were used to identify 19 copper-homeostasis-related gene signatures using TCGA lower-grade glioma 
and glioblastoma (GBM) cohorts. The GLASS Consortium dataset was used as an independent validation cohort. 
Enrichment analysis revealed the involvement of the signature in various cancer-related pathways and biological 
processes. Using this CHRG signature, a risk score model and a nomogram were developed to predict survival in 
glioma patients.
Results.   Our prognostic CHRG signature stratified patients into high- and low-risk groups, demonstrating robust pre-
dictive performance. High-risk groups showed poorer survival outcomes. The nomogram model integrating CHRG 
signature and clinical features accurately predicted 1-, 3-, and 5-year survival rates in both training and test sets.
Conclusions.   The identified 19-gene CHRG signature holds promise as a prognostic tool, enabling accurate risk 
stratification and survival prediction in glioma patients. Integrating this signature with clinical characteristics en-
hances prognostic accuracy, underscoring its potential clinical utility in optimizing therapeutic strategies and pa-
tient care in glioma management.

Key Points

•	 19-CHRG signature accurately predicts survival in glioma patients.

•	 High-risk patients have significantly worse survival than the low-risk group.

•	 Risk model can guide patient stratification for copper-targeted treatment.

Adult-type diffuse gliomas comprise approximately 24% of all 
primary CNS tumors and encompass several pathologies in-
cluding isocitrate dehydrogenase (IDH)-mutant astrocytoma, 
IDH-mutant and 1p/19q co-deleted oligodendrogliomas and 

IDH-wild type GBM.1,2 Almost 80% of patients with a malig-
nant brain tumor are diagnosed with either of these subtypes. 
Histopathological grade and the molecular profiles of the tu-
mors influence median survival, ranging from 14 months in 
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GBM patients to 199 months in patients with oligoden-
droglial tumors.2 Treatment decisions are based on tumor 
subtype which may include maximal surgical resection 
with chemoradiotherapy or a watch-and-wait approach. 
Survival benefits have not changed despite the standard 
of care treatment, with most tumors inevitably undergoing 
recurrence with a worse prognosis. A better understanding 
of the risk categories is needed to improve therapeutic ap-
proaches, patient survival, and patient quality of life.

Copper is an essential trace element that plays a crit-
ical role in various biological processes, through its utili-
zation as a cofactor for several enzymes (cuproenzymes). 
Examples include cytochrome c oxidase, superoxide 
dismutase, and ceruloplasmin which aid in the facili-
tation of ATP (Adenosine triphosphate) synthesis, pre-
vention of reactive oxygen species formation, and iron 
metabolism respectively. Copper homeostasis is strictly 
regulated in the human body, as excessive copper accu-
mulation is toxic and can result in the generation of reac-
tive oxygen species. Abnormalities in genes responsible 
for regulating copper homeostasis result in the recessive 
disorders Menkes and Wilson’s Disease, characterized by 
copper deficiency and excessive copper accumulation re-
spectively. Elevated serum and tissue copper levels have 
been reported in various cancer types including malignant 
gliomas.3,4 Copper has been associated with a broad spec-
trum of pro-tumorigenic functions including angiogenesis, 
metastasis, and immune evasion,5–7 indicating the reli-
ance of malignant cells on copper for survival. Moreover, 
recent literature has shown how intracellular copper 
levels can modulate immune checkpoint expression such 
as Programmed Death-Ligand 1 (PD-L1).6 Thus, under-
standing whether a copper-homeostasis-related gene sig-
nature can be used as a predictor of survival and as a tool 
to personalize copper-targeting therapeutic approaches for 
glioma is needed.

Recently, copper-related gene signatures have been 
widely studied in various cancer types including gliomas.8–22 
With our knowledge that copper is involved in multifac-
eted levels of tumorigenesis and normal cell biology, the 
low number of genes analyzed put a limitation on existing 
copper gene signatures. It is needed to expand this gene set 
to gain a deeper understanding of the prognostic value of 
copper-homeostasis-related genes (CHRGs).

In this study, we analyzed the expression of 133 CHRGs 
using TCGA GBM and lower-grade glioma (LGG) datasets. 
Of these 19 prognostic CHRGs were used to stratify pa-
tients into high- and low-risk relative to overall survival. 

The ability to tailor interventions based on a patient’s 
molecular profile holds promise for improving treatment 
outcomes. Classification of risk groups along with other 
clinical features typically observed in patients with glioma 
can be used as a prognostic marker and could be used 
to stratify patients for future clinical trials to test copper-
targeting therapies in combination with immunotherapies.

Materials and Methods

Assembly of Copper Homeostasis Related Gene 
Set

Gene sets annotated with the keyword “copper” were 
obtained from Molecular Signatures Database (MSigDB 
v7.5.1) including WP_COPPER_HOMEOSTASIS, HP_
DECREASED_CIRCULATING_COPPER_CONCENTRATION,  
HP_ABNORMAL_CIRCULATING_COPPER_CONCENTRATION,  
GOMF_COPPER_ION_TRANSMEMBRANE_TRANSPORTER_
ACTIVITY, GOMF_COPPER_ION_BINDING, GOMF_COPPER_ 
CHAPERONE_ACTIVITY, GOBP_RESPONSE_TO_COPPER_ION, 
GOBP_DETOXIFICATION_OF_COPPER_ION, GOBP_COPPER_ 
ION_TRANSPORT, GOBP_COPPER_ION_TRANSMEMBRANE_ 
TRANSPORT, GOBP_COPPER_ION_IMPORT, GOBP_ 
COPPER_ION_HOMEOSTASIS, GOBP_CELLULAR_RES
PONSE_TO_COPPER_ION, GOBP_CELLULAR_COPPER_ION_ 
HOMEOSTASIS. The union of all gene sets resulted in 133 
genes being included in the final CHRG set for analysis.

Datasets

Messenger ribonucleic acid (mRNA) expression and 
survival data from the GDC (Genomic Data Commons) 
TCGA GBM (n = 173), GDC TCGA LGG (n = 529), and GTEx 
(Genotype-Tissue Expression) normal brain cortex sam-
ples (n = 105) were downloaded from UCSC Xena.23 Clinical 
annotations were downloaded from the TCGAbiolinks 
package in R. mRNA expression and clinical annota-
tions from the Glioma Longitudinal Analysis (GLASS) 
Consortium were downloaded from Synapse (https://www.
synapse.org/glass).24

Both TCGA and GLASS datasets comply with the 2000 
and 2007 CNS World Health Organization (WHO) classifi-
cation primarily based on histopathological features.25 
These datasets were re-annotated so that samples comply 
with the WHO CNS5 nomenclature (Supplementary Figure 

Importance of the Study

Copper-targeting drugs have undergone clinical trials 
as anti-cancer agents and have shown positive out-
comes in various cancer types such as breast cancer, 
lung cancer, and melanoma. On the contrary, copper-
targeting therapies examined in clinical trials with pa-
tients diagnosed with gliomas have not resulted in a 
positive outcome. We believe this can be attributed 
to the lack of patient stratification to determine which 

patients are molecularly compatible with copper-
targeting treatment. This study identified a 19-CHRG sig-
nature that can be used to determine the survival risk of 
patients and possibly stratify patients who can receive 
copper-targeting drugs. With recent developments in 
the link of copper in immune modulation, we believe this 
19-CHRG signature can also be used to stratify patients 
into appropriate immune-targeted therapies.

https://www.synapse.org/glass
https://www.synapse.org/glass
http://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdae233#supplementary-data
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1). Re-annotation was performed based on molecular 
markers, including IDH mutation status, 1p/19q codeletion 
status, EGFR amplification, and TERT promoter mutation 
status. Grading was reassessed using CDKN2A/B homozy-
gous deletion information.

TCGA GBM and LGG datasets were combined and ran-
domly partitioned into a 70% training and a 30% test set using 
the Base R method. The GLASS dataset was used as an inde-
pendent cohort for validation. Only patients over 18 years old 
and with survival data were included in the analysis.

Identification of Differential Expressed CHRGs

Differentially expressed genes (DEG) between normal 
cortex samples and TCGA glioma samples (training set) 
were analyzed using the “DESeq2,” “EdgeR” and “limma-
voom” packages for R version 4.2.2 (2022-10-31). Further 
feature selection was performed using a threshold cutoff 
of log2 |fold change| > 1 and adjusted P< .05. Venn diagram 
analysis was used to determine the intersection between 
the 3 algorithms used for DEG analysis.

Risk Score Construction and Validation

To determine the prognostic value of the differentially ex-
pressed CHRGs, univariate Cox proportional hazards re-
gression model analysis was performed on the training 
set using “ezcox” (ie, https://github.com/ShixiangWang/
ezcox) package in R. Genes showing statistically significant 
(P < .05) effect on patient survival were selected for further 
analyses.

To minimize the risk of over-fitting, least absolute 
shrinkage and selection operator (LASSO)-Cox regression 
was used to construct a risk score model from “glmnet” 
package.26 We used glmnet with α = 1 (ie, LASSO pen-
alty) and ten-fold cross-validation to tune the L1 regular-
ization parameter λ. Two different datasets were used, 
the “training” dataset (n = 465) was used to train the risk 
score model, while the “test” dataset (n = 205) and GLASS 
dataset (n = 153) were used for validation. The LASSO Cox 
regression model was fitted using the training dataset to 
identify CHRGs which had effects on survival, and the iden-
tified CHRGs were considered as a risk signature.

The risk score model was established as:

S =
n∑

i=1

ei × ci ,

where S is the risk score, n is the number of genes in the 
risk signature, ei is the expression of gene i, ci is the coeffi-
cient of gene i. Risk scores were calculated for each patient 
in both the training and test datasets using the normalized 
expression level of each CHRG and corresponding regres-
sion coefficients produced from the training dataset (see 
formula above). These were then evaluated based on sur-
vival data. The receiver operating characteristic (ROC) 
curve was plotted, and the AUC was computed using the R 
package of “timeROC.”27

Patients were subsequently stratified into low- and high-
risk groups based on a median score determined from the 
training dataset.

Nomogram Development and Evaluation

We developed a nomogram to offer clinicians a quanti-
tative tool for predicting the prognoses of patients diag-
nosed with GBM, astrocytoma, oligodendroglioma, or 
oligoastrocytoma. This nomogram relies on factors such as 
age, gender, and the risk group based on the expression 
of the prognostic CHRG signature. Its purpose is to predict 
the survival rates at 1, 3, and 5 years for these patients.

Initially, we conducted a Univariate Cox analysis to 
identify clinicopathological variables that individu-
ally contributed as prognostic predictors for patient 
overall survival (OS). Subsequently, those variables 
demonstrating significance (P < .05) in their predictive 
capacity were incorporated into a multivariable Cox 
regression analysis. Finally, utilizing the outcomes of 
the multivariable Cox regression analysis, we created 
a nomogram using the “rms” package. The accuracy of 
the model was assessed by analyzing the concordance 
index (C-Index), calibration curves, and ROC analysis to 
ascertain its prognostic value.

Immunohistochemistry (IHC) Validation of 
Prognostic CHRGs

IHC images were retrieved from the Human Protein Atlas 
online database (http://www.proteinatlas.org).28 Details 
and URL access to the images of prognostic CHRG with 
available data are shown in Supplementary Table 1.

Gene Set Enrichment Analysis

Gene set enrichment analysis was performed using Enrichr 
on the 19 prognostic CHRG signature.29 Enrichr was used 
to identify gene set enrichments in Gene Ontology (GO) 
Biological Processes and GO Molecular Function, as well 
as pathway enrichment from the Reactome database.

Dependency Score Analysis

The median mRNA abundance (RNA-sequencing—
Expression Public 23Q4) and median dependency scores 
(24Q2, Chronos) from the DepMap website (https://
depmap.org/portal/), data was provided by the Broad 
Institute Cancer Dependency Map Expression Public 24Q2 
were analyzed. The lower the dependency score, the more 
essential the gene is for cell survival and/or proliferation. 
Positive scores indicate increased growth rate/cell sur-
vival compared to the parental cells when the gene is ge-
netically deleted, whereas negative scores reflect gene 
knockout has a negative impact on cell growth (https://doi.
org/10.25452/figshare.plus.25880521.v1).30

Inference of Immune Cell Proportions

The overall abundance of 22 immune cell types was meas-
ured using the CIBERSORT deconvolution algorithm.31,32 
Briefly, mRNA expression of TCGA GBM and LGG cohorts 
were uploaded to the CIBERSORT website (http://cibersort.
stanford.edu/). Absolute immune fraction scores for each 

http://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdae233#supplementary-data
https://github.com/ShixiangWang/ezcox
https://github.com/ShixiangWang/ezcox
http://www.proteinatlas.org
http://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdae233#supplementary-data
https://depmap.org/portal/
https://depmap.org/portal/
https://doi.org/10.25452/figshare.plus.25880521.v1
https://doi.org/10.25452/figshare.plus.25880521.v1
http://cibersort.stanford.edu/
http://cibersort.stanford.edu/
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patient sample were estimated based on the “LM22” gene 
signature after B-mode batch correction was performed.

T-test was used to determine significant differences be-
tween risk groups in relation to the overall abundance of 
each immune cell type. R package “rstatix” was used for 
the analysis.

Results

Data Characteristics

TCGA LGG and GBM cohorts were combined by ag-
gregating mRNA-seq readings based on unique pa-
tient IDs. This was then split into a training and a test 
set (Supplementary Figure 2). The data distribution be-
tween the training and test sets is comparable after data 
partitioning was performed on the combined cohorts of 
TCGA LGG and TCGA GBM. We note that the distribution 
between clinical variables in the GLASS validation set dif-
fers from that of the TCGA cohort (Supplementary Table 2).

Prognostic CHRGs Identified Through Gene 
Expression and Patient Survival

In total, 50 out of the 133-copper homeostasis-related 
genes were found to be differentially expressed based 
on our analysis using 3 different methods (ie, “DESeq2,” 
“edgeR” and “limma-voom”; Supplementary Figure 3A - 
B). Univariate Cox proportional hazards regression anal-
ysis identified 44 DEG associated with the survival of 
glioma patients with a threshold of P < .05. The LASSO re-
gression algorithm was used to calculate regression coef-
ficients which was used to develop the prognostic CHRG 
signature (Figure 1A-B). A final list of 19 CHRGs were deter-
mined to be significantly associated with patient survival 
and were included in the risk score model (Supplementary 
Table 3).

Functional Associations of Prognostic CHRG 
Signature

To assess the function of the 19 prognostic CHRGs, gene 
set enrichment was performed using Enrichr. 17 out of 
the 19 prognostic CHRGs were found in 67 GO biological 
processes, 10 GO molecular functions, and 12 Reactome 
(2022) pathways (Supplementary Table 4). Figure 1C shows 
the top enrichments in gene sets and pathways involved 
in cancer. Genes in the prognostic CHRG signature can be 
found in processes involved in copper, zinc, and iron re-
sponses, lipid formation and remodeling, collagen/fiber 
formation and organization, vasculature development, im-
mune cell regulation, cell cycle, epithelial to mesenchymal 
transition and extracellular matrix organization.

To further strengthen the functionality of the CHRG sig-
nature, we have analyzed and compared the median mRNA 
abundance and median dependency scores in 55 glioma 
cell lines (Figure 1D, Supplementary Table 5). Genes with 
lower dependency scores have higher essentiality in cell 
survival or proliferation, such as CDK1, MT1X, and MT1G. 

Whereas, genes such as ALB, LOXL3, and AQP1 when 
knocked out result in a slightly more proliferative state in 
glioma cell lines compared to nonmalignant cell lines.

Validation of Prognostic CHRG Convey Significant 
Correlation to Survival

To provide additional context for protein-level expres-
sion of the prognostic genes, we examined IHC data 
available through the Human Protein Atlas (Figure 2A, 
Supplementary Figure 4, and Supplementary Table 1).28 It 
is important to note that these IHC data are derived from in-
dependent samples and cannot be directly correlated with 
the mRNA-based risk score model. While this provides val-
uable biological context, the relationship between mRNA 
and protein levels is complex and often nonlinear. Future 
studies will be needed to establish direct correlations be-
tween transcript and protein levels in matched samples.

To determine whether the risk score model can be used 
to predict patient survival, risk scores were calculated 
based on the expression of the prognostic CHRG signa-
ture identified and regression coefficients (Supplementary 
Table 3) determined through the LASSO regression anal-
ysis. Patients in the training and test sets were grouped 
into high-risk and low-risk groups based on the median 
risk score determined from the training set (−0.5888). 
Figure 2B—D shows the distribution of high- and low-risk 
groups in relation to IDH mutation status and the expres-
sion of the prognostic CHRG signature in both the training 
and test sets.

Patients stratified to the high-risk group significantly cor-
related to poorer survival compared to the low-risk group 
(P < .0001) in all datasets (Figure 2E—G). The AUC of the 
ROC curve was analyzed to assess the predictive perfor-
mance of the prognostic CHRG signature. The AUC of the 
1-, 3- and 5-year OS were all above 0.8 in both the training 
and test sets which shows that the CHRG signature has a 
strong discriminative ability in predicting survival across 
these glioma datasets (Figure 2H—J). However, note the 
moderate discriminative ability of the CHRG signature 
(AUC = 0.63) in predicting 1-year survival in the inde-
pendent validation cohort. This could be attributed to the 
low number of patient IDs with a survival time of 1-year or 
less. The c-indices calculated were at 0.825 (training set), 
0.839 (TCGA test set), and 0.677 (GLASS set). Furthermore, 
an examination of the Schoenfeld residuals showed that 
the proportionality assumption of the Cox PH model was 
satisfied (Supplementary Figure 5).

CHRG Signature-Based Nomogram Model Can 
Accurately Predict Survival in Glioma Patients

Risk score group, age group, and tumor grade were 
identified to be significantly associated with survival in 
a univariate and multivariable Cox regression analysis 
(Supplementary Table 6). The risk score along with the 
specified clinical characteristics were used to develop 
a nomogram model (Figure 3A). The calibration curves 
show near-accurate survival prediction of the nomogram 
model based on the CHRG signature risk scores in both 

http://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdae233#supplementary-data
http://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdae233#supplementary-data
http://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdae233#supplementary-data
http://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdae233#supplementary-data
http://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdae233#supplementary-data
http://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdae233#supplementary-data
http://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdae233#supplementary-data
http://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdae233#supplementary-data
http://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdae233#supplementary-data
http://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdae233#supplementary-data
http://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdae233#supplementary-data
http://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdae233#supplementary-data
http://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdae233#supplementary-data
http://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdae233#supplementary-data
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Figure 1.  Identification of copper homeostasis-related prognostic genes. (A) 10-fold cross-validation performed to identify robust prognostic 
genes through the least absolute shrinkage and selection operator (LASSO) regression model. (B) Regression coefficient profiles derived using 
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the training and the test sets (Figure 3B). The AUCs (over 
0.8) in both the training and test sets confirm the strong 
accuracy of this nomogram based on our prognostic CHRG 
signature in predicting 1-, 3- and 5-year survival in glioma 
patients. However, like the analysis presented above, the 
ability of the nomogram model to predict 1-year survival 
in the GLASS dataset is reduced to moderate accuracy 
(Figure 3C).

CHRG Signature-Based Nomogram Model 
Accurately Predicts Survival in Glioma Patients 
Regardless of IDH Gene Mutation Status

We further determined whether the nomogram model can 
be applied to patient cohorts grouped based on adult-type 
diffuse glioma WHO CNS5 classification. Both the TCGA 
and GLASS sample datasets were stratified between glio-
blastoma, IDH-wild type, astrocytoma, IDH-mutant or oligo-
dendroglioma, IDH-mutant, 1p/19q codeleted (Figure  4). 
For brevity, these tumor groups will be addressed as glio-
blastoma, astrocytoma, and oligodendroglioma from this 
point forward. This was performed to establish if the nom-
ogram model can be used to account for the most recent 
change in the WHO classification of CNS tumors where 
molecular characteristics such as IDH mutation and 1p/19q 
codeletion are used to classify and differentiate high-grade 
glioblastoma, and lower-grade oligodendroglioma and 
astrocytomas.1

An inverse pattern of mRNA expression was observed 
between high-risk and low-risk groups within and across 
each WHO CNS5 classification (Figure 4A). Genes such as 
ALB, LCAT, MT-CO2, SNCG, MT1X, and XIAP are highly 
expressed in both astrocytoma and oligodendroglioma. 
Conversely, CDK1, LOX, LOXL2, LOXL3, XAF1, AOC1, 
AQP1, MOXD1, and STEAP3 show high expression in gli-
oblastoma. High expression of MT1G and MT1M was ob-
served in oligodendroglioma and glioblastoma, while 
HEPHL1 and IL1A were highly expressed in astrocytoma 
and glioblastoma (Supplementary Figure 6). As observed 
in the training and test sets, risk score grouping shows that 
high-risk groups had poorer survival than low-risk groups 
(P < .05) in the different tumor classification groups (Figure 
4B–D). The AUC of the ROC curve was further evaluated 
within each tumor classification group. The AUCs depict 
a moderate to strong predictive ability of the nomogram 
model within the tumor classification groups (Figure 
4E–G).

Clinical, Histological, and Molecular Landscape of 
Patients Within Risk Groups

To understand the distribution of clinical characteris-
tics within each risk group, a stratified analysis was per-
formed (Supplementary Figure 7). Amongst all clinical 

characteristics, gender is almost equally distributed within 
risk groups. More patients over the age of 39 years were 
observed in the high-risk group while age groups were 
equally distributed in the low-risk group. Patients diag-
nosed with glioblastoma are majorly observed within 
the high-risk group. IDH-mutant astrocytoma and 
oligodendrogliomas were more frequently observed in the 
low-risk group with some proportions found in the high-
risk group. Methylated and unmethylated MGMT is almost 
evenly distributed in the high-risk group with more methyl-
ated MGMT samples observed in the low-risk group.

Risk Score Grouping Confers With Expected 
Immune Cell Estimates and mRNA Expression of 
Immune Checkpoints in Glioma

To investigate whether the CHRG signature can be used 
to predict patient stratification into immune-related ther-
apies, risk score grouping was analyzed to determine 
correlations with immune cell estimates and expression 
of immune cell markers. Intracellular copper levels have 
been shown to modulate immune checkpoint expres-
sion such as PD-L1.6 This coincides with the enrichment 
observed in the CHRG signature. Based on this we fur-
ther investigated the correlation of risk scores to immune 
cell populations observed within these patient samples. 
Firstly, the absolute immune cell proportions were esti-
mated using the CIBERSORT deconvolution algorithm.31,32 
Following this, a correlation matrix was performed where 
it was observed that patient risk scores have an overall 
moderately positive correlation with the expression of 
macrophage M0 (0.57, P < .001), M1 (0.45, P < .001) and 
M2 (0.55, P < .001) signatures (Figure 5A—C). Further ex-
amination of the association between risk score grouping 
and these immune cell populations shows a statistically 
significant difference between low- and high-risk groups 
(Figure 5D). This is in line with current literature indicating 
that glioma-associated macrophages are linked to poorer 
survival due to their intrinsic properties that promote 
tumor growth.33

Moreover, the expression of all immune checkpoints 
was significantly higher in the high-risk group than in the 
low-risk group (Figure 6A). Further investigation shows 
moderate to strong correlations between the cluster of 
differentiation 274 (CD274 a.k.a. PD-L1), Programmed 
cell death protein 1 (PDCD1 a.k.a. PD1), Hepatitis A Virus 
Cellular Receptor 2 (HAVCR2 a.k.a. TIM3), Inducible T-Cell 
Costimulator (ICOS), Inducible T-Cell Costimulator Ligand 
(ICOSLG), and GATA Binding Protein 3 (GATA3), and var-
ious genes within the CHRG signature (Figure 6B—D). This 
again coincides with existing evidence that higher expres-
sion of the aforementioned immune checkpoints is linked 
to poorer survival. This indicates the potential use of this 
risk score model as a determinant for immune-targeted 
therapies.

the LASSO regression model. (C) Gene set enrichments detected in GO Biological process, GO molecular function and Reactome in order of the 
adjusted P-values. (D) Scatter plot comparing median RNA expression (RNA-sequencing—Expression Public 23Q4) in all diffuse brain cancer cell 
lines to RNA expression in immortalized neuronal nonmalignant lines, with dependencies (24Q2, Chronos). The data was provided by the Broad 
Institute Cancer Dependency Map Expression Public 24Q2 (https://depmap.org/portal/).

http://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdae233#supplementary-data
http://academic.oup.com/noa/article-lookup/doi/10.1093/noajnl/vdae233#supplementary-data
https://depmap.org/portal/
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Figure 2.  Identification of copper metabolism-related prognostic signature for OS of high- and lower-grade glioma. (A) Representative IHC im-
ages from the Human Protein Atlas showing protein expression patterns of key genes from the signature in glioma tissues. These images are from 
an independent dataset and serve to illustrate protein presence in glioma tissue, but do not directly correspond to the mRNA-based risk stratifi-
cation model. Image credit: Human Protein Atlas (www.proteinatlas.org).28 Images available at the following URL: v23.proteinatlas.org/humancell. 
Risk score modeling performed on training set and test sets derived from the TCGA glioma (B, E, H) training and (C, F, I) test. Validation of the risk 
score model using an independent cohort from the (D, G, J) GLASS consortium. (B—D) Gene expression distribution across risk score groups 

www.proteinatlas.org
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Figure 3.  Construction and validation of a prognostic nomogram model using risk score stratification based on copper metabolism related 
genes. (A) Nomogram model constructed to determine probability of survival in 1, 3 and 5 years for adult-type diffuse glioma patients. (B) 
Calibration curves of the nomogram model to determine the validity of the model in predicting survival in both the training and test sets. The 
plot shows nomogram-predicted probability of survival (x-axis) against the actual overall survival (y-axis) observed for 1, 3 and 5 years. (C) ROC 
curves to validate the prognostic ability of the nomogram model to determine probability of 1-, 3- and 5-year overall survival in glioma patients.

annotated with overall survival and IDH1 mutation status. (E–G) Kaplan–meier plots showing significant survival difference between high and 
low risk groups. (H–J) ROC curves showing the diagnostic ability of predicting survival in a glioma cohort using the identified prognostic copper-
homeostasis-related gene.
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Figure 4.  Patient survival classified based on WHO CNS5 tumor classification correlate to prognostic risk model. (A) Gene expression distribu-
tion across clinical annotations and risk groups. (B—D) Kaplan–meier plots showing significant survival difference between high and low risk 
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Figure 5.  Risk score and signature correlations with immune cell proportions. Correlation matrix between 22 immune cell types and patient risk 
scores in (A) GBM, IDH-wild type, (B) Astrocytoma, IDH-mutant, (C) Oligodendroglioma, IDH-mutant, 1p/19q codeleted. (D) Boxplots showing dif-
ferences in immune cell proportions of macrophage phenotypes between high and low-risk groups. Legends: (A—C) Size of circles correspond to 
R coefficient values. Blank boxes do not satisfy statistical significance (P < .05). (D) High-risk group are represented by the red (first) boxplot. Low 
risk group are represented by the blue (second) boxplot.
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Discussion

Gliomas are a heterogeneous and highly invasive group 
of tumors originating from glial cells in the brain. Gliomas 
occurring in adults (mean age 41 years old) are currently 
classified as astrocytoma IDH-mutant, oligodendroglioma 
IDH-mutant and 1p/19q codeleted, and glioblastoma IDH 
wild-type.1,34 Survival between tumor subtypes can widely 

vary from having a 14-month median survival in GBM to an 
average survival of 7 years in lower-grade gliomas (LrGG; 
ie, Grade 2/3 astrocytomas and oligodendrogliomas). 
Despite survival times being longer in LrGGs, most if not 
all will progress into a high-grade glioma with a much 
worse prognosis.

Imbalances in copper levels have been linked to the 
pathogenesis and progression of diverse diseases, in-
cluding cancer. This association is supported by research 
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Figure 6.  Risk score and signature correlations with immune checkpoint mRNA expressions. (A) mRNA expression [log2(FPKM + 1)] of different 
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checkpoints (y-axis) and CHRG signature (x-axis) in (B) GBM, IDH-wild type, (C) Astrocytoma, IDH-mutant, (D) Oligodendroglioma, IDH-mutant, 
1p/19q codeleted. Legends: (A—C) Size of circles correspond to R coefficient values. Blank boxes do not satisfy statistical significance (P < .05). 
(D) High-risk group are represented by the red (first) boxplot. Low risk group are represented by the blue (second) boxplot.
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revealing notably elevated copper concentrations in can-
cerous tissues, including gliomas, in contrast to healthy 
cellular environments.4 Efforts to regulate copper levels, 
particularly in glioblastoma, have been explored; however, 
these endeavors have not yielded enhanced patient sur-
vival rates.35,36 This lack of positive outcomes might be at-
tributed to the absence of patient stratification for tailored 
treatments, resulting in a uniform therapeutic approach 
that overlooks individual variabilities.

While our team leads clinical trials evaluating copper 
chelation in breast cancer (NCT00195091), lung cancer, 
and neuroblastoma, this study focuses on establishing a 
prognostic gene signature for glioma patient stratification 
based on survival outcomes. Although these findings may 
inform future studies of copper modulation treatments, the 
predictive value of this signature for treatment response 
would require additional preclinical and clinical validation.

A review of the literature identified 12 studies devel-
oping copper-related gene signatures for glioma risk 
models.10,13–22,37 This study advances the field through 
key innovations: (1) an unbiased approach incorporating 
133 copper-related genes from MSigDB, (2) WHO-CNS5 
reannotation of TCGA data to correct tumor classification 
and grading, and (3) integration of 3 differential expres-
sion analysis methods. These methodological refinements 
yielded improved predictive performance, demonstrated 
by superior ROC curve analysis, establishing a more reli-
able prognostic framework for glioma patients.

This study has developed a predictive model utilizing a 
19-CHRG risk signature along with age, tumor grade, and 
IDH mutation status to accurately predict survival. Genes 
in the CHRG signature are mostly involved in processes 
in copper, zinc, and iron responses, lipid formation and 
remodeling, collagen/fiber formation and organization, 
vasculature development, immune cell regulation, cell 
cycle, epithelial to mesenchymal transition and extracel-
lular matrix organization. Of the 19 CHRGs in the risk sig-
nature, the following are highly enriched and are notable 
in their link to copper within various biological processes 
in the body. LOX, LOXL2, and LOXL3 are copper-dependent 
amine oxidases that promote crosslinking of elastin and 
collagen within the extracellular matrix. MTIG, MTIM, 
and MT1X are metallothionines directly involved in intra-
cellular copper binding.38 XIAP is a caspase inhibitor that 
directly binds intracellular copper.39 LCAT and ALB, both in-
volved in HDL remodeling, rely on copper, with LCAT’s en-
zymatic activity being copper-dependent and ALB binding 
copper in the bloodstream.40,41 CDK1/cyclin B kinase is sig-
nificantly inhibited by oxindolimine-copper(II) complexes, 
with copper enhancing activity by providing stronger 
interactions with the ATP-binding site and inducing a more 
rigid conformation compared to the free ligand.42 AOC1 
encodes for a copper-containing enzyme that deaminates 
putrescine, high levels of this enzyme are seen in highly 
malignant cancerous processes.43,44 AQP1 encodes for a 
widely expressed water channel regulated by copper.5,45 
IL1A is a pro-angiogenic peptide and pro-inflammatory 
cytokine that gets released in a copper-dependent 
manner.46,47 STEAP3 is a cupric reductase that promotes 
cancer cell proliferation through increased intracellular 
uptake.48 MOXD1 is a copper-dependent monooxygenase 
that is highly expressed and found to promote cell viability, 

proliferation, migration, invasion, and tumorigenesis of 
GBM cells.49 XAF1 is a tumor suppressor gene that antag-
onizes MT2A protein expression, a known copper-binding 
protein.50 Therefore, high XAF1 expression may be correl-
ated to increased free intracellular copper due to the deac-
tivation of MT2A.

The risk score model identifies patients over the age of 39 
as high-risk in line with literature that shows older patients 
have higher levels of copper.51,52 Majority of the samples 
with glioblastoma were stratified as high-risk which again 
corroborates existing literature showing that higher copper 
levels are observed in more malignant brain tumors.4

To understand the clinical validity of our predictive 
model, we analyzed correlations between the CHRG signa-
ture and mRNA expression of various immune phenotypes 
and immune checkpoints from the same patient cohort. 
Risk scores showed a significant positive correlation to dif-
ferent macrophage subtypes and a negative correlation to 
naïve CD4 T-cell which confers to already published liter-
ature. It is worth noting that our predictive model, based 
on CHRG expression, stratifies patients with dysregulated 
immune checkpoints (ie, CD274 (PD-L1), PDCD1 (PD-1), 
HAVCR2 (TIM3), ICOS, ICOSLG, and GATA3). This is in 
line with recent literature where a high correlation was 
observed between the expression of some checkpoints, 
such as PD-L1, and intratumoral copper levels.6 This 
strengthens the use of our CHRG signature as a biomarker 
to predict which patients have the likelihood to respond to 
immunotherapies.

This study paves the way for future investigations on 
the interplay of copper-related genes in adult gliomas. 
This will in turn allow for a better understanding of the re-
lationship between copper homeostasis and the immune 
system which could underpin novel combination therapies 
with copper-targeting drugs and immunotherapies in the 
future. It also suggests exploring similar aspects of pedi-
atric low- and high-grade gliomas and correlate with their 
molecular subsets, which could potentially establish novel 
approaches to risk stratification, biomarkers of disease or 
treatment response, and personalized therapies.

Supplementary Material

Supplementary material is available online at Neuro-
Oncology Advances (https://academic.oup.com/noa).
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Lay Summary 

Diffuse gliomas are a common type of brain tumor that is hard 
to treat. Some patients live for a short time, while others survive 
longer. The authors of this study wanted to find out whether the 
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body’s ability to manage copper, an important mineral that has 
been found to influence cancer growth, affected how long pa-
tients with gliomas lived. To do this, they looked at genetic data 
from patients with these tumors. Their results showed that 19 
copper-related genes were linked to tumor growth and survival, 
with higher levels of these genes linked to shorter survival times.
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