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Abstract
Background: Gastric cancer represents a signi�cant global public health burden worldwide. Although
treatment strategies are continuously improving, the overall prognosis remains poor. Cuproptosis is a
newly discovered form of cell death, and the relationship between cuproptosis in tumor immune
microenvironment (TIME) and prognosis in STAD has hitherto not been reported.

Methods: Stomach adenocarcinoma (STAD) data were downloaded from TCGA and GEO databases.
Bioinformatics analysis was performed to construct a cuproptosis-related risk model and identify cancer
subtypes. The association between TIME and risk score was comprehensively explored.

Results: STAD samples were strati�ed into three subtypes according to prognostic cuproptosis gene
expression. A cuproptosis risk model was constructed and validated based on the expression of 5 genes
(RPL39L, PEG10, SYNPO2, MMP11, and KRT17). The model was signi�cantly associated with the
prognosis of STAD patients and TIME, including immune cell in�ltration, microsatellite instability (MSI)
status, tumor mutational burden (TMB) score, immune checkpoint, and human leukocyte antigen (HLA)
gene expression. A prognostic nomogram based on the cuproptosis risk score was additionally
constructed.

Conclusion: We identi�ed a practical prognostic model based on cuproptosis-related genes in STAD and
comprehensively established the relationship between cuproptosis and tumor immunity. Further research
is warranted on the predictive value of the cuproptosis risk score during immunotherapy in gastric cancer
patients in clinical practice and the molecular mechanisms by which cuproptosis in�uences the TIME.

1 Introduction
Gastric cancer (GC), including gastroesophageal junction (GEJ) adenocarcinoma, is the fourth leading
cause of cancer-related mortality worldwide[1]. Stomach adenocarcinoma (STAD) is well-recognized as
the most common pathological subtype. The majority of GC patients present with distant metastasis at
the initial diagnosis. Treatment options for advanced GC have undergone signi�cant evolution over recent
years, developing from traditional chemotherapy to targeted therapy and immunotherapy, resulting in
improved outcomes[2]. However, GC is a highly heterogeneous malignant tumor, and during clinical
practice, many patients do not bene�t from targeted therapy or immunotherapy[3]. Therefore, selecting
the patient populations that potentially bene�t from these treatments is critical for optimizing survival
outcomes.

Copper is a mineral nutrient involved in cell proliferation and death pathways. It has long been thought
that copper is only an active site metabolic cofactor. Emerging evidence suggests that copper is a
dynamic signal metal and metal allosteric regulator [4]; for instance, copper-dependent
phosphodiesterase 3B (PDE3B), mitogen-activated protein kinase kinase 1 (MEK1), and MEK2 in cell
growth and proliferation and the role of ULK1 and ULK2 in autophagy[5]. It remains unclear how excess
copper induces cell death, warranting further studies. Cuproptosis is a new form of cell death recently
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reported by Peter Tsvetkov et al.[6], distinct from documented death mechanisms, including apoptosis,
pyroptosis, necroptosis, and ferroptosis. Researchers observed that cells highly dependent on
mitochondrial respiration were more sensitive to cuproptosis, indicating a close association with the
tricarboxylic acid (TCA) cycle. Several key genes have been associated with protein lipoylation. FDX1 is
an upstream regulator of protein lipoylation, and FDX1 deletion inhibited DLAT lipoylation downstream.
The present study provides the �rst evidence that copper promotes DLAT oligomerization and leads to
increased levels of insoluble DLAT, leading to protein toxicity and cell death.

This study collected STAD samples from The Cancer Genome Atlas (TCGA) and Gene Expression
Omnibus (GEO) databases for comprehensive analysis of cuproptosis-related gene (CRG) expression,
mutation status, and copy number variations. Based on CRG expression patterns, all samples were
classi�ed into two cuproptosis-associated subtypes. According to differentially expressed gene (DEG)
patterns between the two groups, samples were classi�ed into three different gene subtypes. We
successfully constructed a predictive model and comprehensively evaluated the correlations between
different risk layers and the tumor immune microenvironment (TIME). To our knowledge, this is the �rst
study to assess the relationships between cuproptosis, cancer immunity and prognosis in STAD patients.
Our collective �ndings provide novel insights to aid in developing new strategies for accurate
classi�cation, effective immunotherapy, and innovative targeted therapy of gastric cancer.

2 Materials And Methods

2.1 Data collection
The RNA sequencing data and relevant clinical and follow-up information were obtained from TCGA and
GEO (GSE84433) databases. FPKM values of TCGA-stomach adenocarcinoma (STAD) were converted
and normalized to transcripts per kilobase million (TPM). We combined the two cohorts and excluded
cases with missing follow-up information or unknown survival status. 745 STAD patients were included
in this study for subsequent analysis. Clinical data such as TNM stage, pathological grade, age, gender,
follow-up time, and survival status were collected. 10 cuproptosis genes were selected for analysis in this
study (Table S1) according to a previously published study. 

2.2 Somatic mutations and copy number alteration of CRGs 
Somatic mutation statuses (work�ow type: VarScan2 Variant Aggregation and Masking) and copy
number variation (CNV) data were downloaded from TCGA database. The somatic mutation frequency in
these 10 CRGs was summarized to select high mutation frequency cuproptosis genes. The somatic copy
number alteration of CRGs was also analyzed. The correlation between CNV and mRNA expression and
the location of these CRGs in the chromosomes were also identi�ed. 

2.3 Consensus clustering analysis of CRGs
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The R package "ConsensusClusterPlus" was used for subsequent consensus unsupervised sample
clustering analysis. STAD samples were divided into different subtypes based on CRG expression. To
achieve an optimal subtyping effect, the cumulative distribution function (CDF) curve was increased
gradually and smoothly, and the sample size was relatively balanced among the different subgroups. 

2.4 Correlation of cuproptosis subtypes and
clinicopathological characteristics and prognosis of
STAD
We compared the relationships between molecular subtypes, clinicopathological characteristics, CRG
expression, and prognosis to assess the clinical value of the two cuproptosis subtypes. Clinical factors
included TNM stage, gender, age, and pathological grade. In addition, the differences in OS between the
two subtypes were compared by the Kaplan–Meier curves. 

2.5 Correlations of molecular subtypes with
immune cell infiltrating and immune function
The Estimation of STromal and Immune cells in MAlignant Tumor tissues using Expression data
(ESTIMATE) algorithm was used to evaluate each STAD patient's immune and stromal scores. The
immune cell in�ltration levels in STAD were determined using a single-sample gene set enrichment
analysis (ssGSEA) algorithm. In addition, according to the ssGSEA results, immune function was
simulated and calculated, including antigen-presenting cell inhibition or stimulation, immune checkpoint,
human leukocyte antigen (HLA), T cell co-inhibition or co-stimulation, and type 1 or type 2 IFN-γ response.

 

2.6 DEGs identi�cation and functional analysis
DEGs were selected between the different cuproptosis subgroups using the R package "limma" with a p-
value<0.05 and a fold change of 1.5. Subsequent GSVA analysis was performed to identify the function
and biological processes between different subgroups. GSVA was performed based on the hallmark gene
set (c2.cp.kegg.v7.4.symbols.gmt) downloaded from MSigDB database. Functional enrichment analysis
was also conducted using the R packages of "clusterPro�ler" and "enrichplot" based on the DEGs.

2.7 Cuproptosis-related prognostic risk score
The cuproptosis-related prognostic risk score (CRG_score) was created to quantify the cuproptosis
patterns of each STAD sample. DEGs associated with OS were selected according to univariate Cox
regression. Next, all patients were divided into different cuproptosis gene clusters (A, B, C), followed by
unsupervised clustering according to prognostic DEGs. All STAD (n=745) cases from TCGA and GEO
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cohorts were combined and randomly divided into training (n=373) and validation cohorts (n=372) at a
1:1 ratio. The training cohort was used for subsequent analysis to construct the CRG_score. After
univariate Cox regression analysis, Lasso regression was performed using the R package "glmnet".
Multivariate Cox regression was eventually conducted to identify candidate prognostic cuproptosis
genes. The CRG_score was calculated using the formula: CRG_score = Σ (Exp * coe�). Patients were
further divided into high- and low-risk groups based on the median CRG_score.

Patients in the validation and all other cohorts were also divided into high- and low-risk groups using the
same criteria. The distribution plot revealed a correlation between overall survival status and the
CRG_score. Kaplan–Meier analysis was performed to compare the prognosis of the different risk groups
in overall survival (OS) among the training, validation, and all cohorts. A heatmap was plotted to compare
the differential expression patterns of prognostic CRGs between the two groups.

2.8 Immune landscape, microsatellite instability (MSI)
status, cancer stem cell (CSC) index, tumor mutation
burden (TMB) score, and HLA gene expression between
high- and low-risk groups
The CIBERSORT algorithm was applied to explore the correlations of 22 in�ltrating human immune cell
types and CRG_score. The ESTIMATE algorithm assessed the immune and stromal scores between high-
and low-risk groups. The correlation between the expression of 12 prognostic CRGs and immune cells
were evaluated. We examined the associations between the CRG_score and immune checkpoint gene
expression, MSI status, CSC index, TMB score, and HLA gene expression. A mutation annotation format
(MAF) was performed to compare STAD patients in high- and low-risk groups using the maftools R
package. 

2.9 Drug susceptibility analysis
To explore the application value of CRG_score in clinical drug selection, the R package "pRRophetic" was
used to assess the drug susceptibility in the two risk groups and calculate the semi-inhibitory
concentration (IC50) values for commonly used chemotherapy or targeted therapeutic drugs. 

2.10 Construction and validation of a CRGs related
nomogram
Univariate and multivariate Cox regression analyses were performed to select potential independent
prognostic factors. A prognostic nomogram was constructed by integrating the CRG risk score with
common clinical variables. We additionally generated calibration curves for 1-, 3-, and 5-year OS to
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compare the model prediction performance with actual outcomes. Decision curve analysis (DCA)
analysis was conducted to estimate the predictive value of the nomogram on clinical decision-making. 

2.11 Human Tissues and Quantitative Real Time-
Polymerase Chain Reaction
We obtained 14 cancer and their paired normal tissues from gastric cancer patients who underwent
stomach surgery in the First A�liated Hospital of Zhengzhou University. The study was performed in line
with the principles of the Declaration of Helsinki and approved by the First A�liated Hospital of
Zhengzhou University Research Ethics Committee. Written informed consent was provided by each
patient. Total RNA was extracted by Trizol reagent (Takara, Beijing, China) according to the
manufacturer's protocol. The synthesis of cDNAs corresponding to the mRNAs of interest was conducted
using the PrimeScript RT reagent Kit with gDNA Eraser (Takara) and SYBR Green Premix (Cowin
Biosciences, Jiangsu province, China) with speci�c PCR primers (Sangon Biotech Co., Ltd, Shanghai,
China). The data were normalized to GAPDH. 

2.12 Statistical analysis 
Statistical analysis in this study was performed using R software version 4.1.1. The Student's t-test or
Wilcoxon test was used for the difference between the two groups, and ANOVA was used to compare
more than two groups. Statistical signi�cance was set at a p-value<0.05.

3 Results

3.1 Mutation landscape and copy number alteration of
CRGs in STAD
The �owchart of the whole study is presented in Fig. 1. A total of 10 cuproptosis genes were included in
this study. Mutational analysis showed that cuproptosis genes had a relatively high mutation frequency
in STAD. Among the 433 STAD samples, 56 (12.93%) had cuproptosis gene mutation (Fig. 2a). 8 (80%)
genes had different mutation frequencies and types. The highest mutation frequency gene was CDKN2A
(4%), followed by DLAT (3%), DLD, MTF1, LIPT1 (2%), and GLS, LIAS, PDHB (1%). We did not observe FDX1
and PDHA1 mutations in STAD samples. We searched the Cbioportal database and recorded each gene's
most common mutation sites. The M274V mutation was observed in the second exon of PDHB (Fig. 2b),
while FDX1 harbors the G151D mutation in the fourth exon (Fig. 2c). Fig S1 presents the common
mutation site of other cuproptosis genes.

Next, we assessed the copy number variation (CNV) of the cuproptosis genes and found that they all had
different CNV frequencies. GLS, MTF1, and LIPT1 were associated with an increased CNV, while the CNV
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was decreased for CDKN2A, DLAT, FDX1, PDHB, and DLD (Fig. 2d). 10 cuproptosis genes were located in
the different sites of 23 chromosomes, and it showed that MTF1 was located in the �rst chromosome,
LIPT1 and were located in the second chromosome, and other genes were located in the different
chromosomes, respectively (Fig. 2e). We also explored cuproptosis gene expression differences between
STAD and normal samples. Nine genes were differentially expressed, and all exhibited signi�cantly higher
STAD expression than normal samples. Cuproptosis genes with CNV gain, such as GLS, MTF1, and
LIPT1, were signi�cantly elevated in STAD samples, indicating that CNV might regulate mRNA expression
of cuproptosis genes. In contrast, genes with CNV loss, such as DLD, PDHA1, CDKN2A, DLAT, FDX1, and
PDHB, exhibited upregulated mRNA expression, while other genes with high frequencies of CNV gain or
loss showed no differences between tumor and normal samples, such as LIAS, suggesting that CNV is
not the only factor in�uencing the expression of cuproptosis genes. Indeed, other factors, including non-
coding RNA, DNA methylation, m6A RNA methylation, and transcription factors, could also regulate
cuproptosis gene expression.

3.2 Identi�cation of cuproptosis subtypes in STAD
Univariate Cox regression analysis revealed the prognostic signi�cance of 10 cuproptosis genes in STAD
patients (Table S2). Based on the univariate Cox regression analysis, a prognostic cuproptosis network
was established, which showed the comprehensive landscape, interrelationships between each
cuproptosis gene, and their predictive value in STAD (Fig. 2f). Five cuproptosis genes showed OS-related
signi�cance, including FDX1, LIAS, LIPT1, DLAT, and PDHA1. Kaplan-Meier curves showed that STAD
patients with high expression of the 5 genes had a longer OS than those with a lower expression (Fig. 2g,
2h, S2). Furthermore, most cuproptosis genes were expressed differentially between STAD and normal
samples (Fig. 2i).

According to the expression of CRGs, we divided STAD patients into different clusters using a consensus
clustering algorithm (Fig S3). k = 2 was the appropriate choice for dividing the patients into subtypes A (n 
= 531) and B (n = 245) (Fig. 3a, Table S3). At k = 2, the sample size was relatively balanced between the
two subgroups. PCA analysis showed a signi�cant difference in cuproptosis transcription pro�le between
subtypes A and B (Fig. 3b), while the Kaplan Meier curves showed no difference in OS between subtypes
A and B (p = 0.487; Fig S4). Further analysis revealed relative differences in cuproptosis gene expression
and clinical features between the two subgroups (Fig. 3c).

3.3 Function analysis and TME characteristics in distinct
cuproptosis subtypes
To compare functional differences between the two cuproptosis subgroups, we performed GSVA analysis
and found that subtype B was signi�cantly enriched in steroid biosynthesis and cell cycle-related
pathway, while subtype A was mainly enriched in cell apoptosis and immune-related pathways, including
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NK cell-mediated cytotoxicity, T cell receptor pathway, B cell receptor pathway, leukocyte transendothelial
migration, and chemokine signaling pathway (Fig. 4a, Table S4).

According to the ssGSEA results, we calculated the immune cell in�ltration in each STAD sample and
observed signi�cant differences in the in�ltration of most immune cells between the two cuproptosis
subtypes (Fig. 4b). The in�ltrating levels of B cell, CD8 + T cell, dendritic cell, Macrophages, mast cells,
neutrophils, NK cell, naive T cell (Tfh cell), T helper 1 cell, and T helper 2 cells were signi�cantly higher in
subtype A than subtype B. This result was consistent with the GSVA enrichment analysis. Several kinds
of immune functions such as APC co-stimulation, immune checkpoint function, cytolytic activity,
Chemokines, and Chemokine Receptors (CCR), HLA function, in�ammation-promoting function, T cell
inhibition, T cell stimulation, and type 2 IFN-γ response exhibited higher enrichment levels in subtype A
than in subtype B (Fig. 4c). In addition, we assessed the TME score, including the stromal score, immune
score, and estimate score of the two cuproptosis subtypes using the ESTIMATE package. A higher
stromal or immune score suggested a higher in�ltration and activity of stromal cells and immunity (Fig.
4d). Overall, subtype A was associated with a higher immune and stromal score.

3.4 Cuproptosis gene cluster based on prognostic DEGs
We identi�ed 103 cuproptosis-related DEGs between A and B subtypes using the R package "limma"
(Table S5). Functional analysis was performed based on these DEGs. First, GO analysis revealed that
DEGs were signi�cantly enriched in biological processes associated with the metabolism of intracellular
substances, including metabolism and ole�nic compound metabolic process. They were also enriched in
molecular functions, such as endopeptidase activity (Fig. 5a).

Then, a univariate Cox regression analysis was performed, and 26 prognostic DEGs related to OS for
STAD were identi�ed (p < 0.05, Table S6). A new consensus clustering was conducted to evaluate
potential regulation mechanisms based on these prognostic DEGs; STAD patients were divided into three
cuproptosis gene subtypes, gene subtype_A, gene subtype_B, and gene subtype_C (k = 3, Fig. 5b, S5, Table
S7). Signi�cant differences were observed in six CRG expressions between three gene clusters, including
FDX1, LIAS, LIPT1, DLAT, PDHA1, and CDKN2A (Fig. 5c). Figure 5d shows the relative differences in T, N
classi�cation, age, gender, TNM stage, pathological grade, and cuproptosis cluster between gene
subtypes A, B, and C. The ESTIMATE analysis showed that clusters A, B, and C had signi�cantly different
TME scores, and subtype C had the highest stromal score and a relatively higher immune score (Fig. 5e).
In addition, the Kaplan-Meier curve showed that gene subtype A had the best OS, while subtype_C had the
shortest median OS (p < 0.001, Fig. 5f).

3.5 Construction and validation of the prognostic
cuproptosis risk score
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STAD patients from TCGA and GEO cohorts were combined and randomly divided into training and
validation cohorts at a ratio of 1:1. The training cohort was used for the next analysis. LASSO analysis
was performed for 26 prognostic DEGs, and 9 genes were selected for subsequent multivariate Cox
regression analysis (Fig. 6a, b). Finally, we obtained 5 prognostic CRGs that were high-risk genes,
including RPL39L, PEG10, SYNPO2, MMP11, and KRT17(Table S8). Based on the multivariate Cox
regression analysis results, the CRG risk score was calculated as follows: CRG risk score = (0.1098 *
expression of RPL39L) + (0.1460 * expression of PEG10) + (0.1657* expression of SYNPO2) + (0.1701*
expression of MMP11) +(0.0598* expression of KRT17). Based on the median CRG risk score, all STAD
patients were divided into high- and low-risk groups.

The CRG risk_score was signi�cantly different among the two cuproptosis and three gene clusters (Fig.
6c, d). The CRG score was lowest in gene cluster_A; no signi�cant differences were observed between B
and C (p = 0.89), consistent with the Kaplan-Meier analysis �ndings. The Sankey plot allowed
visualization of the interrelationships among two cuproptosis clusters, three gene clusters, risk_score, and
overall survival status (Fig. 6e). The distribution plot showed that the OS of STAD decreased with
increased CRG risk_score (Fig. 6f, g). The correlation results in the whole-patient and validation set are
presented in Fig S6. Kaplan–Meier curve analysis showed signi�cantly longer OS in the low-risk relative
to the high-risk group (p < 0.001, Fig. 6h). ROC curves indicated that the CRG risk_score had potential
value in predicting OS of STAD patients at 1, 3, and 5 years, with AUC values of 0.645, 0.698, and 0.704,
respectively (Fig. 6i). We obtained similar results in the whole-patient and validation set (Fig S7). In
addition, the majority of cuproptosis-related genes were differentially expressed between the two risk
groups, including LIAS, DLAT, PDHA1, PDHB, CDKN2A, and FDX1 (Fig. 6j). In the training cohort, a
heatmap was generated to establish the relationships of the 5 prognostic marker genes with CRG risk
groups. All 5 genes were highly expressed in the high-risk group (Fig. 6k).

3.6 Validation of the expression of the 5 prognostic
cuproptosis genes in the prognostic model
The expression levels of 5 prognostic genes were measured in 14 pairs of STAD tissues and normal
adjacent tissues by RT-qPCR. As shown in Fig S8, KRT17, MMP11, and RPL39L exhibited signi�cantly
higher expression in STAD tissue than normal tissue. SYNPO2 was lower in the STAD tissue with no
signi�cant difference between the expression of PEG10 in STAD and corresponding normal tissues.
Results of RT-qPCR are presented in Table S9. According to the HPA database, expression levels of KRT17
were higher in STAD than in normal tissues, suggesting this gene may be a risk factor. Moreover, RPL39L
and SYNPO2 exhibited lower expression levels in STAD than in normal tissues, suggesting that these
genes are protective factors. There was no signi�cant difference between the expression of MMP11 and
PEG10 (Fig. 7). The primers used in PCR assays are listed in Table S10.
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3.7 Tumor microenvironment evaluation in the high- and
low-risk groups
The CIBERSORT algorithm results revealed positive associations between the prognostic CRG risk_score
with resting CD4 T memory cells, activated NK cells, resting mast cells, M0 macrophages, and M2
macrophages, and negative correlations with activated memory CD4 T cells, CD8+T cells, follicular helper
T cells, resting NK cells, resting dendritic cells, and M1 macrophages (Fig. 8a, Table S11).

The ESTIMATE algorithm was additionally applied to simulate TIME. The results showed that a high CRG
risk_score was associated with a high stromal score in STAD samples, while the immune score was not
signi�cantly different between high and low-risk groups (Fig. 8b, Table S12).

The relationship between 5 prognostic cuproptosis genes and 22 human immune-related cells was
further examined (Fig. 8c). Most immune cells were signi�cantly positively or negatively regulated by the
5 genes. Importantly, the SYNPO2 gene was positively correlated with resting memory CD4 T cells,
activated NK cells, resting mast cells, M2 macrophages, and memory B cells and negatively with follicular
helper T cells, activated memory CD4 T cells, resting NK cells, M1 macrophages, and resting dendritic
cells, suggesting that SYNPO2 might play a vital role in the regulatory role of cuproptosis in TIME. In
addition, the relationship between CRG prognostic risk_score and immune checkpoints was further
assessed (Fig. 8d). 9 immune checkpoints were differentially expressed in the different cuproptosis risk
groups, including TNFSF4, ICOS, VTCN1, CD44, NRP1, CD160, LGALS9, KIR3DL1, and CD276.

3.8 Correlations of CRG risk_score with MSI, CSC index,
HLA gene expression, and TMB score
Experiments were performed to determine the relationship between the CRG risk_score with
immunotherapeutic biomarkers, such as MSI, CSC index, HLA gene expression, and TMB score. We �rst
analyzed the distribution of somatic mutations between the two cuproptosis risk groups in the TCGA
STAD cohort. Low-risk samples showed relatively higher mutation frequency than the high-risk group
(90.57% vs. 83.67%, Fig. 9a,b). Multiple genes displayed distinct mutation types and frequencies in
gastric cancer cells. For example, the frequency of TTN mutation was 44% in the high-risk group and 49%
in the low-risk group. The top 5 mutated genes in the high- and low-risk groups were TTN, TP53, MUC16,
ARID1A, and LRP1B. Besides, the TMB score was negatively associated with the cuproptosis gene cluster
in this study (Fig S9) and signi�cantly lower in the high-risk group than the low-risk group (Fig. 9c). The
CRG risk_score showed a negative linear correlation with the CSC index (R= -0.57, p < 0.001, Fig. 9d),
indicating that STAD cells with high CRG risk_score have less distinct stem cell properties and a higher
level of cell differentiation. Notably, a low CRG risk_score was signi�cantly correlated with the MSI-H
status. The MSI-H status in the low-risk group was higher than in the high-risk group (20% vs. 12%)(Fig.
9e), and the median risk_score of MSI-H was relatively lower than for MSI-L (p = 0.079) and MSS groups
(p = 0.012; Fig. 9f). We additionally performed a correlation analysis between CRG risk_score and HLA
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gene expression. Our results showed lower expression of HLA-DMA and HLA-F in the high-risk group
relative to the low-risk group (Fig. 9g).

3.9 Drug susceptibility analysis
We performed drug susceptibility analysis to select promising chemotherapy or targeted drugs for high-
and low-risk groups of STAD. Interestingly, patients in the high-risk group had lower IC50 values for
docetaxel, lapatinib, pazopanib, and imatinib, while those in the low-risk group had signi�cantly lower
IC50 values for sorafenib (Fig. 9h-l). These results corroborate the value of the cuproptosis risk score in
predicting drug sensitivity and selection of potential bene�ciaries of speci�c treatment chemotherapy and
targeted therapy drugs among STAD patients.

3.10 Construction and validation of nomogram based on
CRG risk_score
Univariate and multivariate Cox regression analyses were performed, and factors, including age, T, N, M
classi�cation, and the cuproptosis risk score, were independent prognostic factors in this study
(Fig. 10a,b). A nomogram was constructed by incorporating the cuproptosis risk_score and common
clinicopathological factors to predict OS at 1, 3, and 5 years (Fig. 10c). The C-index of the model was
0.746, indicating a relatively good prognostic value of the nomogram. The calibration curves of the
nomogram indicated excellent consistency with the standard curve between predicted and actual 1-,3-,
and 5-year OS rates in STAD patients (Fig. 10d). DCA was conducted to evaluate the predictive value of
the nomogram in clinical decision-making (Fig. 10e). Notably, the nomogram showed better reliability
than the TNM stage.

4 Discussion
Apoptosis is a common pathway of programmed cell death in the body. It is well-established that
traditional chemotherapeutic drugs mainly exert their effects by promoting apoptosis of tumor cells, with
resistance to apoptosis established as the predominant mechanism underlying tumor drug resistance[7].
In recent years, the comprehensive investigation of the pathways of tumor cell apoptosis has led to the
gradual discovery of novel programmed cell death modes, such as pyroptosis, ferroptosis, and
necroptosis. Most importantly, cuproptosis is the latest reported form of programmed cell death.

Metals are an essential part of all life forms required for almost all enzyme functions and are closely
related to almost all basic biological processes. Metals have three main functions: providing structural
support, acting as enzymes cofactor, and mediating electron transport. In addition, researchers found that
metals are closely related to cancer development and tumor immune function[8, 9].
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Ferroptosis is a new type of cell death form discovered in recent years, usually accompanied by a large
amount of iron accumulation and lipid peroxidation[10, 11]. Ferroptosis inducers can directly or indirectly
affect glutathione peroxidase through different pathways, resulting in decreased antioxidant capacity of
cells, accumulation of lipid reactive oxygen species (ROS), and ultimately oxidative death of cells[12].
Similarly, copper can mediate cell death through cytotoxicity induced by increased mitochondria-
dependent energy metabolism and ROS accumulation in a process called cuproptosis. Before the concept
of cuproptosis was established, researchers demonstrated the value of copper in the occurrence and
development of cancer.

Similar to iron, copper is a mineral nutrient increasingly reported to be involved in cell proliferation and
death pathways. Copper's inherent oxidation-reduction (redox) property accounts for its bene�ts and
potential toxicity to cells. Copper is an essential cofactor of enzymes that mediate many essential cell
functions, but dysregulation of intracellular copper storage can cause oxidative stress and cytotoxicity.
An increasing body of evidence suggests that cancer progression is associated with increased
intracellular copper concentration, and tumor cells require more copper than normal cells. Copper is also
involved in cell proliferation, angiogenesis, cancer metastasis, epithelial-mesenchymal transition, and the
formation of the tumor microenvironment [13, 14]. The ATP7A–LOX pathway has been reported to
promote tumor growth and metastasis in breast and lung carcinoma cell lines and mice models by
regulating intracellular copper delivery[15].

New evidence suggests that copper is a dynamic signaling metal and allosteric regulator that regulates
and coordinates biological activity in response to external stimuli. Copper is required for the activity of the
autophagic kinases ULK1 and ULK2 (ULK1/2) through direct copper-ULK1/2 interaction. Genetic loss of
mutations in copper transporters CTR1 or ULK1 mutation disrupts binding of copper reduced ULK1/2-
dependent signaling and the formation of autophagosome complexes and diminishes growth and
survival of lung carcinoma driven by KRASG12D [16]. The RAS/RAF/MEK/ERK (MAPK) signaling cascades
are critical for intercellular and intracellular communication and regulate basic cell functions such as
growth, survival, and differentiation. Copper has been associated with the intracellular level of ERK1/2
phosphorylation in response to proliferative signals in melanoma cell lines. Copper-treated cancer cells
were found to exhibit increased activation levels of receptor tyrosine kinases TRKB, EGFR, and upstream
of MAPK signaling [17, 18]. Importantly, copper metallization promotes protein degradation through
allosteric activation of the E2 binding enzyme UBE2D1-UBE2D4. As a result, many proteins are labeled
and degraded by ubiquitin, especially p53. Thus, an excessive supply of copper in malignant tumor cells
leads to a diminution of p53, which may play a role in tumor cells' inability to undergo programmed cell
death [19].

Mechanisms of cuproptosis �rst illustrated by Tsvetkov et al. suggested that excess intracellular copper
could induce the aggregation of lipoylated dihydrolipoamide S-acetyltransferase (DLAT), which is
associated with the mitochondrial TCA cycle, resulting in proteotoxic stress and leading to a novel form
of cell death [20]. Cuproptosis is distinct from apoptosis because it does not involve either the cleavage
or activation of caspase 3 activity, the hallmark of apoptosis. In addition, after cells were treated with
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elesclomol, a kind of copper ionophore, the killing potential was maintained when the key effectors of
apoptosis, BAX, and BAK1, were knocked out. It was also found that cuproptosis was not abrogated when
cells were treated with inhibitors of necroptosis, ferroptosis, and oxidative stress, suggesting that
cuproptosis is distinct from currently known programmed cell death modes [6, 20].

To the best of our knowledge, there is currently no report on the predictive value of cuproptosis-related
genes in tumor prognosis and tumor immune environment. This study investigated the genetic features
and transcriptional alterations in cuproptosis-related genes in STAD. Based on CRG expression, STAD
samples were divided into two clusters (A and B) and differences in OS were not signi�cant. The
functional enrichment analysis revealed enrichment of several immune activation-related signals in
cluster B, including steroid biosynthesis, NK cell-mediated cytotoxicity, T cell receptor pathway, B cell
receptor pathway, leukocyte transendothelial migration, and chemokine signaling pathway. We further
identi�ed 103 cuproptosis-related DEGs between subtypes A and B, among which 26 were associated
with OS in STAD patients. According to the 26 prognostic DEGs, patients were divided into three
cuproptosis gene clusters (gene subtypes A, B, and C). The gene cluster system was highly associated
with the OS of STAD patients, and most CRGs were differentially expressed among the three gene
clusters. The results collectively support the potential of CRGs as prognostic and immunotherapeutic
biomarkers.

Next, we constructed and validated a useful prognostic model based on the CRG risk_score and patients
were eventually classi�ed into high- and low-risk groups. Patients in the low-risk group had signi�cantly
better OS than those in the high-risk group. We subsequently explored the tumor immune
microenvironment between the high- and low-risk groups. Several human immune cells were correlated
with CRG risk_score, including resting memory CD4 T cells, activated NK cells, resting mast cells, M0
macrophages, M2 macrophages, activated memory CD4 T cells, CD8+T cells, follicular helper T cells,
resting NK cells, resting dendritic cells, and M1 macrophages. Signi�cant differences in the stromal score,
MSI status, TMB score, CSC index, HLA gene expression, and immune checkpoint expression levels were
observed between high- and low-risk groups. Importantly, drug susceptibility analysis may be used in
clinical practice to select potentially effective drugs for STAD based on cuproptosis gene expression. In
the present study, a hitherto undocumented prognostic nomogram based on cuproptosis-related genes in
STAD patients was established, and its predictive ability was validated.

Current treatments for gastric cancer include resection of the tumor via gastroscopy or surgery,
chemotherapy, targeted therapy, and radiotherapy. Despite considerable progress in developing treatment
strategies for gastric cancer, therapeutic outcomes remain unsatisfactory. Immunotherapy is an effective
strategy for various tumor types, including gastric cancer, due to its precise effects on the tumor
microenvironment and persistent response[2, 21]. While immunotherapy offers new hope, many patients
do not bene�t from this mode of treatment, mainly due to tumor heterogeneity and complex tumor
immune microenvironments, which should be a focus of further research[22]. The TIME is widely
acknowledged for its extreme complexity, including surrounding blood vessels, immune cells, �broblasts,
bone marrow-derived in�ammatory cells, various signaling molecules, and an extracellular matrix. The
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tumor microenvironment has been shown to play an essential role in malignant progression, immune
escape, and immunotherapy resistance by altering the ratio of immunosuppressive and cytotoxic
responses in the vicinity of the tumor.

In addition to being an essential nutrient and signal regulator, metal is also involved in regulating immune
responses, including antitumor immunity [23]. Previous studies have also reported the corresponding
value of copper in the tumor immune microenvironment. Florida Voli et al. found a strong correlation
between the major copper in�ux transporter copper transporter 1 (CTR-1) and PD-L1 expression across
many cancers but not in corresponding normal tissues and substantiated that copper supplementation
enhanced PD-L1 expression at mRNA and protein levels in cancer cells via EGFR and STAT signaling
pathways, mediating PD-L1 driven cancer immune evasion in mice models [24]. Overwhelming evidence
substantiates that mast cells participate actively in various other diseases, such as arthritis, cancer, and
bacterial infection, and copper can regulate mast cell maturation by mediating MAPK signaling[25].
However, no report has illustrated the function of cuproptosis in TIME so far. Importantly, this is the �rst
study to assess the correlation between cuproptosis and cancer immunity.

Tumor-associated macrophages (TAMs), the major component of myeloid cells in tumors, exhibit two
major phenotypes: M1 (inhibiting cancer progression) and M2 (promoting cancer progression)
macrophages[26]. TAMs exert both pro-tumor and antitumor effects and may serve as attractive potential
targets for tumor therapy. Zhao et al. reported that TAMs isolated from gastric cancer tissues
predominantly display an M2 phenotype, and gastric cancer-derived mesenchymal stromal cells promote
metastasis and epithelial-mesenchymal transition (EMT) by triggering M2 TAM polarization through the
IL-6/IL-8-JAK2-STAT3 signaling pathway[27]. Moreover, blockage of M2 TAMs could reactivate CD8 + T
cells against immunosuppressive tumors, and the in�ltration levels of M2 TAMs in gastric cancer were
associated with the 5-year survival rate[28, 29]. Herein, we observed increased in�ltration of M2 TAMs in
the high cuproptosis risk_score group, suggesting that cuproptosis may participate in the antitumor
immune response via regulation of macrophages. However, further research is warranted to establish
precise molecular mechanisms.

Immunotherapy has become an indispensable element of gastric cancer treatment. ICIs represent a
critical aspect of immunotherapy, including anti-PD1 and anti-CTLA4 antibodies, which have
continuously improved the survival of gastric cancer patients and progressed from back-line to front-line
status in clinical practice. Several researchers have focused on the selection of effective immunotherapy
biomarkers to date. MSI-H/dMMR is generally recognized as an excellent predictive biomarker in
gastrointestinal tumors. In previous studies, MSI-H accounted for 19.09% of STAD cases in a TCGA
cohort and 5.75% cases in a Chinese cohort, which were higher relative to the proportion of MSI-H in other
solid tumor types[30]. Moreover, the KEYNOTE-061 and KEYNOTE-062 clinical trials reported higher OS,
progression-free survival (PFS), and objective response rate (ORR) with anti-PD1 therapy than
chemotherapy for MSI-H gastric cancer patients[31, 32]. In the present investigation, MSI-H patients
accounted for a higher percentage of the low-risk group than the high-risk group, and the median
risk_score of MSI-H was markedly lower than the MSI-L/MSS groups. The majority of immune checkpoint
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genes were differentially expressed between the high- and low-risk cuproptosis groups, con�rming the
value of exploring cuproptosis in new immunotherapy approaches targeting other checkpoints. The
tumor cell-killing function of immune cells reportedly depends on e�cient antigen presentation by human
leukocyte antigen (HLA) molecules. Accumulating evidence suggests that HLA serves as a useful
predictor of the e�cacy of immunotherapy, and HLA typing before treatment is an informative step for
therapy[33]. In our experiments, HLA-DMA and HLA-F displayed distinct expression patterns among
different cuproptosis risk groups, supporting their potential utility in predicting response to ICB and
designing neoantigen-based therapeutic vaccines in the future. We conclude that a high cuproptosis
risk_score is correlated with low MSI-H percentage, low expression of immune checkpoints, low TMB
score, and effector immune cells in STAD. Indeed, precision therapy relies on accurate typing and a
comprehensive understanding of the underlying mechanisms. Given that cuproptosis is a biological
process with a central role in developing gastric cancer and regulation of TIME, exploration of the e�cacy
of targeted cuproptosis therapy alone or in combination with immunotherapy should be the focus of
future studies.

In conclusion, we identi�ed a practical prognostic model based on cuproptosis-related genes in STAD and
comprehensively analyzed the relationship between cuproptosis and tumor immunity-associated factors.
Our results provide the foothold for exploring novel and innovative targeted and immunotherapy
approaches for STAD. In our future studies, the predictive value of cuproptosis risk_score will be assessed
in immunotherapy for gastric cancer in clinical practice to establish the molecular pathways by which
cuproptosis in�uences the immune microenvironment.
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Figure 1

Flowchart of the present study.
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Figure 2

Genetic and transcriptional analysis of cuproptosis genes in STAD. (a) Mutation frequencies of 10
cuproptosis genes in STAD patients from TCGA. (b.c) Mutational analysis of PDHB and FDX1 according
to the Cbioportal database. (d) Copy number variation of CRGs. (e) Locations of CRGs CNV on 23
chromosomes. (f) Interactions among CRGs in STAD. The line connecting the CRGs represents their
interaction. Blue represents negative and pink represents positive correlations, respectively. (g.h) Kaplan-
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Meier analysis based on the expression of FDX1 and PAHA1. (i) Expression differences of CRGs between
normal and STAD samples.

Figure 3



Page 22/28

Cuproptosis subtypes in STAD. (a) Consensus matrix heatmap identifying 2 clusters (k=2). (b) PCA
analysis showing a signi�cant difference in cuproptosis transcription pro�le. (c) Differences in
clinicopathological factors and CRGs expression between two cuproptosis clusters.

Figure 4

(a) GSVA analysis of the biological pathways between cuproptosis subtypes. (b) Immune cells in�ltrate
between different cuproptosis clusters. (c) Immune functions between different cuproptosis clusters. (d)
Correlation of cuproptosis clusters with immune/stromal scores.
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Figure 5

(a) GO analysis of DEGs between two cuproptosis subtypes. (b) Consensus matrix heatmap identifying 3
clusters (k=3). (c) Differences in CRG expression between three gene clusters. (d) Differences in
clinicopathological factors and CRGs expression between three gene clusters. (e) Correlation of gene
clusters with immune/stromal scores. (f) Survival analysis showing gene clusters were associated with
OS in STAD patients.
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Figure 6

Construction of the cuproptosis gene risk score for STAD patients. (a, b) LASSO regression analysis and
partial likelihood deviance of the prognostic genes. (c, d) CRG risk score distribution in different
cuproptosis and gene clusters. (e) Correlation of cuproptosis subtype, gene subtype, CRG risk score, and
survival outcomes. (f-g) Ranked dot and scatter plot showing the CRG risk score and survival status in the
training cohort. (h) Survival analysis of the OS between the high and low-risk groups. (i) ROC analysis of
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the predictive ability of OS at 1, 3, 5, and 10 years according to the CRG risk score. (j) Cuproptosis genes
differentially expressed between high and low-risk groups. (k) The 5 prognostic CRGs in the model
between high and low-risk groups.

Figure 7

Validation of the protein expression in the cuproptosis risk model on the HPA website.
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Figure 8

Association of TIME with the cuproptosis risk score. (a) Correlation of in�ltrating immune cells with a
CRG risk score. (b) Correlation of CRG risk_score with immune/stromal scores. (c) Correlation of immune
cells with 5 CRGs. (d) Correlation between the CRG risk score and immune checkpoint gene expression.
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Figure 9

Comprehensive analysis of cuproptosis risk score in STAD. (a,b) Somatic mutation features in the high-
and low-risk groups. (c) Correlation of CRG risk_score and TMB. (d) Correlation of CRG risk_score and
CSC index. (e,f) Correlation of CRG risk_score and MSI status. (g) Correlation of CRG risk_score and HLA
gene expression. (h-l) Drug susceptibility analysis of chemotherapy and targeted therapy in high- and low-
risk groups.
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Figure 10

Construction and validation of the nomogram based on the cuproptosis risk score. (a-b) Univariate and
multivariate Cox analysis of prognostic factors. (c) Nomogram predicting the 1-, 3-, and 5-year OS in
STAD patients. (d) Calibration curve for prediction of 1-,3- and 5-year OS in STAD patients. (e) Decision
curve analyses of the nomogram.
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