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Purpose: Cuproptosis is a newly identified form of programmed cell death. We aimed to comprehensively discuss the correlation of 
cuproptosis with gastric cancer (GC) using bioinformatic methods.
Patients and Methods: This study selected GC bulk and single-cell RNA sequencing profiles from public databases. Based on the 
enrichment pattern of cuproptosis-related gene sets (CRGSs), GC patients were classified into different cuproptosis subtypes. A series 
of systematic analyses was performed to investigate the correlation of cuproptosis subtype with biological function and immune cell 
infiltration. In addition, we established a CRGS risk score signature to quantify GC patients’ risk level, and analyzed the signature’s 
relationship with clinical features, tumor microenvironment (TME) and treatment responses. Genes used for the construction of the 
risk score model were also detected in GC tumor and normal tissues by real-time quantitative polymerase chain reaction (RT-qPCR).
Results: First, analysis of scRNA-seq data revealed the alterations in CRGS enrichment scores for patients with GC and precancerous 
diseases. Then, based on large GC patient cohorts, two cuproptosis subtypes with significant differences in survival, biological 
function and TME were identified. Furthermore, we established a CRGS risk score signature. High-risk patients on the CRGS risk 
score signature with worse overall survival were characterized by higher immune and stromal contents in the TME, more advanced 
clinicopathological features, and better sensitivity to a wider range of anti-tumor drugs. Low-risk patients were correlated with higher 
tumor purity, and demonstrated more favorable clinical outcomes and higher sensitivity to immunotherapy.
Conclusion: The current work elucidated that cuproptosis plays an important role in the regulation of TME landscapes in GC. Two 
cuproptosis subtypes with distinct TME characteristics were identified. In addition, the establishment of a CRGS risk score signature 
could provide novel insights into accurate prediction and personalized treatment for GC patients.
Keywords: gastric cancer, cuproptosis, single-cell RNA sequencing, molecular subtype, prognostic model, tumor microenvironment

Introduction
Gastric cancer (GC) is one of the most common malignancies in the digestive system, with high incidence and mortality 
rates. According to recent statistics, GC was ranked as the fourth leading cause of cancer-related death worldwide, with 
over 1,000,000 new cases and 700,000 deaths occurring in 2020.1 Although steady progress has been made in 
comprehensive management for cancer patients, the prognosis for GC patients remains dismal. Therefore, there is an 
urgent need to investigate novel treatment strategies for GC patients.

Resistance to cell death is a capability that normal cells acquire during malignant transformation, and is regarded as 
one of the hallmarks of cancer.2 Apoptosis was the first mode of programmed cell death (PCD) or cell suicide to be 
identified in animals.3 Since its discovery in 1972, efforts have been made to develop anti-cancer treatment strategies 
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targeting apoptosis. The most well-known achievements are navitoclax4,5 and venetoclax,6,7 for the treatment of 
hematological malignancies. In addition to apoptosis, other PCD modes, including autophagy, ferroptosis, pyroptosis 
and necroptosis, were identified successively, highlighting the potential for non-apoptotic PCD forms to become novel 
anti-cancer targets.8

An article published in Science in 2022 presented the discovery of a novel non-apoptotic PCD mode induced by 
abberant intracellular copper accumulation, named “cuproptosis”.9 Mechanistically, FDX1 is identified as the key 
initiator of cuproptosis, which promotes the reduction of copper ion from Cu2+ to the more toxic Cu+. The aberrant 
Cu+ overload triggers two mitochondrial proteotoxic stress pathways: the oligomerization of lipoylated proteins and the 
destabilization of Fe-S cluster proteins. In addition to the copper overload, it is worth noting that mitochondrial 
respiration also plays a non-negligible role in cuproptosis, and the cell death could be attenuated by electron transport 
chain inhibitors.

A current hotspot of cancer research is to analyze patients at the genetic and epigenetic levels and to shed light on the 
potential molecular mechanisms behind the pathogenesis of malignancies. Well-established molecular subtyping systems 
for GC include The Cancer Genome Atlas (TCGA) classification, the Asian Cancer Research Group (ACRG) classifica-
tion and Lei’s classification.10–12 Our previous studies also corroborated that GC patients could be classified into different 
clusters based on the expression pattern of pyroptosis-related genes and enrichment level of stem-cell related gene 
sets.13,14 Both of these subtyping approaches showed high accuracy in predicting the prognosis of GC patients and 
a strong correlation with the tumor microenvironment (TME).

In the present study, we used six cuproptosis-related gene sets (CRGSs) to reflect cuproptosis activity. The analysis of 
scRNA-seq data revealed that patients with intestinal metaplasia (IM) and early gastric cancer (EGC) demonstrated 
generally higher CRGS enrichment scores than patients with non-atrophic gastritis (NAG) and chronic atrophic gastritis 
(CAG). Then, analysis of bulk RNA-seq data identified two distinct cuproptosis subtypes: cuproptosis activity – high 
(CA-H) and cuproptosis activity – low (CA-L). Systemic analyses on survival, biological function, immune cell 
infiltration and TME were conducted to illustrate the significance of the subtyping system. Moreover, a CRGS risk 
score signature was established for the quantification of risk level in GC patients. The CRGS risk score signature was 
proved to be intimately associated with clinicopathological factors, as well as sensitivity to chemotherapy and immu-
notherapy responses. Finally, a nomogram was constructed to enhance the clinical utility of the CRGS risk score model.

Materials and Methods
Data Acquisition
The workflow of the total study is depicted in Figure S1. The single-cell expression dataset GSE13452015 was down-
loaded from the Gene Expression Omnibus (GEO) database. Bulk RNA-seq profiles and clinical information of five large 
GC cohorts (TCGA-STAD, GSE62254 for ACRG typing, GSE15459 and GSE34942 for Lei typing, and GSE84437) 
were retrieved from TCGA and GEO databases. The baseline information for GC patients from these five cohorts is listed 
in Table S1. After excluding patients with a follow-up time less than 30 days, a total of 1274 patients were selected for 
further analysis. The fragments per kilobase million (FPKM) values of TCGA RNA-seq data were converted into 
transcripts per kilobase million (TPM) values, which were believed to resemble the microarray data values in GEO 
datasets. Five cohorts were merged into a meta-cohort after eliminating batch effects using R package “sva”.

Establishment of CRGS Gene Set and Analysis of Single-Cell Sequencing Data
We selected 13 key regulatory genes for cuproptosis from a previous article and formed a gene set termed protein 
lipoylation and copper transportation.9 In addition, five cuproptosis-related Gene Ontology (GO) gene sets were extracted 
from the article, namely, 4 iron, 4 sulfur cluster binding; Iron–sulfur cluster binding; Aerobic respiration; Cellular 
respiration; and Electron transport chain. Detailed information on the six CRGSs is displayed in Table S2.

For analysis of GSE134520 scRNA-seq data, we performed dimension reduction and t-distributed stochastic neighbor 
embedding (t-SNE) methods using R package “Seurat”. The mean enrichment score (ES) of the six CRGS gene sets was 
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calculated by single-sample gene set enrichment analysis (ssGSEA) using the “GSVA” package in R, and was used to 
reflect the cuproptosis activity.

Identification of GC Cuproptosis Subtypes Based on CRGS Gene Set Scoring
In the meta-cohort, each GC patient’s ES of the six gene sets was evaluated by the ssGSEA method, as described above. 
Next, we classified GC patients into different molecular subtypes based on the enrichment pattern of the six CRGSs using 
R package “ConsensusClusterPlus”. The optimal clustering number was determined by the k-means algorithm and 
cumulative distribution function (CDF) curve. The stability of our clustering was evaluated by principal component 
analysis (PCA).

Correlation of GC Cuproptosis Subtype with Clinical Features and Prognosis
To evaluate the clinical application value of the GC cuproptosis subtyping system, we analyzed the relationship between 
cuproptosis subtypes and clinicopathological factors, including age, gender, tumor, node, metastasis (T, N, M) status and 
tumor stage, using the chi-squared test. Differences in overall survival (OS) were assessed by the log-rank test and the 
results were displayed using Kaplan–Meier curves generated by the “survival” and “survminer” R packages.

Biological Pathway and Immune Cell Infiltration Analysis of GC Cuproptosis Subtypes
To shed light on the differences in biological function between GC cuproptosis subtypes, the Kyoto Encyclopedia of 
Genes and Genomes (KEGG) gene sets “c2.cp.kegg.v7.0.symbol.gmt” were downloaded from the MsigDB database 
(http://www.gsea-msigdb.org) for gene set enrichment analysis (GSEA). In addition, two well-defined biological signa-
ture gene sets, the Hallmark gene set16 and the gene set developed by Mariathasan,17 were used for ssGSEA. The 
ESs were quantitative indices for the enrichment level of different biological functions. Furthermore, to determine the 
correlation of the cuproptosis subtypes with the immune landscape, we extracted marker genes of 28 types of immune 
cells from the article by Charoentong et al and estimated the content of each type of immune cell using the ssGSEA 
method as well.18

Tumor Microenvironment Analysis of GC Cuproptosis Subtypes
To shed further light on the features of cuproptosis subtypes in the TME, we quantified the portion of tumor and non- 
tumor cells of each patient via the Estimation of STromal and Immune cells in MAlignant Tumor tissues using 
Expression data (ESTIMATE) algorithm,19 and compared the scoring differences between cuproptosis subtypes. The 
calculation process was achieved using R package “estimate”. The results of the ESTIMATE analysis contained four 
parameters: immune score and stromal score, representing the relative content of immune cells and stromal cells in the 
TME, respectively; ESTIMATE score, representing the aggregation of immune and stromal contents; and tumor purity, 
representing the relative content of tumor cells.

Identification of Gene Subtypes Based on Differentially Expressed Genes
To explore the gene expression pattern of the GC cuproptosis subtyping system, we employed R package “limma” to 
screen out differentially expressed genes (DEGs) between different cuproptosis subtypes under the log2|fold change| 
>0.585 and adjusted P<0.01 criteria. DEGs were further subjected to KEGG and GO functional enrichment analysis 
using the “clusterprofiler” package in R. Then, we sought to classify GC patients into different gene subtypes based on 
the expression pattern of these DEGs in an attempt to further verify the existence of the cuproptosis subtyping system.

Construction of CRGS Risk Score Signature
We developed a stepwise Cox regression procedure to quantify the CRGS-related risk level and thus to quantify the risk 
level for GC patients. First, univariate Cox regression analysis was performed to primarily evaluate the prognostic value 
of DEGs in the meta-cohort. Then, TCGA-STAD was used as the training cohort to conduct least absolute shrinkage and 
selection operator (LASSO) regression analysis using R package “glmnet”. DEGs with statistical significance were 
further screened out for the construction of the CRGS risk score signature. The formula for the risk score is as follows:
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Risk score = Σ (Exp i * Coef i)
where Exp i and Coef i represent the expression and LASSO Cox coefficient, respectively, of each gene. Patients in 

the training cohort were classified into high- and low-risk groups according to the median value of the risk score. 
Subsequently, the risk score signature was applied to the ACRG cohort (GSE62254), Lei cohort (GSE15459 and 
GSE34942), GSE84437 and the meta-cohort for external validation. The stratification of patients’ risk level was based 
on the same cut-off value in training cohort. All of the datasets were subjected to Kaplan–Meier and time-dependent 
receiver operating characteristics (ROC) curve analysis to estimate the predictive efficacy of the CRGS risk score 
signature.

Tissue Sample Acquisition and Detection of Genes in CRGS Risk Score Signature
Six pairs of GC tumor and adjacent normal tissues were obtained during surgical removal in Renmin Hospital of Wuhan 
University. We obtained written informed consent from all participants (No. SAMPGICU2019-2), and the study was 
approved by the Ethics Committee of Renmin Hospital of Wuhan University (No. NCT03972956V1.1). Total RNA was 
extracted using TRIzol reagent (Invitrogen) and then reverse transcribed into complementary DNA (cDNA) using 1st 
Strand cDNA Synthesis SuperMix for qPCR (Yeasen). Real-time quantitative polymerase chain reaction (RT-qPCR) was 
performed on the LightCycler instrument (Roche) using Universal Blue qPCR SYBR Green Master Mix (Yeasen). We 
used the 2-ΔΔCT method to estimate the expression levels and the results were normalized to GAPDH. The primer 
sequences used for RT-qPCR in this study are listed in Table 1.

Clinical Correlation and Subtype Intersection Analysis of CRGS Risk Score Signature
To investigate the clinical significance of the CRGS risk score signature, we first compared the frequency of different 
clinicopathological factors between the two risk groups. Next, we stratified patients into different clinical subgroups 
according to tumor stage (I–II and III–IV), grade (G1–G2 and G3), tumor location (proximal, body/fundus and distal), 
T status (T1–T2 and T3–T4), N status (N0 and N1–N3), M status (M0 and M1) and recurrence (yes and no), and 
compared the risk score differences quantitatively. Furthermore, we sought to investigate the cross-talk between the 
current CRGS risk score signature and other existing GC subtyping systems, namely TCGA, ACRG, Lauren and Lei 
classifications.

Biological Function, TME Scoring and Immune Cell Infiltration Analysis of CRGS Risk 
Score Signature
To gain more insight into the TME landscape of the CRGS risk score signature, differences in biological function, TME 
scoring and immune cell infiltration between high- and low-risk groups were analyzed. Comparisons were conducted in 
the meta-cohort and each individual cohort to verify the stability of the analysis.

Table 1 List of Primers

Gene Primer Sequence (5′–3′)

SERPINE1 Forward: AACGTGGTTTTCTCACCCTAT

Reverse: CAATCTTGAATCCCATAGCTGC
GRP Forward: GGGAGTCTTCTTCTGTTTCTGA

Reverse: TATGAGACCCAGCAAATTCCTT
GPX3 Forward: CATAAGTGGCACCATTTACGAG

Reverse: AAGGATCTCTGAGTTCTCTCCT

APOD Forward: GCTGGAAGTTAAGTTTTCCTGG
Reverse: GGATGATGCAGGTACAGGAATA

GJA1 Forward: CTTCATGCTGGTGGTGTCCTTGG

Reverse: CACAGTCTTTGGCAGGGCTCAG
PRICKLE1 Forward: TCTCTACGGACAGTACGCCCATG

Reverse: AGGAGGAGGAAGAACACCAGGAATC
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Somatic Variation Analysis of CRGS Risk Score Signature
Tumor mutation burden (TMB) is a quantitative parameter estimating the total number of somatic non-synonymous mutations 
per coding area of a tumor genome.20 High TMB represents better OS in cancer patients after receiving immune checkpoint 
blockade (ICB) treatment.21–23 Using annotation files downloaded from TCGA database, the TMB value of each sample was 
estimated in Perl software.14 We compared the TMB score differences between high- and low-risk patients. Spearman correlation 
analysis was also performed to test the correlation between TMB and risk scores. Detailed information on the top 20 most 
frequently mutated genes in GC were visualized by a waterfall plot using the “maftools” package in R.

Immunotherapeutic Sensitivity Analysis of CRGS Risk Score Signature
Two parameters were used to estimate the sensitivity of GC patients to ICB treatment: immunophenoscore (IPS) and Tumor 
Immune Dysfunction and Exclusion (TIDE) scoring. Calculated by unbiased machine learning methods, IPS is a parameter 
reflecting immunogenicity. Higher IPS represents better accuracy for the corresponding result. The IPS results of anti-CTLA4 and 
anti-PD1 treatment responses for TCGA patients were downloaded from The Cancer Immunome Atlas (TCIA, https://tcia.at/ 
home). TIDE scoring is a computational method combining two primary mechanisms in tumor evasion: T-cell dysfunction and 
T-cell exclusion. A higher tumor TIDE score correlates with not only worse response, but also unfavorable survival after receiving 
anti-PD1 and anti-CTLA4 therapies.24 We obtained the TIDE scoring values, including dysfunction score, exclusion score and 
TIDE score, for patients in all five cohorts following the workflow on the TIDE website (http://tide.dfci.harvard.edu/) and 
compared the scoring differences between high- and low-risk groups. Finally, we applied the CRGS risk score to two external ICB 
cohorts and compared survival differences between high- and low-risk patients after ICB treatment. The two ICB cohorts were 
IMvigor210 (urothelial carcinoma patients receiving anti-PD-L1 treatment) and Braun’s cohort25 (clear cell renal cell carcinoma 
patients receiving anti-PD1 treatment).

Chemotherapeutic Sensitivity Analysis of CRGS Risk Score Signature
R package “pRRophetic” was developed on the basis of the Genomics of Drug Sensitivity in Cancer (GDSC) database, 
which used empirical Bayesian approach and ridge regression methodology with 10-fold cross-validation to fit tran-
scriptome data of tissue samples with the experiment-based drug sensitivity profiles of multiple cancer cell lines. Here, 
we calculated the IC50 values for six anti-tumor drugs, namely 5-fluorouracil, cisplatin, methotrexate, doxorubicin, 
vinblastine and paclitaxel, in gastrointestinal cell lines, and analyzed the differences in IC50 values between high- and 
low-risk groups.

Development of a Nomogram Based on CRGS Risk Score Signature
To enhance the clinical utility of the CRGS risk score signature, we established a nomogram incorporating CRGS risk score and 
other clinicopathological factors for predicting patients’ survival at different time points using R package “rms”. The predictive 
efficacy of the nomogram was verified by calibration curves, time-dependent ROC curves and decision curve analysis (DCA).26

Statistical Analysis
All statistical analyses were performed in R version 4.1.2. The Wilcoxon rank-sum test was conducted to compare 
numerical variables. The log-rank test was performed to evaluate the differences in survival and Kaplan–Meier plots 
were drawn to visualize the results. The predictive efficacy of the variables was verified by the area under the ROC curve 
(AUC), which was calculated by R package “survivalROC”. Univariate and multivariate Cox proportional hazard 
regression analyses were used to determine the independent prognostic factors, and the results were displayed in the 
form of forest plots using the “forestplot” package in R.

Results
Alteration of Cuproptosis Activity During GC Initiation from the Single-Cell Level
To assess the alteration of cuproptosis activity during GC oncogenesis, we analyzed the GSE134520 dataset, which 
contained scRNA-seq profiles from samples of non-atrophic gastritis (NAG), chronic atrophic gastritis (CAG), intestinal 
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metaplasia (IM) and EGC (Figure 1a). We calculated the ES of six CRGSs in each single cell and made a comparison of 
scoring differences within four sample groups. As shown in Figure 1b, CRGS ESs were at relatively low levels in the 
NAG and CAG stages, markedly up-regulated during IM and remained high when EGC happened. Therefore, cuprop-
tosis activities were correlated with the severity of precancerous lesions and were still highly activated in the cancer 
stage, which to some extent reflected the potential implication of cuproptosis in the pathogenesis of GC. Our present 
analysis provided references for future mechanistic studies investigating the machineries underlying the NAG–CAG– 
IM–EGC progression cascade.

Identification of GC Cuproptosis Subtypes Based on CRGS Gene Set Scoring
In the meta-cohort, we quantified degree of enrichment for each GC patient on six CRGSs and performed unsupervised 
consensus clustering analysis. CDF curve and k-means algorithm analyses both confirmed the robustness of categorizing 
GC patients into two clusters, cluster A and cluster B (Figure 2a–c). PCA further verified the clustering stability 
(Figure 2d). As shown in Figure 2e, cluster A was characterized by up-regulated cuproptosis activity owing to an overall 
higher enrichment level of six CRGSs, while the cuproptosis activity was suppressed in cluster B. Thus, we renamed 
clusters A and B as subtypes CA-H and CA-L, respectively. With respect to clinical features, it was demonstrated that the 
CA-L subtype was tightly associated with advanced T status and tumor stage (Figure 2e). Moreover, Kaplan–Meier 
analysis indicated that patients of the CA-H subtype had a better OS than CA-L patients (log-rank P<0.001) (Figure 2f).

Biological Signatures Enriched in Two Cuproptosis Subtypes
To investigate the underlying mechanism of GC cuproptosis subtyping, we first performed GSEA . As shown in 
Figure 3a and b, biological signatures correlating with cell proliferation (cell cycle and DNA replication) and metabolism 
(oxidative phosphorylation, TCA cycle and pyrimidine metabolism) were enriched in the CA-H subtype. By contrast, the 
CA-L subtype was correlated with carcinogenic activities such as calcium signaling pathway, extracellular matrix 
receptor interaction and focal adhesion. Next, ssGSEA further confirmed these findings: most carcinogenic pathways 
had a heightened enrichment level in the CA-L subtype (Wnt-β-catenin signaling, transforming growth factor-β signal-
ing, Notch signaling, etc), while signatures relating to cell cycle, postmutational repair (E2F target, G2M checkpoint and 
DNA repair; DNA damage repair, mismatch repair, cell cycle regulator, etc) and metabolism (glycolysis, fatty acid 
metabolism, cholesterol homeostasis, etc) were highly enriched in the CA-H group. In addition, it was suggested that the 
CA-L subtype also maintained a stroma-activating phenotype, since the ESs of stromal activity-related signatures such as 
epithelial–mesenchymal transformation, hypoxia, angiogenesis, EMT2 and EMT3 were significantly higher in the CA-L 
subtype (Figure 3c and d).

To gain an insight into the differences in TME landscape between the two GC cuproptosis subtypes, we calculated the 
TME score as well as the immune cell infiltration score in each GC patient, and compared their differences between the 
two cuproptosis subtypes. It was found that the CA-L group exhibited higher immune/stromal/ESTIMATE scores and 

Figure 1 Alterations in CRGS enrichment scores for patients with different diseases. (a) t-Distributed stochastic neighbor embedding (t-SNE) plots colored by different 
sample groups. (b) Heatmaps showing the enrichment differences of six CRGSs per cell within different sample groups. 
Abbreviations: CAG, chronic atrophic gastritis; CRGS, cuproptosis-related gene set; EGC, early gastric cancer; IM, intestinal metaplasia; NAG, non-atrophic gastritis.
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lower tumor purity compared with CA-H (Figure 3e and f). Thus, the TME of the CA-L subtype was characterized by 
larger proportions of stromal and immune cells, while a high abundance of cancer cells was correlated with the CA-H 
subtype. Consistent with this, the majority of immune cells were more densely infiltrated in the CA-L subtype, while the 
CA-H subtype exhibited higher abundance for activated CD4 T cells and memory B cells (Figure 3g). In addition, the 
impact of the abundance of 28 types of immune cells on the survival of GC patients was analyzed by Kaplan–Meier 
methods and is demonstrated in Figure S2.

Identification of Gene Subtypes Based on DEGs
To explore the gene expression pattern of GC cuproptosis subtyping, we identified 560 genes that were differentially expressed 
between the two cuproptosis subtypes (Table S3). Functional analysis revealed that the DEGs were correlated with KEGG items 
in relation to cell cycle and carcinogenic activity (Figure 4a), as well as GO items in relation to stromal activity (Figure 4b), which 
was identical to the biological signature of the two cuproptosis subtypes. Next, we performed unsupervised consensus clustering 
based on the DEGs, and two distinct DEG subtypes were identified (Figure S3). Better OS and higher cuproptosis activity could 

Figure 2 Identification of GC cuproptosis subtypes based on CRGS gene set scoring. (a) Unsupervised consensus clustering identified two GC cuproptosis clusters. (b–d) 
CDF curve, k-means algorithm and PCA showing the robustness and stability of the clustering. (e) Heatmap showing the CRGS enrichment pattern and clinical features of 
two cuproptosis subtypes. (f) Kaplan–Meier analysis of cuproptosis subtypes. Statistical significance: *P<0.05; ***P<0.001. 
Abbreviations: CA-H, cuproptosis activity – high; CA-L, cuproptosis activity – low; CDF, cumulative distribution function; CRGS, cuproptosis-related gene set; GC, gastric 
cancer; PCA, principal component analysis.

International Journal of General Medicine 2023:16                                                                             https://doi.org/10.2147/IJGM.S404847                                                                                                                                                                                                                       

DovePress                                                                                                                       
1637

Dovepress                                                                                                                                                                 Li et al

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com/get_supplementary_file.php?f=404847.docx
https://www.dovepress.com/get_supplementary_file.php?f=404847.docx
https://www.dovepress.com/get_supplementary_file.php?f=404847.docx
https://www.dovepress.com
https://www.dovepress.com


Figure 3 Biological function, TME score and immune cell infiltration analyses of GC cuproptosis subtyping system. GSEA functional analysis based on KEGG gene set for (a) 
CA-H patients and (b) CA-L patients. ssGSEA based on (c) Hallmark gene set and (d) Mariathasan gene set. Differences in (e) immune/stromal/ESTIMATE scores and (f) tumor 
purity between CA-H and CA-L subtypes. (g) Differences in immune cell infiltration between CA-H and CA-L subtypes. Statistical significance: *P<0.05; **P<0.01; ***P<0.001. 
Abbreviations: CA-H, cuproptosis activity – high; CA-L, cuproptosis activity – low; GC, gastric cancer; GSEA, gene set enrichment analysis; KEGG, Kyoto Encyclopedia of 
Genes and Genomes; TME, tumor microenvironment.
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Figure 4 Identification of DEG subtypes. (a and b) KEGG and GO analysis for DEGs. (c) Heatmap showing the enrichment pattern of six CRGSs in two DEG subtypes. (d) 
Kaplan–Meier analysis of two DEG subtypes. (e and f) ssGSEA based on the Hallmark gene set and Mariathasan’s gene set. (g and h) Differences in immune/stromal/ 
ESTIMATE scores and tumor purity between two DEG subtypes. (i) Differences in immune cell infiltration between two DEG subtypes. Statistical significance: **P<0.01; 
***P<0.001. 
Abbreviations: BP, biological process; CC, cellular compartment; CRGS, cuproptosis-related gene set; DEG, differentially expressed gene; GO, Gene Ontology; KEGG, 
Kyoto Encyclopedia of Genes and Genomes; MF, molecular function; ssGSEA, single-sample gene set enrichment analysis.
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be observed in DEG subtype A, whereas subtype B was associated with lower cuproptosis activity (Figure 4c) and worse OS 
(Figure 4d). More importantly, the two DEG subtypes were very similar to the two cuproptosis subtypes in terms of differences in 
biological function (Figure 4e and f), TME scoring (Figure 4g and h) and immune cell infiltration (Figure 4i), which supports the 
potential utility of using DEG subtypes to represent the cuproptosis subtypes.

For quantification of GC patients’ degree of risk, we first performed univariate Cox analysis in the meta-cohort and 
screened out 513 prognosis-related DEGs (Table S4). Then, TCGA-STAD was used as a training cohort for construction 
of the risk score signature. LASSO Cox regression analysis was conducted on 513 prognosis-related DEGs, and six genes 
were finally filtered out based on the minimum partial likelihood deviance (Figure 5a and b). Risk scores were calculated 
as follows:

Risk score = (0.0405 × expression of PRICKLE1) + (0.0001 × expression of GJA1) + (0.0262 × expression of APOD) 
+ (0.0678 × expression of GPX3) + (0.0203 × expression of GRP) + (0.1009 × expression of SERPINE1). Patients in the 
training cohort were then divided into high- and low-risk groups according to the median risk score. The intersections of 
CRGS risk level with cuproptosis subtype, DEG subtype and survival status were demonstrated in a waterfall plot 
(Figure 5c). We observed significant differences in the risk score between the two cuproptosis subtypes and DEG 
subtypes, with the risk score being higher in cuproptosis subtype CA-L and gene subtype B (Figure 5d and e). The 
distribution of the risk score and its correlation with patients’ survival outcomes are shown in Figure 5f and g, 
respectively. It was suggested that the cuproptosis activity was generally lower in the high-risk group compared with 
the low-risk group (Figure 5h). Furthermore, Kaplan–Meier analysis correlated low-risk patients with prolonged OS (log- 
rank P<0.001) (Figure 5i). The predictive efficacy of the CRGS risk score model was subsequently estimated by time- 
dependent ROC analysis. As shown in Figure 5j, the AUC values for predicting 1-, 3- and 5-year OS were 0.628, 0.670 
and 0.735, respectively. In addition, we performed DCA to estimate the net benefit of prognosis prediction based on the 
CRGS risk score signature and three previously established cuproptosis-related gene (CRG) risk models,27–29 which were 
called risk models 1–3, respectively. In general, the predictive performance of our CRGS risk score signature was more 
favorable than that of CRG risk models 1 and 2. Compared with CRG risk model 3, the CRGS risk score signature was 
also more effective in forecasting GC patients’ survival probabilities at 1 and 3 years, but was inferior to it for the 
prediction of 5-year OS (Figure S4).

To further evaluate its predictive performance, we validated the CRGS risk score signature in the ACRG cohort 
(GSE62254), Lei cohort (GSE15459 and GSE34942), GSE84437 and the meta-cohort (Figure S5–S8). The risk score 
calculation and risk level stratification used the same standards as in the training cohort. We found that high cuproptosis 
activities (Figures S5c, S6c, S7c and S8c) and advantages in survival (Figures S5d, S6d, S7d and S8d) still existed for 
low-risk patients. Besides, the risk score signature retained its perfect predictive ability across different cohorts, as the 
AUC values for predicting 1-, 3- and 5-year OS were all over 0.600 (Figures S5e, S6e, S7e and S8e).

Detection of Prognosis-Related DEGs in Tissue Samples
The expression levels of six prognosis-related DEGs used for CRGS risk score signature construction were detected in six 
pairs of GC tumor and adjacent normal tissues by RT-qPCR. In general, five genes (APOD, GJA1, GPX3, GRP and 
PRICKLE1) had a significantly lower expression level in tumor tissues compared with adjacent normal tissues, while the 
difference in expression of SERPINE1 between tumor and normal tissues did not reach statistical significance (Figure S9).

Biological Function and TME Landscape Analysis of CRGS Risk Score Signature
To explore the mechanism contributing to the differences in prognosis between high- and low-risk patients, analyses were 
conducted from the perspectives of biological function and TME landscape. First, we analyzed biological signatures 
enriched in high- and low-risk groups through Hallmark ssGSEA (Figure 6a for TCGA cohort; Figure S10 for ACRG 
cohort, Lei cohort, GSE84437 and meta-cohort). It was found that high-risk patients scored higher on stromal and 
immune activities, such as epithelial–mesenchymal transition (EMT), hypoxia, angiogenesis, interferon-gamma response 
and allograft rejection, whereas low-risk patients were correlated with cell-cycle related items including DNA repair, 
mismatch repair, E2F targets, G2M checkpoint and mitotic spindle. Next, differences in TME scores and immune cell 
infiltration were also compared to determine the TME characteristics in high- and low-risk patients. For TME scores, we 
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Figure 5 Construction of CRGS risk score signature in training cohort. (a) LASSO coefficients of prognosis-related DEGs. (b) Ten-fold cross-validation for tuning parameter 
selection in the LASSO model. (c) Waterfall plot showing distributions of cuproptosis subtype and DEG subtype in high and low CRGS risk score groups. Risk score differences 
between (d) two cuproptosis subtypes and (e) two DEG subtypes. (f) Risk score distribution curve. The blue line represents risk scores for low-risk patients; the red line represents 
risk scores for high-risk patients. (g) Scatter plot showing the relationship between survival status and risk score. The horizontal ordinate represents the number of patients; the 
vertical ordinate represents the risk score. (h) Heatmap comparing the enrichment differences of six CRGSs between high- and low-risk patients. (i) Kaplan–Meier analysis for high- 
and low-risk patients. (j) ROC curve for predicting 1-, 3- and 5-year OS of the CRGS risk score model. Statistical significance: ***P<0.001. 
Abbreviations: CRGS, cuproptosis-related gene set; DEG, differentially expressed gene; LASSO, least absolute shrinkage and selection operator; OS, overall survival; ROC, 
receiver operating characteristics.
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observed increased stromal/immune/ESTIMATE scores and decreased tumor purity for high-risk patients (Figure 6b and 
c for TCGA cohort; Figure S11 for ACRG cohort, Lei cohort, GSE84437 and meta-cohort). Therefore, it was speculated 
that the TME of high-risk patients was characterized by abundant immune and stromal contents. In support of this, the 

Figure 6 Biological function and TME landscape analysis of CRGS risk score signature in the training cohort. (a) Hallmark ssGSEA for high- and low-risk patients. (b and c) 
Differences in immune/stromal/ESTIMATE scores and tumor purity between high- and low-risk patients. (d) Differences in immune cell infiltration between high- and low- 
risk patients. Statistical significance: *P<0.05; **P<0.01; ***P<0.001. 
Abbreviations: CRGS, cuproptosis-related gene set; ssGSEA, single-sample gene set enrichment analysis; TME, tumor microenvironment.

https://doi.org/10.2147/IJGM.S404847                                                                                                                                                                                                                                 

DovePress                                                                                                                                   

International Journal of General Medicine 2023:16 1642

Li et al                                                                                                                                                                 Dovepress

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com/get_supplementary_file.php?f=404847.docx
https://www.dovepress.com
https://www.dovepress.com


majority of immune cells were more densely populated in the TME of high-risk patients, while low-risk patients had 
heightened infiltration levels of activated CD4 T cells (Figure 6d for TCGA cohort; Figure S12 for ACRG cohort, Lei 
cohort, GSE84437 and meta-cohort).

Clinical Correlation and Subtype Intersection Analysis of CRGS Risk Score Signature
To investigate the clinical indicative value of the CRGS risk score signature, we focused on each individual cohort and 
explored the association between risk score and clinicopathological factors separately. In GSE62254, patients with advanced 
T status and tumor stage, as well as recurrent disease, were more commonly seen in the high-risk group (Figure 7a). Risk 
scores in patients with T3–T4 status, M1 status and III–IV tumor stage, as well as patients undergoing tumor recurrence, were 
all significantly higher (Figure 7b). In TCGA cohort, a larger proportion of patients with more advanced T status, tumor grade 
and tumor stage was classified into the high-risk group (Figure S13a). Patients with G3 tumor grade tended to exhibit higher 
risk scores than G1–G2 patients (Figure S13b). Elevated risk scores could also be observed in patients with advanced TNM 
status and tumor stage, although the differences did not reach statistical significance (Figure S13b). Higher risk scores were 
also confirmed to be intimately correlated with more advanced tumor stages in the Lei cohort (Figure S13c), as well as with 
more progressive T and N status in GSE84437 (Figure S13d). Furthermore, to evaluate the predictive efficacy of the CRGS 
risk score in predicting prognosis in GC patients, we performed univariate and multivariate Cox analysis incorporating the risk 
score and other clinical features in each individual cohort. Except for the Lei cohort, in which the hazard ratio for the risk score 
did not reach statistical significance by multivariate Cox analysis, a high-level risk score was proved to be a prognosticator for 
worse survival outcomes in the other three datasets (Figure S14).

In addition, we explored the cross-talk between the CRGS risk score signature and other GC typing systems. It was 
suggested that subtypes with dismal prognosis, including the CIN/GS subtypes (TCGA typing), EMT subtype (ACRG 
typing), diffuse subtype (Lauren typing) and invasive subtype (Lei typing), were more frequently observed in high-risk 
patients (Figure S15a–f). Furthermore, there were significant differences in the risk score distribution among existing GC 
typing systems (Figure S15g–l). Therefore, the present analysis confirmed the intimate associations between CRGS risk 
score signature and other GC subtypes.

Figure 7 Clinical correlation analysis of CRGS risk score signature in the ACRG cohort (GSE62254). (a) Bar plots showing the frequencies of different clinical features in 
high- and low-risk patients. (b) Boxplots showing risk score differences in different T status, N status, M status, tumor stage and recurrence status subgroups. Statistical 
significance: *P<0.05; **P<0.01; ***P<0.001. 
Abbreviations: ACRG, Asian Cancer Research Group; CRGS, cuproptosis-related gene set; ns, not significant.
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Somatic Variation Analysis of CRGS Risk Score Signature
To shed light on the gene mutation landscape of the CRGS risk score model, we downloaded somatic mutation data from 
TCGA database and calculated the TMB, as previously described. As shown in Figure 8a, high-risk patients in TCGA 
cohort had decreasedTMB scores compared with low-risk patients. A negative correlation between TMB level and risk 
score was observed according to Spearman correlation analysis (R=−0.37, P<0.01) (Figure 8b). In the waterfall plots 
depicting the detailed information on the top 20 most frequently mutated genes, a generally higher mutation frequency 
could be observed in low-risk patients (Figure 8c and d). Furthermore, we analyzed the risk score differences between the 
wild-type (WT) and mutant type (MT) of these 20 genes. It was suggested that patients with MT of many of these genes 
had lower risk scores than patients with WT (Figure S16). In addition, Kaplan–Meier analysis identified high TMB level 
as a prognosticator for prolonged OS (Figure 8e). Finally, we divided TCGA patients into four strata according to TMB 
and CRGS risk level, and it was suggested that patients with low TMB and a high risk level showed the most adverse 
survival outcome (Figure 8f).

Immunotherapeutic Sensitivity Analysis of CRGS Risk Score Signature
Since the present CRGS risk score signature showed a strong correlation with TMB, which could be used as an indicator 
for ICB treatment, we decided to further explore whether patients at different risk levels exhibited distinct responses 
towards immunotherapy. First, the IPSs of anti-CTLA4+ anti-PD1+, anti-CTLA4− anti-PD1+ and anti-CTLA4+ anti-PD1− 

were all higher in TCGA low-risk patients, indicating the better sensitivity of low-risk patients to anti-CTLA4 and/or 
PD1 ICB treatment (Figure 9a–c). The following TIDE analysis in the meta-cohort and each individual cohort further 
corroborated that tumor cells of high-risk patients were more capable of escaping immune surveillance, as the dysfunc-
tion, exclusion and TIDE scores were all higher in the high-risk group (Figure 9d–h). Moreover, two external ICB 
cohorts (IMvigor210 and Braun’s cohort) were enrolled for the application of the CRGS risk score. It was suggested that 
the low-risk patients in both cohorts had significantly prolonged OS after ICB treatment compared with their high-risk 
counterparts (Figure 9i and j). Based on the above analyses, it was concluded that low-risk patients were more likely to 
benefit from ICB treatment.

Chemotherapeutic Sensitivity Analysis of CRGS Risk Score Signature
To investigate the potential value of the CRGS risk score signature in predicting the response to chemotherapy, we first 
stratified patients in GSE62254 into four categories on the basis of CRGS risk level and chemotherapy completion status 
(C for completed, N/NC for not done/not completed) of adjuvant chemotherapy (ADJC). As shown in Figure 10a and b, 
completed ADJC contributed to prolonged OS and disease-free survival for both high- and low-risk patients. 
Furthermore, we selected six kinds of commonly used anti-tumor drugs and compared their IC50 differences between 
high- and low-risk patients (Figure 10c for meta-cohort, Figure 10d for TCGA cohort, Figure 10e for GSE62254, 
Figure 10f for Lei cohort, Figure 10g for GSE84437). The IC50 values for methotrexate and 5-fluorouracil were 
significantly lower in low-risk patients, while high-risk patients were more sensitive to cisplatin, doxorubicin, vinblastine 
and paclitaxel.

Development of a Nomogram Based on CRGS Risk Score Signature
Considering the inconvenience of using the CRGS risk score in clinical practice, we sought to develop a nomogram 
integrating CRGS risk score and other clinical factors. TCGA cohort and GSE62254 were selected for construction in 
light of their relatively complete clinical profiles. As depicted in Figure 11a, the variables of the nomogram included age, 
gender, T, N, M status, TNM stage and CRGS risk score. Each variable was given a specific score, and the total score 
could be obtained by adding the individual scores together. AUC values of the nomogram for predicting 1-, 3- and 5-year 
OS were 0.731, 0.764 and 0.772, respectively (Figure 11b). Compared with each composing element of the nomogram, 
the total point showed superior efficacy in predicting the time-dependent OS of GC patients (Figure 11c–e). Moreover, 
DCA revealed that the total score displayed better net benefit than the age-, gender-, T status-, N status-, M status- and 
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Figure 8 Somatic variation analysis of CRGS risk score signature. (a) Boxplot showing the difference in TMB between high- and low-risk patients. (b) Spearman correlation 
analysis of TMB and the risk score. (c and d) Waterfall plots depicting the gene mutation landscape of the top 20 most frequently mutated genes in GC in high- and low-risk 
patients. Each column represents an individual patient. The upper bar plot shows TMB. The percentage on the right represents the mutation frequency of each gene. The 
right bar plot shows the frequency of each mutation type. (e) Kaplan–Meier curves for high- and low-TMB GC patients. (f) Kaplan–Meier curves of patients stratified by both 
TMB and risk level. Statistical significance: ***P<0.001. 
Abbreviations: CRGS, cuproptosis-related gene set; GC, gastric cancer; TMB, tumor mutation burden.
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Figure 9 Immunotherapeutic sensitivity analysis of CRGS risk score signature. (a–c) Bar plots showing IPS differences for ICB treatment between high- and low-risk groups 
in TCGA cohort. Boxplots showing differences in TIDE scoring between high- and low-risk patients in (d) meta-cohort, (e) TCGA cohort, (f) GSE62254, (g) Lei cohort and 
(h) GSE84437. (i and j) Kaplan–Meier plots for high- and low-risk patients in IMvigor210 and Braun’s cohort. Statistical significance: ***P<0.001. 
Abbreviations: CRGS, cuproptosis-related gene set; ICB, immune checkpoint blockade; IPS, immunophenoscore; TCGA, The Cancer Genome Atlas; TIDE, Tumor 
Immune Dysfunction and Exclusion.
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Figure 10 Chemotherapeutic sensitivity analysis of CRGS risk score signature. Kaplan–Meier plots showing the impact of chemotherapy on patients’ (a) overall survival and 
(b) disease-free survival in GSE62254. Boxplots showing IC50 differences for 5-fluorouracil, methotrexate, cisplatin, doxorubicin, vinblastine and paclitaxel between high- and 
low-risk patients in (c) meta-cohort, (d) TCGA cohort, (e) GSE62254, (f) Lei cohort and (g) GSE84437. Statistical significance: *P<0.05; **P<0.01; ***P<0.001. 
Abbreviations: CRGS, cuproptosis-related gene set; TCGA, The Cancer Genome Atlas.
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Figure 11 Development and validation of a nomogram based on the CRGS risk score signature. (a) Nomogram integrating risk score, age, gender, T, N, M status and tumor 
stage for predicting 1-, 3- and 5-year OS. (b) Time-dependent ROC curve of the nomogram for predicting 1-, 3- and 5-year OS. (c–e) Time-dependent ROC curves 
evaluating the efficacy of the nomogram to predict 1-, 3- and 5-year OS, compared with other factors, including age, gender, T, N, M status and tumor stage. (f–h) DCA 
curves estimating the predictive efficacy of the nomogram from the perspective of clinical benefit. The y-axis refers to the net benefit. The x-axis refers to the predicted OS. 
The black line represents the hypothesis that all patients survive for 5 years. The gray line represents the hypothesis that no patients stay alive for more than one year. (i–k) 
Calibration curves of the nomogram for predicting 1-, 3- and 5-year OS. The gray lines represent the ideal predictive model and the red lines represent the observed model. 
Abbreviations: AUC, area under the curve; CRGS, cuproptosis-related gene set; DCA, decision curve analysis; OS, overall survival; ROC, receiver operating 
characteristics; T, N, M, tumor, node, metastasis.
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stage-only model for predicting 1-, 3- and 5-year survival (Figure 11f–h). In addition, calibration curves showed high 
consistency between actual 1-, 3- and 5-year OS and the values predicted by the nomogram (Figure 11i–k).

Discussion
Non-apoptotic PCD, including autophagy, ferroptosis, pyroptosis and necroptosis, has been proved to have a close 
relationship with the initiation and progression of malignant tumors. Several previous studies successfully established 
risk score signatures for GC based on four types of PCD.30–34 In 2022, Tsvetkov et al put forward a novel non-apoptotic 
PCD mode induced by copper, named cuproptosis.9 Compared with other non-apoptotic PCD modes, cuproptosis is less 
dependent on the production of reactive oxygen species but relies more heavily on mitochondrial respiration. As a newly 
identified cell death mode, the current understanding on cuproptosis is very limited, and whether or not this type of PCD 
participates in tumorigenesis remains to be fully elucidated. Thus, the current work intends to make some primary 
exploration in this field.

Through scRNA-seq analysis, it was demonstrated that the CRGS enrichment scores were correlated with the severity 
of precancerous lesions and were still highly activated in GC, suggesting that cuproptosis was possibly implicated in the 
pathogenesis of GC. Then, analysis of bulk RNA-seq data identified two distinct cuproptosis subtypes based on the 
enrichment pattern of six CRGSs. Subtype CA-H was characterized by high cuproptosis activity and optimistic 
prognosis, while subtype CA-L, with worse prognosis, was correlated with reduced cuproptosis activity, up-regulation 
of carcinogenic pathways, and a TME with abundant immune/stromal contents and low tumor purity. In addition, two 
gene subtypes were identified based on the DEGs between the two cuproptosis subtypes. The cuproptosis activity, 
survival outcome, biological function and TME landscape of the two DEG subtypes were highly consistent with those of 
the two cuproptosis subtypes, which provided a rationale for the existence of cuproptosis patterns in GC patients. In order 
to quantify patients’ risk level, we established a CRGS risk score signature based on prognosis-related DEGs. A series of 
systemic analysis was performed to identify the differences in biological function, TME landscape, clinical features, 
somatic variation and treatment responses between high- and low-risk patients on the risk score signature. High-risk 
patients, with adverse prognosis, were characterized by higher immune and stromal contents in the TME, more advanced 
clinicopathological features and better sensitivity to a wider range of anti-tumor drugs. Low-risk patients, although 
correlated with higher tumor purity, instead exhibited more favorable clinical outcomes and a higher sensitivity to 
immunotherapy. Notably, the CRGS risk score-based patient classification were tightly associated with other currently 
existing GC typing systems, and the GC subtypes with unfavorable clinical outcomes also took up a larger proportion in 
the high risk group. Finally, a nomogram incorporating the risk score and other clinicopathological features was 
constructed to enhance the clinical utility of the CRGS risk score model.

In the current study, patients with different cuproptosis subtypes or CRGS risk levels had totally distinct survival 
outcomes, which could be attributed to discrepancies in clinical features, biological function and TME landscape.35 First, 
in terms of clinical features, CA-L and high-risk patients, both correlated with shortened OS, were characterized by 
unfavorable clinicopathological factors. Second, with respect to biological function, carcinogenic pathways were proved 
to have higher enrichment levels in CA-L and high-risk patients. Third, from the perspective of the TME landscape, it 
was suggested that most of the prognosis-related immune cells were differentially infiltrated between patients of different 
cuproptosis subtypes or CRGS risk level.

The anti-tumor immune response is a multi-step procedure, during which the activation of CD4 T cell plays an 
important role.36 Mechanistically, CD4 T cells exert their anti-tumor function by either directly eliminating tumor cells or 
indirectly modulating the TME.37 The induction of CD4 T-cell response has been shown to yield favorable clinical 
outcomes.38 The tumor-suppressive role of memory B cells is also evidence based. For instance, higher memory B-cell 
density can be observed in melanoma patients who respond to ICB treatment compared with non-responders.39 Besides, 
combined ICB and radiation therapy has been proved to promote the infiltration of memory B cells in the TME of human 
papillomavirus (HPV)-associated squamous cell cancer.40 In the present study, we confirmed that the high abundance of 
activated CD4 T cells and memory B cells indicated good prognosis for GC patients (Figure S2). In accordance with this, 
a higher enrichment score of activated CD4 T cells could be observed in both the CA-H subtype and low-risk group. 
Besides, a high abundance of memory B cells was associated with CA-H subtype. Kaplan–Meier analysis revealed the 
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adverse effect of plasmacytoid dendritic cells on survival in GC patients. Consistently, plasmacytoid dendritic cells were 
highly infiltrated in both CA-L and low-risk patients with dismal prognosis. Moreover, the present analysis identified 
natural killer T cells, T follicular helper cells and central memory CD4 T cells as risky immune cells indicating adverse 
survival outcomes. Consistent with this, the CA-L subtype as well as the high-risk group with impaired OS displayed 
a higher abundance of these three types of immune cells.

In addition to the immune cells mentioned above, myeloid-derived suppressive cells (MDSCs) and regulatory T cells 
(Tregs) are regarded as two “bad guys” with an immunosuppressive phenotype in the TME;41 high densities of these cells 
indicate adverse clinical outcomes in many types of malignancies, including colorectal cancer,42,43 non-small cell lung 
cancer42,44 and breast cancer45. Herein, increased infiltration levels of these two cell types were still observed in patients 
with the CA-L subtype and low-risk patients, both of which are subgroups with shortened OS.

Furthermore, the current CRGS risk score signature was also capable of predicting the response of GC patients to 
immunotherapy and chemotherapy. Immunotherapy is rapidly gaining in popularity and has already become a standard 
treatment strategy for cancer patients. The most widely used modality to date is the blockade of immune checkpoint 
inhibitors, namely ICB therapy. However, the benefit of ICB treatment is limited to a minority of patients with certain 
cancer types,46 and GC had been shown not to respond very well to ICB treatment.47 In the present work, we concluded 
that low-risk patients on the CRGS risk score model may respond better to ICB treatment owing to their higher TMB and 
lower TIDE scores compared with their high-risk counterparts. In line with this, IPSs for anti-CTLA4 and/or anti-PD1 
immunotherapy were all at high levels for low-risk patients. Moreover, two external immunotherapeutic cohorts were 
enrolled and it was found that low-risk patients demonstrated improved OS after ICB treatment, which supported the 
conclusion identifying low-risk patients as potential beneficiaries of immunotherapies.

The present study had certain limitations. First, since research on cuproptosis is still in its infancy, the cuproptosis- 
related gene signatures emergingin the future will need to be incorporated to enhance the specificity of the current model. 
Second, since the present TME analysis only focused on the stationary immune cell infiltrations, some dynamic features 
of infiltrating cells remain to be fully elucidated. Analytical tools that may be useful to tackle with this issue include 
pseudotime analysis, delineating the temporal sequence of cell differentiation, and cell chat analysis, revealing the 
intercellular communication pathways. Third, because all of our conclusions were drawn by retrospectively analyzing 
data from public databases, a case selection bias was inevitable. Therefore, future prospective and large-scale studies in 
the real world are warranted to verify the current findings.

Conclusion
The current work elucidated that cuproptosis plays an important role in the regulation of the TME landscapes of GC. Two 
cuproptosis subtypes with distinct TME characteristics were identified. In addition, we established a CRGS risk score 
signature to quantify the risk level of GC patients. This novel CRGS risk score signature could provide novel insights 
into accurate prediction and personalized treatment for GC patients.
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