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Background: Chronic obstructive pulmonary disease (COPD) is a leading cause of death worldwide, and its pathogenesis and 
potentially relevant biomarkers require further study. Imbalance in copper (Cu2+) metabolism is related to a series of diseases, but its 
role in COPD has not been specified.
Methods: A dataset relevant to COPD was downloaded from Gene Expression Omnibus database, among which a total of 18 
cuproptosis-related genes (CRGs) were screened. The SimDesign package was used to perform single-factor Rogers regression to 
screen genes associated with disease phenotypes, risk score prediction models were constructed, and Receiver Operating Characteristic 
(ROC) curves were used to evaluate the efficacy of the prediction models. In addition, we verified the expression of CRGs in subtypes 
and the correlation between subtypes and clinical characteristics using a database. Finally, immune correlation analysis was used to 
explore immune cell infiltration.
Results: Five biomarkers (DLST, GLS, LIPT1, MTF1, and PDHB) were identified. ROC analysis illustrated that these five 
biomarkers performed well (area under the curve (AUCs)>0.7), and the enrichment scores of diagnostic CRGs were significantly 
different among subtypes, among which the chi-square test P-values of the age groups were significantly different. The immune 
infiltration evaluation of cuproptosis subtypes revealed that the correlation analysis results of 22 types of immune cells showed 
a significant correlation between these cells, and the five CRGs were significantly correlated with the content of most immune cells in 
the 22 types of immune cells. The four pathways with the most significant differences in GSEA among subtypes were Oxidative 
Phosphorylation, Parkinson’s Disease, Purine Metabolism, and Drug Metabolism Cytochrome P450.
Conclusion: This study identified five candidate genes for further investigation (DLST, GLS, LIPT1, MTF1, and PDHB) and 
constructed disease prediction models and pathogenesis pathways. This study can provide a basis for further research on the role of 
cuproptosis in COPD.
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Introduction
Copper (Cu2+), an essential microelement, is a key catalytic cofactor involved in a series of biological processes 
including antioxidant defense, mitochondrial respiration, and biological compound synthesis.1 Cuproptosis is a newly 
defined form of cell death that is caused by excess Cu2+. Programmed cell death induced by Cu2+ is different from other 
forms of cell death such as apoptosis, iron death, and necrotic death.2 Intracellular Cu2+ targets and binds the fatty 
acylated components of the tricarboxylic acid (TCA) cycle; subsequently, Fe-S (iron sulfur) clusters are reduced, which 
induces protein-toxic stress and ultimately leads to cell death.3,4
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Chronic obstructive pulmonary disease (COPD) is a frequently occurring chronic airway disease and is the 
third leading cause of death worldwide.5 It is a major contributor to the global burden of disease (premature death 
and disability), yet receives little attention from healthcare providers and policymakers.6 It is characterized by 
continuous restricted airflow and progressive development, which seriously endanger the health of the human 
respiratory system.7 Epidemiological surveys show that the prevalence rate of adults over 40 years of age in China 
is approximately 13.6%.8 Mitochondria are important organelles that are the centers of material metabolism and 
energy production in the body.9 Recent studies have reported that changes in energy homeostasis can affect the 
occurrence and progression of airway diseases and that mitochondria-related oxidative stress, cellular aging, 
apoptosis, and immune and inflammatory responses are involved in the pathogenesis of airway diseases.10

Notably, Cu2+ imbalance has been linked to a variety of pathological processes such as neoplastic processes, 
cardiovascular diseases, and neurodegenerative diseases.2,11–13 Cardiac tissues require an appropriate level of Cu2+ 

to attain mitochondrial function, and mitochondria generate a large amount of energy to maintain normal heart 
function.14 Previous experimental animal models have shown that Cu2+ deficiency results in hypertrophic 
cardiomyopathy.15 Cu2+ deficiency usually leads to mitochondrial swelling and rupture, myofibrillar disorders, 
and muscle cell enlargement, eventually resulting in cardiac morphological changes.16 Functionally, damaged 
mitochondrial respiratory function and electrocardiographic abnormalities have been observed in Cu2+-deficient 
hearts. Previous studies have also found that the accumulation of Cu2+ can affect mitochondrial respiration through 
the TCA cycle in a large number of lung diseases,1 including pulmonary fibrosis,17 lung cancer18,19 and 
bronchopulmonary dysplasia.20 However, the root cause and mechanism of cuproptosis in COPD is unclear.

In this study, we aimed to comprehensively investigate the molecular alterations and associated pathways of 
cuproptosis-related genes (CRGs) in COPD patients. Our analysis examined the important CRGs involved in the 
development of COPD, emphasized the significance of CRGs in the development of COPD, and laid the foundation 
for the search for therapeutic applications related to cuproptosis modulators in COPD.

Materials and Methods
Expression Spectrum Data Download and Processing
The COPD-related datasets (number of GSE8581, GSE37768, GSE38974, GSE57148, GSE76925) were downloaded from 
the NCBI GEO database21(GeneExpressionOmnibus, GEO, http://www.ncbi.nlm.nih.gov/geo/). This study was approved by 
the Ethics Board of the Affiliated Hospital of Nantong University (No.2020-L088). Among them, we extracted normal 
samples and COPD samples, and finally obtained 19 normal samples, 16 disease samples from GSE8581, 20 normal 
samples, 18 disease samples from GSE37768, 9 normal samples, 23 disease samples from GSE38974, 91 normal samples, 98 
disease samples from GSE57148, 40 normal samples, and 111 disease samples from GSE76925. For the GSE38974 and 
GSE76925 datasets, we used the sva package22(https://www.bioconductor.org/packages/release/bioc/html/sva.html, 
Version:3.42.0) to remove the batch effect as the training set and for the GSE37768, GSE57148, and GSE8581 datasets as 
the verification set. We directly downloaded the processed and standardized probe expression matrix and corresponding 
platform annotation file to transform the probe into gene symbols. For different probes corresponding to the same gene 
symbol, the average values were used as the gene expression values for subsequent analysis.

Acquisition and Expression Pattern Analysis of Copper Death Gene
First, 19 CRGs were obtained from the study and 18 CRGs were screened by matching the genes in the GEO data. 
Furthermore, we analyzed the normal versus diseased expression of all CRGs and used the Wilcoxon rank-sum test to 
analyze the differential expression of CRGs in normal and diseased tissues. At the same time, Pearson correlation analysis 
was performed on 18 CRGs in the GEO training set, and a p-value less than 0.05 was considered a significant correlation.

Construction of Prediction Model of CRGs
In the training set, we first used the SimDesign package to conduct a single-factor Rogers regression for 18 CRGs and 
screened the genes related to the disease phenotype (normal/disease). Furthermore, LASSO regression analysis of the 
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glmnet package23(https://cran.r-project.org/web/packages/glmnet/index.html, Version:4.1–4) was used to construct the 
following Riskscore model according to the gene regression prognosis coefficient and gene expression level in the 
training set sample. Cross-validation was used to optimize lambda values to improve the stability of results. The risk 
score calculation formula was as follows:

Here, β represents the LASSO regression coefficient of the gene and Expgene represents the expression level of the gene 
in the training set.

Furthermore, to verify the accuracy of the model, the same regression coefficient was used to calculate the Riskscore 
value of each sample in the validation set according to the Riskscore calculation formula; then, all samples in the training 
and validation sets were divided into high according to the median value of Riskscore_ Risk (Riskscore score is higher 
than or equal to the median value of Riskscore) and Low_ Risk (Riskscore score is lower than the median value of 
Riskscore) sample groups, and the Kaplan – Meier curve method was used to evaluate high using the survival package_ 
Risk and Low_ The correlation between the grouping of risk and the actual survival prognosis information, and the 
Receiver Operating Characteristic (ROC) curve was used to evaluate the effectiveness of the prediction model.

Evaluation of Immune Infiltration in Normal and Diseased Samples
To further explore the difference in immune infiltration between normal and diseased samples in the training set, the 
CIBERSORT24(https://cibersortx.stanford.edu/) algorithm was used to determine the scores of 22 immune cells. The 
Wilcoxon rank-sum test was used to evaluate the differences in immune cells. Spearman correlation coefficient was used 
to evaluate the correlation between the diagnostic copper death gene (the gene used to build the prediction model) and the 
22 types of immune cells.

Molecular Subtype Prediction of Cuproptosis
Based on the expression profile data of the diagnostic CRGs, the ConsensusClusterPlus package including Delta Area, 
Consensus CDF and Consensus matrix25(https://www.bioconductor.org/packages/release/bioc/html/ 
ConsensusClusterPlus.html,Version:1.58.0) is used to uniformly cluster the disease samples in the training set to obtain 
the molecular subtypes of the disease samples. To verify the accuracy of typing, we used the ssGSEA algorithm of the 
GSVA package26(https://www.bioconductor.org/packages/release/bioc/html/GSVA.html,Version:1.42.0) to evaluate the 
CRGs of disease samples and used the Wilcoxon rank-sum test to analyze whether the CRGs were significantly different 
among subtypes. In addition, we used the ComplexHeatmap package27(https://bioconductor.org/packages/release/bioc/ 
html/ComplexHeatmap.html, Version:2.10.0) to display the expression of CRGs in subtypes and the correlation between 
subtypes and clinical characteristics. Because correlation analysis requires continuous variables and must exist in each 
dataset of the training set, we selected age as the clinical feature for correlation analysis. To determine whether the 
difference in age between the molecular subtype groups was significant, we used the chi-squared test to compare the 
significance of the difference between the clinical subtype characteristics in the molecular subtype group. Statistical 
significance was set at p < 0.05.

Evaluation of Immune Infiltration Microenvironment of Cuproptosis 
Subtypes
To further explore the relationship between the diagnosis of the molecular subtype of cuproptosis and immune 
infiltration, the TME score and the scores of 22 immune cells were determined by executing ESTIMATE28(https:// 
bioinformatics.mdanderson.org/estimate/rpackage.html,Version:1.0.13) and CIBERSORT in R. Wilcoxon rank-sum test 
was used to evaluate the difference between the TME score and immune cells. At the same time, we also obtained 17 
immune-related pathways from the ImmPort database29(https://www.immport.org/home), and then calculated the enrich
ment scores for the above 17 immune categories using the ssGSEA algorithm, and compared the enrichment differences 
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in different subtypes using Wilcoxon test. Finally, we conducted GSEA among the molecular subtypes to identify 
pathways with significant differences and enrichment among subtypes.

Results
Cuproptosis Gene Expression and Correlation Analysis
We analyzed the expression of 18 copper death genes in normal and diseased samples from the training set Figure 1A). 
The results showed that DLST, GC5H, PDHB, and other genes were significantly lower in the normal samples, and DLD, 
GLS, and other genes were significantly higher in the normal samples. The results of the correlation analysis of 18 copper 
death genes (Figure 1B) showed that most genes were significantly correlated, indicating that these genes may jointly 
regulate some biological processes in COPD.

Construction of Cuproptosis Gene Prediction Model
Nine genes significantly related to the disease phenotype were identified from 18 copper death genes using single-factor 
Rogers regression (Figure 2). The results are shown in Annex1.GEO unilogi. Furthermore, five genes were obtained 
using LASSO regression to screen for variables, namely DLST, GLS, LIPT1, MTF1, and PDHB, and a prediction model 
was constructed using these five genes (Figure 3A and B). The results are shown in Annex2. GEO feature lasso. In the 
training set, the AUC value of the ROC curve of the constructed model was greater than 0.7 (Figure 4A), indicating that 
its prediction efficiency was good. At the same time, there was a significant difference in risk scores between normal and 
diseased samples (Figure 4B). In order to verify the results of the training set, we also performed ROC curve analysis in 
the validation set, and found that the AUC value in the validation set was still greater than 0.7 (Figure 4C), and the risk 
score was still significantly different between the normal samples and the disease samples (Figure 4D).

Correlation Analysis of the Diagnosis of Cuproptosis Genes
First, we analyzed the correlation between the diagnostic copper death gene and the clinical characteristic age in the 
training set (Figure 5) and found that only the GLS gene was significantly correlated with age (Figure 5B), whereas 
DLST (Figure 5A), LIPT1 (Figure 5C), MTF1 (Figure 5D), and PDHB (Figure 5E) genes were not significantly 
correlated with age. Each point in the figure represents a sample; the horizontal axis is age, the vertical axis is the 
gene expression value, and the height of the surrounding bar graph represents the number of samples in the horizontal or 
vertical axis range. We then conducted a CIBERSORT immune cell infiltration assessment for the training set. The results 
are shown in Annex3. Correlation analysis CIBERSORT. The results showed that the composition of the immune cells 

Figure 1 (A) Box plot of expression of 18 cuproptosis genes in normal and diseased samples. (B) Correlation analysis heat map of 18 cuproptosis genes, the correlation 
p value of the cross symbol is > 0.05; red represents positive correlation and blue represents negative correlation.
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Figure 2 Single factor Rogers regression forest plot.

Figure 3 (A) LASSO regression analysis variable coefficient value change curve. (B) Scatter plot of the relationship between cross-validation error and log(λ) value of 
LASSO regression analysis.
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differed among the different samples (Figure 6A). There were significant differences in the number of multiple immune 
cells between normal and diseased samples (Figure 6B). The correlation analysis results of 22 immune cells showed 
a significant correlation between these cells (Figure 6C), and the five copper death diagnosis genes were significantly 
correlated with the content of most immune cells in the 22 types of immune cells (Figure 6D).

Prediction of Molecular Sub-Types of Cuproptosis
Based on the expression profile data of five diagnostic copper death genes, according to the consistency cluster analysis 
result graph, we determined that k=2 is the best classification threshold (Figure 7), so the disease samples in the training set 
are divided into two subtypes, namely Cluster1 and Cluster2 For subtype information of disease samples, see Annex 3. 
Molecular typing/cluster.txt file. We verified the typing results based on ssGSEA enrichment scores of the five diagnostic 
copper death genes. The results showed that there were significant differences in the enrichment scores of the diagnostic 
copper death genes among the subtypes, indicating that our typing results were good (Figure 8A), the expression values of 
the five diagnostic copper death genes were different among different subtypes (Figure 8B), and the chi-square test p values 
of the age groups among the molecular subtypes were significantly different (Figure 8C).

Figure 4 (A) ROC curves for the predictive power of risk scores in the training set. (B) Box plot of the differences in risk scores between normal and disease samples in 
the training set. (C) Validation of the ROC curve for the predictive power of pooled risk scores. (D) Box plot of the difference in risk scores between normal and disease 
samples in the validation set.
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Figure 5 (A) Scatterplot of correlation between DLST gene and age. (B) Scatter plot of correlation between GLS gene and age. (C). Scatter plot of correlation between 
LIPT1 gene and age. (D) Scatter plot of correlation between MTF1 gene and age. (E) Scatter plot of correlation between PDHB gene and age.
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Immune Infiltration Assessment of Cuproptosis Sub-Types
The CIBERSORT algorithm was used to evaluate immune infiltration of the disease samples. We found a significant 
difference in the number of multiple immune cells among the subtypes (Figure 9A). The results are shown in Annex 3. 
Molecular typing/combersort.txt. However, the ESTIMATE score evaluated by using the ESTIMATE algorithm, among 
the immune scores (Figure 9B and C), only the ESTIMATE score has significant differences among subtypes. See Annex 
3. Molecular typing/stimate.txt for the results. Some of the 17 immune-related pathways obtained from the ImmPort 
database also showed significant differences in enrichment scores among subtypes (Figure 10A and B). See Annex 3. 
Molecular typing/ssGSEA. txt. The first four pathways with the most significant differences in GSEA among the 
subtypes are shown in Figure 11.

Figure 6 (A) Stacked diagram of the percentage of immune cells in all samples using the CIBERSORT algorithm in the training set. (B) Box plot of the difference in the 
degree of immune cell infiltration between normal samples and disease samples assessed using the CIBERSORT algorithm, with ns indicating P≥0.05, * indicating P<0.05, ** 
indicating P<0.01, *** indicating P<0.001, **** indicating P<0.0001. (C) Correlation heat map of 22 types of immune cells; pink indicates positive correlation and green 
indicates negative correlation. (D) The heat map of the correlation between five diagnostic cuproptosis genes and 22 types of immune cells; pink indicates positive 
correlation and purple indicates negative correlation.
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Discussion
Intracellular Cu2+ accumulation may induce Cu2+ deposition and trigger mitochondrial fatty acylation proteins, leading to 
protein-toxic stress and ultimately cell death.1 This indicates that Cu2+ toxicity is highly related to mitochondrial 
dysfunction, which is an important pathophysiological factor in COPD.30 It has been widely reported that The 
cuproptosis regulatory process is closely related to mitochondrial metabolism. Cu2+ exposure may induce mitochondrial 
autophagy through the Parkin/PINK1 pathway.31 Excessive Cu2+ may produce lactate dehydrogenase, increase reactive 
oxygen species and superoxide dismutase, decrease the activity of glutathione and MMP, and upregulate the mRNA of 
Bax, Bak1, caspase3, and CytC in a dose-dependent manner, inducing cell apoptosis.32 Key targets of mitochondrial 
processes are becoming increasingly important as potential therapeutic measures for COPD.33 Although Cu2+ has been 
widely reported to be positively related to chronic lung disease, the relationship between cuproptosis and COPD and its 
underlying mechanism have not been reported. In this study, we screened differentially expressed CRGs and constructed 
a five-gene model. Compared with normal controls, DLST, GLS, LIPT1, MTF1, and PDHB showed improved diagnostic 
value in identifying COPD and thus have the potential to become candidate genes for further investigation of COPD. 
GSEA enrichment analysis showed that Oxidative Phosphorylation, Parkinson’s Disease, Purine Metabolism, and Drug 
Metabolism Cytochrome P450 were involved in the occurrence of COPD. In future studies, we will investigate COPD 
based on these associated pathways and identify candidate genes to provide powerful therapies to prevent and ultimately 
reverse disease progression at the molecular level.

Figure 8 (A) Box plot of differences between subtypes in ssGSEA scores for diagnostic cuproptosis genes. (B) Heat map of expression profiles of five diagnostic 
cuproptosis genes among subtypes. (C) Percentage stacked bar graph of age between molecular subtype groups in disease samples from the training set.

Figure 7 Consistency clustering result map, with k=2 as the best classification threshold. (A) The inflection point Delta Area diagram to determine the improvement of 
clustering effect through the change of CDF curve area of adjacent K values. (B) The Consensus CDF to evaluate the stability of sample classification under different cluster 
numbers (K values) based on the cumulative distribution function generated by the consistency matrix. (C) Consensus matrix that quantifies the stability of sample groups 
under different cluster numbers (K values) and assists in selecting the best cluster number.
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Current treatments for COPD mainly include ICS, LABA, and LAMA; however, current treatments are unable to stop 
COPD progression or target many of its signature features in many patients. This reflects that the lack of sufficient 
biomarkers to detect the molecular nature of COPD may make the treatment of COPD impossible to achieve precision.34 

According to previous reports, these genes play important roles in the TCA cycle and mitochondrial metabolism in 
numerous diseases,35–41 laying an important foundation for future research on the pathogenesis and development of 
COPD and drug development based on metabolic levels. DLST is a TCA circulating enzyme that promotes the growth 
and invasion of tumor cells.35 GLS is crucial for cellular energy metabolism and is responsible for converting glutamine 
to glutamate.36 Glutamate is used for the production of adenosine triphosphate through the TCA cycle or for the synthesis 
of other lipids and amino acids that are essential for bioenergetics and biosynthesis.37 So far, GLS research has focused 
on oncology.42,43 MTF1 is an extremely important transcription factor for heavy metal reactions, and may reduce 
oxidative and hypoxic stress in cells.38 LIPT1 is an important factor that regulates lipoic acid (LA) transport39 and 
participates in the TCA cycle and mitochondrial metabolism in cancer cells.40 PDHB, a pyruvate gene, is a nuclear- 
encoded pyruvate dehydrogenase that catalyzes the conversion of pyruvate to acetyl-CoA and inhibits the proliferation, 

Figure 9 (A) Box plot of differences in the degree of immune cell infiltration in samples assessed using the CIBERSORT algorithm among sub-types, with ns indicating 
P≥0.05, * indicating P<0.05, ** indicating P<0.01, **** indicating P<0.0001. (B) Box plot of the difference between the sub-types of the ESTIMATE score obtained using the 
ESTIMATE algorithm evaluation. (C) Box plot of differences in immune scores between sub-types evaluated using the ESTIMATE algorithm.
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Figure 10 (A) Box plot of differences in 17 immune-related pathways among sub-types, with ns indicating P≥0.05, * indicating P<0.05, ** indicating P<0.01, *** indicating 
P<0.001, **** indicating P<0.0001. (B) Heat map of enrichment scores of 17 immune-related pathways among sub-types.

Figure 11 The most significant top four pathways of GSEA for differential genes between sub-types, (A) Oxidative Phosphorylation. (B) arkinsons Disease. (C). Purine 
Metabolism. (D). Drug Metabolism Cytochrome P450.
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migration, and invasion of renal tumor cells.41 In conclusion, these genes play important roles in mitochondrial 
metabolism, however, the expression and role of DLST, GLS, LIPT1, MTF1, and PDHB in COPD have not yet been 
totally studied.

Previous studies have shown that the lung tissue of patients with COPD contains more resting NK cells, neutrophils, 
and activated dendritic cells, whereas the proportion of resting dendritic cells and follicular T helper cells is relatively 
low. According to the relevant theories of the immune mechanism of COPD in recent years, multiple novel immuno
modulatory drugs may repair damaged airway or promote immune reconstruction, thus reducing the incidence rate and 
severity of COPD attacks and then improving exercise tolerance and quality of life of patients.24,44–47 In this study, the 
immune infiltration assessment of CRGs showed enrichment in four pathways with the most significant differences. 
These include oxidative phosphorylation, Parkinson’s disease, urinary metabolism, and drug metabolism by cytochrome 
P450. In future studies, we plan to investigate immunotherapy for COPD, based on these immune-related pathways.

Our study revealed a potential link between the genes associated with Cu2+ metabolism and COPD, highlighting 
a series of candidate genes for further investigation. These newly discovered biomarkers may become routine diagnostic 
strategies for evaluating patients with COPD in the future. Cu2+ metabolism is a crucial pathway in COPD, and the 
release of Cu2+ may become a key target in the treatment of COPD; however, the underlying mechanisms require further 
exploration.

Limitation
Our study had several limitations. First, we used multiple datasets, but the sample size was still too small, which should 
be confirmed in a larger study with a larger sample size. Second, the link between the identified pathways and COPD 
pathogenesis is speculative, the interaction between the candidate hub genes and dysregulated immune cells is lack of 
experimental confirmation and clinical relevance. In future, we will verify the role and mechanism of the selected genes 
in COPD through experimental studies.

Conclusion
In summary, based on bioinformatics analysis, this study identified five CRGs (DLST, GLS, LIPT1, MTF1, and PDHB) 
and four related pathways (Oxidative Phosphorylation, Parkinson’s Disease, Purine Metabolism, and Drug Metabolism 
Cytochrome P450) with potential research value which contributed significantly to the development of a gene-drug 
network. This study has important implications for constructing candidate genes for further study in COPD.
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