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Abstract: Cuproptosis represents a novel class of cell death modality different from other regulated cell death pathways.
However, the role of genes involved in copper-mediated cell death within the tumor microenvironment of gastric adenocar-
cinoma remains to be elucidated. This study utilized R programming to classify unprocessed information from TCGA and
GEO repositories of individuals with stomach adenocarcinoma. Associations among various patient clusters, clinical factors,
immune cell infiltration attributes, and the tumor microenvironment were assessed. Graphical displays were generated to im-
prove the practical utility of copper-dependent cell death gene scores and evaluate patient outcome probabilities. This work
sought to examine the links between copper-mediated cell death and molecular traits, immune cell presence in the tumor,
patient outcomes, and therapeutic approaches. A copper-dependent cell death gene score was developed to predict patient
survival and assess its prognostic value in stomach adenocarcinoma. Results revealed that reduced copper-mediated cell
death scores correlated with increased tumor mutations, immune responsiveness, and greater survival rates, while elevated
scores were linked to suppressed immunity and enhanced tumor microenvironment signaling. This study additionally deter-
mined prognostic factors related to copper-dependent cell death genes in stomach adenocarcinoma, which could elucidate
qualities of the tumor surroundings and aid in the development of enhanced immunotherapeutic approaches.
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1. Introduction

Gastric adenocarcinoma arises from the epithelial lining of the stomach, with adenocarcinomas comprising over 90%
of stomach cancer diagnoses [1]. The annual global incidence exceeds 990,000 cases, resulting in approximately 738,000
deaths [2]. The second deadliest cancer globally and the fourth most prevalent form to be diagnosed is gastric cancer. [3].
Stomach cancer imparts substantial strain on medical systems globally [4]. Long-term survival rates remain poor, with 5-year
survival around 20% [5]. Although endoscopy is essential for diagnosing gastric malignancies, its cost and invasiveness pose
significant barriers for many individuals [6], highlighting the need for non-invasive diagnostic markers [7]. Up to now,
STAD treatment mainly relies on radiation and surgery, as there are no specific drugs available.. However, these methods
have failed to significantly improve patient survival, making the identification of efficacious treatment targets and prognostic
indicators crucial for extending survival in gastric adenocarcinoma.

Cancer immunotherapy aims to activate anti-tumor immunity, manage and eradicate tumors, using targeted antibodies,
inhibitors and other therapies. Immunological checkpoints, including CTLA-4 and PD-1, are membrane-bound particles
predominantly present on T lymphocytes. When the checkpoint binds to the ligand, it inhibits the initiation and intensity of
the immune response [8-9]. Checkpoint inhibitors re-establish the anti-cancer function of killer T cells through impeding
these immunological checkpoints or their binding partners. The effectiveness of ICIs has been confirmed by numerous
clinical studies. For example, immunotherapeutic approaches have the potential to elevate the 3-year survival rate in SCLC
patients to 31%, a nearly threefold improvement compared to chemotherapy alone [10-11]. However, some patients with
SCLC have shown resistance to this treatment [12]. Although ICIs have been effective in some cancer clinical trials, such
as metastatic melanoma, their effectiveness in treating most solid cancers is still limited. [13-15]. These findings suggest
that depending solely on current biomarkers is insufficient for precisely evaluating patient outcomes and choosing optimal
treatment approaches. As a result, an urgent requirement exists for discovering innovative biomarkers and predictive
frameworks capable of addressing the evident diversity in disease outcomes.

Copper is an essential trace element for living organisms, and its concentration balance is crucial for maintaining the
normal functioning of biological systems. Copper deficiency can inhibit enzyme activity, while excess can trigger cell death
[16]. Excessive copper can trigger a novel cell death mechanism - mitochondrial dependent copper mutations, which bind
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to lipid modified citric acid cycling components, leading to protein aggregation, iron sulfur cluster depletion, and stress
response, ultimately triggering cell death. In addition, copper serves as a key cofactor for various enzymes, participating
in numerous enzyme pathways and important biological functions. Although the levels of copper ions within the body are
maintained in a fluid balance, perturbations to this balance result in cellular toxicity and the activation of cellular death via
diverse mechanisms. Recent studies have shown that copper poisoning is closely related to cancer development, prognosis,
and treatment, and can induce cell anti-tumor activity and inhibit STAD cell growth. Moreover, copper is associated with the
formation, proliferation, and dissemination of cancerous growths. Nevertheless, STAD cells lack several cuproptosis-related
genes [17,18,19,20,21].

Our research utilized computational techniques to examine information from cancer genomics repositories to explore
how genes associated with this novel cell death pathway impact cancer advancement, the cellular milieu within tumors,
response to immunotherapy, and patient outcomes in stomach cancer. Moreover, stomach cancer patients were categorized
into separate cohorts to assess differences in diagnostic value, genetic features, treatment response, and immune cell presence.
Have developed a prognostic model for cell death gene expression to accurately predict cancer prognosis, aiming to elucidate
the relationship between new cell death pathways and gastric malignant tumors, and explore new immunotherapy methods.

2. Materials and Methods

2.1 Data sources

Download the GSE84433 dataset from the Public Genomics Library, which contains microarray gene expression data
from 413 patients, for analysis.

Genes involved in the cell death pathway were identified through a review of published studies, and information was
collected from genomic and gene annotation databases. Additional analyses utilized RNA sequencing information from the
same microarray and a cohort of stomach adenocarcinoma patients. Genetic alteration information was acquired from the
same cancer genomic repositories. The RNA quantification analyzed in this research originated from the aforementioned
databases after acquiring the unprocessed data and performing quality control and standardization. A statistical technique
was applied to correct for technical variation unrelated to the biological conditions[22,23].

2.2 Data processing and differential screening

Genes with significantly different expression levels in the microarray were determined using a linear modeling
approach in the R programming language. Genes were considered differentially expressed if they met a minimum fold-
change magnitude and statistical significance threshold. Visual representations of the gene expression patterns were created
using R graphing libraries.

2.3 GO and KEGG enrichment analysis
This study used the clusterProfiler R package for GO, KEGG, and other analyses to elucidate the biological roles,
processes, and genomic enrichment of differentially expressed genes [24-25]

2.4 CRG genotyping

We assessed genes in the combined TCGA and GEO data for survival associations via Cox regression to determine
prognostic categories. Genes with p<0.05 based on cuproptosis-related gene expression across samples were filtered out, and
samples were categorized into A and B groups using the Cluster R package. A gene cluster was generated using the CRGs-
based prognosis-related genes, and the tumor pattern was quantified using the "NMF" software. Patients are divided into
high and low risk groups, and their clinical characteristics and survival outcomes are compared.

2.5 Relationship between molecular patterns, clinical characteristics and TME

Kaplan Meier analysis evaluated the impact of the evaluation mode on survival rate, and STAD patients also calculated
matrix and immune scores.Examined how the two subgroups connected with the main immunological checkpoint gene
expression.The Immunocore R function quantifies immune infiltration in high-risk and low-risk groups, evaluates the number
of immune cells through classification [26-27], compares the proportion of immune cells in the tumor microenvironment,
and studies the functions and relationships of 22 immune cells in copper toxicity related genomes. Within each category,
changes in immune checkpoint expression were evaluated using Spearman analysis.

2.6 Survival analysis of cuproptosis subtypes
Kaplan Meier analysis was used to evaluate the survival rate of high-risk groups, and PCA, t-SNE, and dimensional
analysis were used to show differences. Cox analysis confirmed that copper toxicity gene scores independently predicted
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prognosis. The concordance index, calibration curves, and decision curve analysis evaluated the predictive power of the
column plots. ROC curves that varied with time were generated at 1, 3, and 5 years with the timeROC R package [28] to
validate the predictive performance of the created column charts.

2.7 Examination of the tumor's microsatellite instability and mutation burden

Use maftools to analyze gene mutations in risk groups and explore the relationship between CRG scores and TMB.
Use Survminer to find the optimal cutting point score for TMB patients in the low high TMB group, and comprehensively
analyze the effects of TMB and CRG scores on OS, as well as the relationship between CRG score and MSI.

2.8 Drug sensitivity analysis

Calculated the IC50 values of drugs to assess treatment efficacy, compared drug sensitivity between high-risk and low-
risk groups, and searched for relevant drugs in the GDSC database. At the same time, the immune phenotype scores of each
subgroup of STAD patients were evaluated, and the research results were obtained from the Cancer Imaging Archive.

2.9 Statistical analysis

Log-rank tests and R survival package analysis were employed to evaluate the survival rates for different groups.
Furthermore, Wilcoxon tests were applied for pairwise data group comparisons, while Kruskal-Wallis tests were utilized
when comparing three or more data groups [29]. Survival curves for each subgroup were generated using Kaplan-Meier
analysis. Chi-square tests were performed to evaluate the mutation frequencies in different sub-groups of ICI scores and
somatic cells, with correlation coefficients calculated using Spearman's analysis.

3. Results

3.1 Altered gene expression due to cuproptosis gene variants in STAD

This study identified 19 genes and analyzed their expression in healthy and malignant tissues using the TCGA-STAD
dataset. Figure 1A shows the upregulation and downregulation of some genes. Summarizing the prevalence of copy number
variations (CNVs) and cellular mutations in CRGs within STAD. Genetic heterogeneity was observed in just 99 out of
431 samples (22.97%). NLRP3 and ATP7B have mutation frequencies of 4% and 3%, respectively (Figure 1B). Figure
1C illustrates the genomic locations of CNVs in the CRGs. There was a generalized change in the CNV of 19 genes. In
addition, the CRGs interaction network diagrams were utilized to illustrate their interactions (Figure 1D). According to
further studies on the frequency of CNV substitutions, the frequency of CNV amplification was greater in NLRP3 and
LIPT2, and conversely CNV deletions were more prevalent in genes including FDX1, DBT, and CDKN2AFigure 1E ).
Research indicates that CRGs exhibit differential expression patterns in STAD, implying their crucial involvement in STAD
development and progression.

Altered in 99 (22.97%) of 431 samples.
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Figure 1. (A) differential expression of CRG; (B) CRG somatic mutation rate in STAD patients; (C) The chromosome distribution of CNV in
CAG:; (D) CAG is part of the PPI network; (E) The frequency of CNV changes is indicated by green dots indicating downregulation and red dots
indicating upregulation, with P<0.05 indicating statistical significance.

3.2 Gene enrichment analysis pertaining to cuproptosis

The correlation between CRG expression levels and patient prognosis was studied, and it was found that the expression
levels of 13 genes were strongly correlated with prognosis, among which the expression of 9 genes such as ATP7A was
positively correlated with good prognosis. According to KEGG and GO enrichment studies, the growth of the digestive tract
and xenobiotic stimulation are the main causes of gene enrichment. (Figure 2A and 2B).

3.3 Utilizing cuproptosis genes for tumor categorization and immune infiltration analysis

Using the GSE84433 dataset, unsupervised clustering was performed on the expression of 19 CRGs in STAD samples,
and the differentiation was most pronounced at k=2 (Figure 2A). The PCA scatter plot also showed significant differences
between the two subtypes, with k=2 being the most suitable (Figure 2B). The expression of CRG among subtypes showed
significant differences (P<0.05) in 13 genes including LIAS (Figure 2F). A notable disparity in tumor stage was evident
between the two groups. The biological activity of CRGs was investigated using GSVA analysis, wherein the onco-genic
activation mechanisms included (Figure 2E). Survival analysis demonstrated significantly improved survival outcomes for
group B compared to group A(Figure 2G).
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Figure 2. (A) KEGG enrichment; (B) To enrich the analysis; (C) Coherent clustering screening of molecular subgroups; (D) Different subtypes
of PCA; (E) GSVA study, red and blue indicate positive and negative correlation pathways; (F) Differential expression analysis of CRGs; (G)
Survival analysis of subtypes A and B using logarithmic rank test and KM plot.

3.4 Developing and assessing risk prediction models based on CRG scores

The predictive genes for STAD were identified by the LASSO regression method, considering the unique characteristics
of each STAD patients. Two models were built with the identified genes: a prognostic model and a minimal regression
model. These models assigned a CRG score to individual patients, creating a quantitative CRG scoring system (Figure 3A).
K-W analysis was established to confirm the correlation between CRG scores and CRG groupings. The analysis revealed
that group B was associated with higher scores and group A with lower scores (Figure 3B and 3C ). Elevated CRG scores
correlated with worse prognosis for patients in both groups. K-M analysis showed that the survival rate of the high-risk
group was lower than that of the low-risk group (Figure 3D). The alluvial plot displays patient characteristics, with low CRG
scores indicating good survival and high scores indicating poor survival (Figure 3E). Copper poisoning is associated with
gene expression in patients with different risks (Figure 3F).
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Figure 3. (A) Plotting partial likelihood bias on log(Lambda). (B) LASSO regression analysis.(C) Risk ratings for molecular subtypes A and B
were analyzed differently. (D) Differential analysis of risk scores for three genotypes, A, B, and C. (E) Alluvial plots of the process of constructing
prognostic models with different molecular subcategories, genotypes, and risk scores.(F) Distinct examination of CRG expression.
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3.5 Evaluating the predictive power of the risk models

According to the median threshold and risk score, patients were divided into high-risk or low-risk groups, with the

high-risk group having a poorer prognosis (Figure 4A). ROC curve analysis shows the predictive performance for 1, 3, and 5
years, with AUC values shown in Figure 4B. The risk score of the experimental queue is positively correlated with survival
outcomes, with higher risk scores leading to higher mortality rates (Figure 4C). The Train cohort results, displayed in Figure
4D, were consistent with the Test cohort findings, where higher risk scores corresponded to reduced survival, supporting the
validity of the model.
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3.6 Comparison of immunoreactivity between subgroups
According to STAD immune infiltration analysis, there were more innate immune cells in the tumor microenvironment

of group B (Figure 5A). Figures 5B-G show that high CRG risk scores are associated with high concentrations of various
immune cell types. Risk score is positively correlated with immune and matrix scores (Figure SH). The association analysis
between immune cell populations and four key genes shows that there is a significant correlation between most immune
cells, such as SLC27A2, which is negatively correlated with memory B cells and regulatory T cells, and positively correlated
with MO macrophages; SFRP2 is negatively correlated with CD4 memory cells in activated T cells (Figure 5I).
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3.7 Construction and evaluation of column charts based on CRG scores

Based on the comprehensive patient characteristics (gender, age, TNM stage) and CRG risk score, a column chart was
drawn to predict the overall survival rate at 1, 3, and 5 years (Figure 6A). An increase in score indicates poorer clinical
outcomes. The calibration curve evaluates the predictive ability of the column chart and shows that the model predicts
accurately (Figure 6B).

Points

Gender

risk™*

T

220

r( futime > q)\ 1

Pr( futim

{ futime >

ol

FE
)
H

e > 3y g3
b

o BadaioL L e
¥
3- i
£ / / I
< o /Y
8 S /
°
g = |
W o 1
8 i
N
< 1-year
— 3-year
o | —— G5-year
o
T T T T T T
0.0 02 0.4 0.6 0.8 1.0

Nomogram-—predicted OS (%)

B

Figure 6. (A) Nomogram predicting OS at 1, 3, and 5 years in patients with STAD.(B) nomogram correction curve.

Journal of Clinical

Medicine Research

126 | Jinyuan Li, et al.



3.8 Analysis of the relationship between the TMB and MSI and the CRG score

To get further insight into the immunological traits of various risk subtypes, we looked at differences in the distribution
of somatic substitutions among various CRG_score groups (Fig 7A and 7B).Twenty genes were found to have the greatest
frequencies of mutation in the two risk categories. Based on these findings, it appears that missense mutations predominated
among the two types of mutations. In both groups, the mutation rates for TTN, TP53, and MUC16 were greater than 20%.
This suggests that they were common in both groups. The likelihood of mutation is higher in the low-risk group than in the
high-risk group. There is a negative correlation between TMB and CRG scores (Figure 7C). The high-risk group had fewer

MSI-H patients (10% vs 25%) (Figure 7D), and the MSI-H group had the lowest CRG score (Figure 7E).

Altered in 183 (88.83%) of 206 samples.

Altered in 179 (94.21%) of 190 samples.
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Figure 7. CRG_score correlation analysis using TMB and MSI. (A, B) Using the high and low CRG scores, a graph representing the genomic

alterations brought about by somatic mutations has been created. (C)Correlation between TMB and CRG scores (D) The variance in the

percentage of distinct microsatellite instability statuses between the two vulnerable subgroups. (E) Variation in CRG_score among distinct status

groups for microsatellite instability

3.9 Drug sensitivity analysis

To evaluate the sensitivity of LR and HR groups, anti-cancer drug analysis was selected. Patients with elevated CRG
values have decreased IC50 values for Elesclomol, dasatinib, and bleomycin. In contrast, patients with lower CRG values
exhibited significantly decreased IC50 values for the chemotherapy agents Gemcitabine, Bosutinib, and Metformin, implying

that CRG values are associated with drug sensitivity in STAD patients (Figure 8A-F).
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Figure 8. Predicted half-maximal inhibitory concentration (IC50) values. (A-F) IC50 values for six chemotherapeutic agents.
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4. Discussion

STAD ranks among the top three most prevalent and deadly malignancies in China, placing a significant burden on
the healthcare system. Its development is influenced by multiple factors, such as lifestyle, heredity, and environmental
conditions. Timely screening and endoscopic detection are often lacking, resulting in a low early diagnosis rate (<10%) for
STAD in China. About half of the patients present with metastatic tumors, predominantly peritoneal metastasis (61%-80%),
at the time of initial diagnosis [30]. The current treatment of STAD mainly includes endoscopic and surgical local resection,
chemotherapy, radiotherapy, biotargeted therapy, and immunotherapy, etc. [31].

Analyzing transcriptomic data from extensive public repositories like TCGA and GEO enables a thorough comprehension
of the genetic terrain, discovery of novel biomarkers, evaluation of treatment options, and prognostic predictions [32,33].

Dysregulation of copper homeostasis is implicated in numerous pathologies. Research indicates that copper plays a
crucial role in cellular proliferation, blood vessel formation, and cancer progression [34]. However, when concentrations
are higher than what is necessary to maintain cellular equilibrium, it can be harmful to cells. Excessive copper induces
mitochondrial mediated cell death by interacting with components of the lipidated TCA cycle[35], and the mechanism is still
unclear (leading to accumulation of lipidated proteins, depletion of iron sulfur cluster proteins, protein toxicity stress, and
ultimately cell death).Clusters B and C displayed the poorest overall survival and elevated CRG scores across the three gene
clusters. Consistently, higher CRG scores correlated with worse clinical outcomes, implying their prognostic value.

Immune and stromal cells are key components of TME, closely related to the clinical characteristics and patient prognosis
of STAD. The ESTIMATE algorithm predicts TME and shows a significant increase in immune and stromal scores in the high
CRG score group. This implies a correlation between cuproptosis and TME, advancing STAD development and progression.
Previous research indicates that dysregulated immune cells facilitate STAD advancement and regulate cell death, while
immunotherapy targeting checkpoints improves survival in advanced cancer patients [36]. Utilizing CRG assessment, a
precise prognostic framework was developed to forecast alterations in the tumor microenvironment. Thoroughly examining
CRG and clinical factors can help evaluate the efficacy of immunotherapy[37]. There are significant differences in clinical
prognosis, genetic changes, and immune cell infiltration among the patient groups. Integrate age, tumor staging, and CRG
score to create a composite graph of enhanced predictive framework.

Copper mutation is a novel form of cell death that relies on the interaction between copper ions and tricarboxylic acid
cycling components, reducing mitochondrial respiratory reserve capacity [38]. In addition, intermediates accumulated by
TCA cycle can contribute to cancer progress. Considering these findings, we proposed that excessive copper disrupting
the TCA cycle and the resulting mitochondrial respiration could potentially hinder STAD cell proliferation, thus impeding
tumor progression. Genes linked to cell death caused by copper could serve as therapeutic targets for STAD, while copper-
associated genes may offer novel predictive markers for STAD treatment outcomes and prognosis. This provides fresh
insights into the function of copper ions in STAD by modulating specific signaling cascades and influencing metabolic
pathways.

The low CRG score group showed significantly higher IC50 values for 9 molecules, while the high CRG score group was
more sensitive to these treatments. Evaluated the responsiveness of the CRG scoring queue to commonly used anti-cancer drugs
to guide treatment decisions. The CRG score can be used to evaluate patient CRG expression and tumor microenvironment
characteristics.This approach aids in determining the tumor's immunophenotype and offers insights for more precise and
potent treatment plans. Moreover, CRG score was used as a standalone prognostic indicator to forecast immunotherapy
effectiveness in STAD patients. With our findings, we may be able to pinpoint many STAD immunophenotypes, develop
targeted and accurate immunotherapy, and boost the therapeutic effectiveness of immunotherapy for patients.

5. Conclusion

Using a variety of in silico techniques, we examined the possible function of CRGs in the TME of STAD tissues
by analyzing specific cohorts from GEO and TCGA. There were differences between the two groups of clinical and
immunological characteristics. Consequently, a predictive nomogram and a signature connected to CRG were created. Low
CRG score is associated with high microsatellite instability, immune activation, high tumor mutation burden, improved
survival rate, and higher immune responsiveness to ICI. CRG may affect the tumor immune microenvironment and clinical
outcomes of STAD patients, which is of great significance for evaluating immune therapy and targeted therapy response, and
can predict treatment response and prognosis of STAD patients.
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