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Background: This study establishes the first molecular stratification framework for chronic obstructive pulmonary disease (COPD) 
based on oxeiptosis biology, exploring how this reactive oxygen species (ROS)-induced cell death pathway shapes disease hetero
geneity. The precise role of oxeiptosis in COPD pathogenesis remains poorly understood.
Methods: Transcriptomic profiles from two independent cohorts, GSE47460 (220 COPD cases and 108 controls) and GSE76925 (111 
COPD cases and 40 controls), were systematically evaluated using a fully in silico computational pipeline. Oxeiptosis-related 
differentially expressed genes (ORDEGs) were identified through correlation and differential expression analyses, prioritized using 
machine learning, and then applied for unsupervised clustering. Subtypes were externally validated and functionally characterized 
through pathway enrichment and network analysis.
Results: The support vector machine (SVM) model prioritized four of the seven ORDEGs for further analysis. Two reproducible 
subtypes were identified: C1, characterized by diminished ORDEGs activity and significantly worse pulmonary function (FEV1% 
predicted: C1 vs. C2, 44% vs 59%, P < 0.05), and C2, marked by heightened activity and less severe dysfunction. Weighted gene 
coexpression network analysis (WGCNA) revealed a black module associated with subtype classification, enriched in cytokine 
signaling and extracellular matrix remodeling pathways. A predictive model was constructed to investigate clinical applicability.
Conclusion: This computational discovery framework introduces an oxeiptosis-specific molecular taxonomy of COPD. The results 
underscore oxidative stress and the interaction between immune regulation and matrix remodeling as pivotal elements linked to disease 
heterogeneity, presenting potential pathways for precise diagnosis and treatment.
Keywords: COPD, oxeiptosis, oxidative stress, molecular subtypes, machine learning

Introduction
Chronic obstructive pulmonary disease (COPD) is the fourth leading cause of mortality worldwide, accounting for 
approximately 3.5 million deaths, nearly 5% of all global deaths in 2021.1 The disease is characterized by progressive 
and irreversible airflow limitation, mainly due to chronic inflammation and structural changes in the airways. COPD is 
closely associated with prolonged exposure to deleterious particulates and gases, especially tobacco smoke, which 
expedites the deterioration of pulmonary function.2,3 Despite advances in therapeutic strategies, current interventions 
remain insufficient to halt or reverse disease progression. The molecular basis for COPD heterogeneity is still not well 
understood.
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The pathogenesis of COPD is characterized by a complex interaction among chronic inflammation, oxidative stress 
dysregulation, and the protease-antiprotease system.4,5 Reactive oxygen species (ROS), originating from exogenous 
sources such as cigarette smoke and endogenous sources including activated inflammatory cells, surpass antioxidant 
defense mechanism in the lung.6,7 This oxidative imbalance damages cellular macromolecules, activates pro- 
inflammatory signaling pathways, and breaks down extracellular matrix, which perpetuates the cycle of tissue injury 
and repair going.8 While conventional frameworks frequently conceptualize radical-induced parenchymal damage as 
a passive, unprogrammed necrotic event, accumulating evidence indicates that prolonged oxidative distress actively 
engages highly regulated, genetically encoded cell death programs that dictate tissue loss.9,10

Oxeiptosis is a reactive oxygen species (ROS)-induced cellular death pathway resulting in a caspase-independent, 
non-inflammatory cell demise.11 Distinct from lytic death modalities like pyroptosis (driven by gasdermins) or necrop
tosis (driven by MLKL phosphorylation), oxeiptosis preserves cell membrane integrity, thereby preventing the cata
strophic leakage of pro-inflammatory damage-associated molecular patterns (DAMPs).11,12 Furthermore, while 
ferroptosis is fundamentally driven by iron overload and lipid peroxidation, oxeiptosis is governed by an intracellular 
radical-sensing relay mediated through the KEAP1-PGAM5-AIFM1 signaling axis.13,14 This network operates as 
a sophisticated, threshold-dependent molecular rheostat. Under basal conditions, KEAP1 targets the master antioxidant 
transcription factor NRF2 for proteasomal degradation, whereas intermediate ROS triggers NRF2 nuclear translocation to 
activate cytoprotective responses.15 However, upon breaching a toxic threshold of severe ROS, this protective feedback 
loop is dismantled; excessive radicals selectively suppress the NRF2 survival program, driving KEAP1 to instead bind 
and activate the mitochondrial phosphatase PGAM5. Once activated, PGAM5 dephosphorylates the mitochondrial 
flavoprotein AIFM1 at its highly conserved Serine 116 residue, irreversibly committing the cell to non-inflammatory 
death.11 Given that the COPD lung microenvironment experiences sustained, oxidative distress that routinely breaches 
upstream antioxidant thresholds, epithelial barrier fate is intimately tied to this linear execution cascade. Consequently, 
decoding individual variations within this specific death pathway provides a critical, pathologically relevant lens to 
understand parenchymal destruction. To date, the specific pathophysiological involvement of oxeiptosis within the 
context of COPD remains virtually unexplored, with definitive mechanistic studies remaining exceptionally scarce. 
Nevertheless, a rigorous rationale for this exploration can be established by drawing a direct pathogenic and toxicological 
analogy to the benchmark in vivo lung model utilized in the seminal study that first defined the oxeiptosis pathway.11 In 
pulmonary pathophysiology, acute ozone (O3) inhalation and chronic cigarette smoke (CS) exposure are highly 
established functional analogues; both etiological insults act through an identical primary mechanism by flooding the 
respiratory tract with massive amounts of exogenous oxidants, depleting local antioxidant defenses, generating severe 
mitochondrial ROS overload, and subsequently provoking robust secondary airway inflammation.16,17 Functional 
validation in animal models has demonstrated that wild-type mice tolerate this oxidative-inflammatory insult via normal 
oxeiptosis activation to silently clear damaged epithelial cells, whereas genetic ablation of the core machinery (Pgam5−/−) 
results in a catastrophic, overshooting cascade of lung inflammation, massive neutrophil infiltration, and profound airway 
tissue damage.11 Thus, oxeiptosis functions as an indispensable, genetically programmed “immunological firewall” 
designed specifically to prevent severe ROS-induced airway inflammation from escalating into uncontrolled tissue 
necrosis, and its individual integrity or exhaustion may directly dictate human COPD heterogeneity.

In recent years, transcriptomic subtyping based on alternate programmed cell death pathways (such as ferroptosis and 
pyroptosis) has mapped clinical heterogeneity in respiratory diseases.18,19 However, while these existing classifications 
effectively capture iron-dependent or inflammasome-mediated processes, they frequently overlook the immediate, 
threshold-dependent death signature induced by the primary trigger of COPD: extreme oxygen radical stress. 
Establishing a molecular taxonomy based on oxeiptosis directly addresses this critical gap. This study sought to 
investigate the molecular heterogeneity of COPD within the context of oxeiptosis. We aimed to delineate molecular 
subtypes of COPD by identifying oxeiptosis-related differentially expressed genes (ORDEGs) and employing unsuper
vised clustering. Furthermore, WGCNA and single-sample gene set enrichment analysis (ssGSEA) were utilized to 
characterize the functional relevance of these genes and to measure pathway activity at the individual sample level, 
providing mechanistic insights into the possible role of oxeiptosis in COPD pathogenesis. Based on these considerations, 
we explicitly hypothesized that the expression profiles of downstream oxeiptosis-execution machinery exhibit significant 
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molecular heterogeneity among COPD patients, and that these distinct patterns can define unique molecular endotypes 
characterized by divergent clinical severities and immune microenvironments.

Materials and Methods
Overview of the Study Population
The overall workflow of this study is illustrated in Figure 1. Two publicly available gene expression datasets (GSE47460 
and GSE76925) were retrieved from the Gene Expression Omnibus (GEO) database.20,21 To ensure biological homo
geneity, both datasets utilized whole lung tissue as the transcriptomic source. The GSE47460 cohort, consisting of 220 
COPD patients and 108 controls, was employed as the discovery dataset, whereas 111 COPD patients from the 
GSE76925 cohort were utilized as the external validation dataset, baseline clinical and demographic characteristics are 
summarized in Supplementary Table S1. To ensure dataset integrity prior to downstream analyses, sample hierarchical 
clustering was performed on the discovery cohort to verify data homogeneity and exclude potential outliers 
(Supplementary Figure S1).

Identification of ORDEGs (Oxeiptosis-Related Differentially Expressed Genes)
Four canonical regulators of the oxeiptosis pathway (KEAP1, PGAM5, AIFM1, and CUL3) were designated as core seed 
markers based on established literature.11,15 Starting from a global expression matrix of 15,180 annotated genes in the 
GSE47460 cohort, pairwise Pearson correlation analysis was performed between all global transcripts and each of the four 
seed markers. Transcripts displaying a strong correlation with any of these seed markers, defined by a Pearson correlation 
coefficient |r| > 0.5 and a Benjamini-Hochberg adjusted False Discovery Rate (FDR < 0.05), were considered oxeiptosis- 
related genes (ORGs).22 Concurrently, differentially expressed genes (DEGs) between COPD patients and healthy controls 
were identified using the “limma” R package with thresholds of |log2FC| > 0.5 and P < 0.05. The intersection of the union of 
ORGs and these DEGs was subsequently defined as ORDEGs, which were utilized as the final input features for downstream 
machine learning model construction.

Machine Learning for Key ORDEGs Selection
Multiple machine learning algorithms, including Random Forest (RF), Generalized Linear Model (GLM), Support Vector 
Machine (SVM), and XGBoost (XGB), were applied to identify robust predicted markers for COPD. The dataset was 
randomly split into training (70%) and validation (30%) cohorts in a stratified manner. Model construction and cross- 
validation were conducted using the “caret” R package (version 7.0–1), with up-sampling employed to address class 
imbalance. To ensure objective and systematic optimization, hyperparameters for each algorithm were tuned via a grid 
search strategy within a K-fold cross-validation framework. Specifically, a 5-fold cross-validation was utilized for the 

Figure 1 Schema of the study.
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SVM model to balance computational efficiency with parameter stability, while a repeated 10-fold cross-validation was 
applied to the other algorithms. The grid search evaluated key tuning parameters, including the cost parameter (C) for 
SVM, the number of randomly selected predictors (mtry) for RF, and the α and λ parameters for the L1-regularized GLM. 
Model performance was primarily assessed by the area under the ROC curve (AUC), which was calculated using the 
“pROC” R package (version 1.18.5), while residual distribution analysis was employed to evaluate calibration. To further 
enhance interpretability, feature importance was estimated through the “DALEX” R package (version 2.4.3). Based on 
comparative performance, the top four genes derived from the best-performing algorithm were selected as candidate 
predicted markers for downstream analyses. SVM was selected as the final model due to its recognized strength in high- 
dimensional classification tasks.

Construction and Validation of Predictive Model Based on ORDEGs
Key ORDEGs identified through machine learning were incorporated into a clinical nomogram for COPD risk prediction. 
Using the “rms” R package (version 8.0–0), a logistic regression model was constructed based on the expression levels of 
key ORDEGs. The nomogram assigned a score to each predictor, and a total score was calculated to represent the overall 
probability of COPD. Model calibration was assessed using calibration curves with 1000 bootstrap resamples, ensuring 
consistency between predicted and observed outcomes. Discriminative performance was further evaluated by ROC curve 
analysis with the “pROC” R package (version 1.18.5), yielding the area under the curve (AUC) and its 95% confidence 
interval. Together, these evaluations demonstrated the predictive accuracy and clinical utility of the constructed nomogram.

Subtype Identification and Functional Scoring
Molecular subtypes of COPD were identified in the GSE47460 dataset using k-means clustering based on the expression 
of the key ORDEGs. The stability of clustering was assessed by silhouette analysis, and cluster-specific gene expression 
patterns were illustrated with heatmaps. To further confirm the reliability of subtype assignments, the Nearest Template 
Prediction (NTP) algorithm was applied, and consistency between k-means and NTP classifications was evaluated using 
a confusion matrix and Spearman correlation analysis. In addition, the oxeiptosis-related pathway activity of each sample 
was quantified via ssGSEA implemented in the “GSVA” R package (version 2.2.0), and enrichment scores were 
compared across the identified clusters.

Network and Functional Analyses
Subtype-associated DEGs were subjected to Weighted Gene Co-expression Network Analysis (WGCNA) to identify key 
co-expression modules. Functional annotation was conducted via Gene Ontology (GO) and Kyoto Encyclopedia of 
Genes and Genomes (KEGG) using the DAVID database.23

Statistical Analysis
Statistical analyses were performed using R software (version 4.5.0). Continuous variables were presented as mean ± 
standard deviation (SD) or median [interquartile range (IQR)]. The Shapiro–Wilk test was performed to assess the 
normality of all continuous clinical variables prior to analysis. For comparisons between the identified subtypes, the 
Student’s t-test or Wilcoxon rank-sum test was employed for continuous variables, while the Fisher’s exact test was used for 
categorical variables. To control for Type I error inflation in multiple comparisons, all P-values for clinical parameters were 
adjusted using the Benjamini-Hochberg (BH) method. P < 0.05 (or Padj < 0.05) was considered statistically significant.

Results
Identification of ORDEGs and DEGs in GSE47460
A total of 291 DEGs were identified in GSE47460 between COPD samples and controls (|log2FoldChange| > 0.5, P < 0.05), 
and 2357 ORGs were obtained via correlation analysis. Notably, none of the four canonical upstream seed genes (KEAP1, 
PGAM5, AIFM1, and CUL3) were contained within the 291 DEG list. Seven overlapping genes were identified between 
DEGs and ORGs (Figure 2A and B).
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Figure 2 Identification and selection of oxeiptosis-related DEGs (ORDEGs) for COPD classification. (A) 291 DEGs. (B) 7 overlapping genes between DEGs and 
Oxeiptosis-related genes (ORGs). (C) Variable importance of 7 ORDEGs as ranked by machine learning algorithms. The red dotted box highlights the top four most 
important genes prioritized by the Support Vector Machine (SVM) model for downstream analysis. (D–E) Residual distributions of four machine learning models. (F) ROC 
curves of four machine learning models.
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The Identification of Four Key ORDEGs by the Machine Learning Method
The seven ORDEGs were ranked by RF, GLM, SVM, and XGB models according to their discriminative capacity 
between COPD patients and controls (Figure 2C). SVM yielded the best performance with the lowest residuals and 
highest AUC (0.761), as confirmed by residual distribution and ROC analysis (Figure 2D–F). The top four ORDEGs 
(CAV1, SLC16A12, RXFP1, and CYP3A5) were selected for further analysis.

Figure 3A presented the ROC curves for the selected ORDEGs, each evaluated for its ability to discriminate between 
COPD patients and controls. Among the selected ORDEGs, CAV1 demonstrated the highest predicted performance 
(AUC = 0.755), followed by SLC16A12 (AUC = 0.706), CYP3A5 (AUC = 0.675), and RXFP1 (AUC = 0.638). To 
provide a composite risk score for COPD prediction, a clinical nomogram was constructed integrating key ORDEGs 
(Figure 3C). The predictive accuracy was assessed via ROC analysis, which yielded an AUC of 0.777 (95% CI: 
0.720–0.834) and indicated favorable predictive performance (Figure 3B). Furthermore, the calibration curve of the 
diagnostic nomogram was evaluated via bootstrap resampling with 1000 repetitions (Figure 3D).

To further validate the structural adaptation of the 7 candidate features within the canonical oxeiptosis pathway, 
a pairwise Pearson correlation analysis was executed between these candidates and the 4 upstream seed markers 
(Supplementary Figure S2). The correlation matrix revealed that all 7 identified ORDEGs are robustly and tightly 
anchored to the scaffold seed marker CUL3, with absolute correlation coefficients consistently exceeding the pre- 
specified threshold of 0.5 (CAV1: r = 0.59; NCKAP5: r = 0.57; SEMA3E: r = 0.58; MMP11: r = −0.53; all adjusted 
FDR < 0.05).

Consensus Clustering of COPD Cases in GSE47460
To investigate intra-disease heterogeneity, we carried out molecular subtyping on the GSE47460 cohort. Based on 
consensus clustering of the key ORDEGs, two stable clusters were identified as the optimal solution (Figure 4A). The 
selection of k=2 was quantitatively justified by the consensus cumulative distribution function (CDF) curves and cluster- 
consensus scores (Supplementary Figure S3). COPD samples were subsequently assigned to subtypes C1 and C2 via 
K-means clustering. Figure 4B showed strong concordance between k-means and NTP (P = 0.90).24 ROC curve analysis 
demonstrated that RXFP1 had the highest discriminative power between the two subtypes, while SLC16A12 showed the 
lowest (Figure 4D). Figure 4C indicated that key ORDEGs were significantly upregulated in subtype C2. To further 
explore functional differences, oxeiptosis enrichment scores were calculated using ssGSEA, based on expression of key 
ORDEGs. Subtype C2 exhibited significantly higher scores, indicating enhanced activation of oxeiptosis-related pro
cesses (Figure 4E).

Clinical characteristics of the two subtypes were summarized in Table 1. Despite comparable age, sex distribution, 
and smoking status (all P > 0.05), C1 was associated with lower pulmonary function indices. Specifically, patients in C1 
displayed significantly reduced predicted Diffusing Capacity for Carbon Monoxide (DLCO), forced expiratory volume in 
1 s (FEV1), and forced vital capacity (FVC) in both pre- and post-bronchodilator conditions (all P < 0.01), indicative of 
more severe functional impairment. The post-bronchodilator FEV1/FVC ratio displayed a trend toward reduction in the 
subtype C1, although this difference did not achieve statistical significance (P = 0.18).

Validation of COPD Subtypes in GSE76925 Based on Four ORDEGs
Validation of the molecular subtypes identified in the GSE47460 cohort was achieved by applying key ORDEGs to 
classify COPD patients in the independent GSE76925 dataset. K-means clustering, based on the expression profiles of 
these genes, yielded two subtypes (C1 and C2), which were consistent with those identified in the discovery dataset 
(Figure 5A).

The expression profiles of the key ORDEGs in GSE76925 recapitulated the molecular patterns observed in the 
discovery cohort (GSE47460), with all key ORDEGs consistently upregulated in subtype C2. Among the key ORDEGs, 
RXFP1 exhibited the highest discriminative performance as determined by ROC analysis, whereas SLC16A12 demon
strated comparatively lower classification efficacy (Figure 5B). In addition, ssGSEA-derived oxeiptosis scores, computed 
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Figure 3 Predicted efficacy of the four-gene signature in COPD prediction. (A) ROC curves of ORDEGs in distinguishing COPD patients from controls. (B) ROC curve for 
the integrated ORDEGs model. (C) Nomogram combining the expression levels of ORDEGs. (D) Calibration curve of nomogram.
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Figure 4 Subtype identification and molecular characterization in GSE47460. (A) K-means clustering heatmap based on key ORDEGs. (B) Concordance heatmap between 
K-means clustering and nearest template prediction (NTP). (C) Expression levels of key ORDEGs across subtypes. (D) ROC curves of key ORDEGs distinguishing C1 vs C2. 
(E) Oxeiptosis enrichment scores calculated via ssGSEA (****P < 0.0001, ***P < 0.001).
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based on the key ORDEGs, were significantly elevated in subtype C2, recapitulating the enrichment trends observed in 
the training cohort and further supporting the robustness of functional stratification (Figure 5C and D).

These results reinforce the biological relevance and reproducibility of the identified COPD molecular subtypes across 
independent population. The subtypes identified in GSE76925 through key ORDEGs and the clustering strategy 
exhibited consistent gene expression and enrichment trends, thereby reinforcing the robustness and reproducibility of 
the stratification scheme.

WGCNA: Identification of Key Modules
As illustrated in Figure 6A, differential expression analysis between the two molecular subtypes yielded a total of 387 
significant DEGs, comprising 187 upregulated and 200 downregulated genes, based on the criteria of |log2FoldChange| > 
1 and P value < 0.05.

Transcriptomic variation between the two COPD subtypes was further explored using WGCNA based on the 
expression profiles of DEGs. To ensure construction of a scale-free network, we evaluated the scale-free topology fit 
index (R2) and mean connectivity across soft-thresholding powers ranging from 1 to 30. A power of 6 was selected as the 
optimal threshold, at which the network reached an approximate scale-free topology (R2 = 0.9) while maintaining 
acceptable mean connectivity, and this resulted in the identification of 13 distinct gene co-expression modules 
(Figure 6B–D). Each module was assigned a unique color label (black, blue, brown, green, orange, grey, magenta, 
pink, purple, red, tan, turquoise, and yellow). A module-trait correlation heatmap was constructed to assess the 
relationship between these modules and the two molecular subtypes. As shown in Figure 6E, eight modules (black, 
blue, brown, green, orange, grey, magenta, and pink) were significantly associated with subtype classification (P < 0.05). 
Among them, the black module exhibited the highest correlation coefficient (|r| = 0.66) and was selected for further 
analysis. Additionally, a topological overlap matrix (TOM) heatmap further visualized gene-gene interconnectedness 
within the network, with darker red indicating stronger co-expression (Figure 6F).

Functional Enrichment Analysis of the Black Module
The functional landscape of the black module was explored through GO and KEGG pathway analysis, as illustrated in 
Figure 7. GO molecular function enrichment analysis revealed that genes in this module were predominantly associated 
with activities such as heparin binding, transmembrane signaling receptor activity, and extracellular matrix (ECM) 
structural constituents (Figure 7A). KEGG pathway analysis indicated significant enrichment in cytokine-cytokine 
receptor interaction, neuroactive ligand-receptor interaction, and ECM-receptor interaction pathways (Figure 7B). 

Table 1 Baseline Characteristics of COPD Patients by Clusters

Variables Total (n = 220) C1 (n = 44) C2 (n = 176) Statistical Test Padj
a

Age (year, median [IQR]) 66 (59–72) 64 (54–71) 66 (59–72) Wilcoxon 0.129
Gender, n (%) Fisher 0.737

Female (%) 95 (43%) 20 (46%) 75 (43%)

Male (%) 125 (57%) 24 (54%) 101 (57%)
Smoking status, n (%) Fisher 0.514

Current/ever (%) 205 42 163

Never (%) 12 1 11
Predicted DLCO (%) 54 (38–72) 39 (33–56) 57 (42–74) Wilcoxon 0.004

%Predicted FEV1 (Post-BD) 58 (35–74) 44 (25–60) 59 (37–74) Wilcoxon 0.006
%Predicted FEV1 (Pre-BD) 51 (27–67) 28 (22–56) 53 (34–69) Wilcoxon 0.004

% Predicted FVC (Post-BD) 81 ± 18 71 ± 20 83 ± 18 t-test 0.006

% Predicted FVC (Pre-BD) 74 ± 20 65 ± 21 76 ± 19 t-test 0.006
%PredictedFEV1/FVC (Post-BD) 71 (51–86) 58 (49–83) 72 (54–86) Wilcoxon 0.224

Note: a Comparison between C1 and C2. 
Abbreviations: DLCO, Diffusing Capacity for Carbon Monoxide; FEV1, forced expiratory volume in 1s; FVC, forced vital capacity; 
Post-BD, Post-Bronchodilator; Pre-BD, Pre-Bronchodilator.
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Figure 5 Validation of COPD subtypes in the GSE76925 cohort. (A) K-means clustering heatmap. (B) ROC curves of key ORDEGs for subtype classification. (C) 
Expression levels of key ORDEGS across subtypes. (D) Oxeiptosis ssGSEA scores between C1 and C2 (****P<0.0001, ***P < 0.001; **P < 0.01; *P < 0.05).

https://doi.org/10.2147/COPD.S596477                                                                                                                                                                                                                                                                                                                                                                                         International Journal of Chronic Obstructive Pulmonary Disease 2026:21 10

Chen et al                                                                                                                                                                           

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



Figure 6 Weighted gene co-expression network analysis (WGCNA) of COPD molecular subtypes. (A) 387 DEGs betweenC1 and C2. (B and C) Selection of soft- 
thresholding power based on scale-free topology and mean connectivity. (D) Gene dendrogram and module identification. (E) Heatmap of module-trait correlations. (F) 
Topological overlap matrix heatmap.
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Notably, many of these pathways were related to immune modulation and cell adhesion, highlighting the potential role of 
the black module in inflammatory signaling and tissue remodeling processes implicated in COPD pathogenesis. Taken 
together, these results highlighted the black module as the most relevant co-expression cluster associated with COPD 
subtype stratification.

Discussion
Our study identifies two distinct molecular subtypes (C1 and C2) of COPD, driven by the differential expression of four 
key oxeiptosis-related genes (ORDEGs: CAV1, SLC16A12, RXFP1, and CYP3A5). This molecular stratification, vali
dated across two independent cohorts, represents the most significant finding of this work, offering a novel redox-based 
framework for understanding the profound clinical heterogeneity in COPD patients. This stratification’s robustness is 
supported by the application of machine learning techniques to identify oxeiptosis-related biomarkers associated with the 
oxidative stress pathway, which is central to COPD pathogenesis. This methodology enabled the identification of distinct 
molecular signatures associated with disease severity, thereby providing a novel perspective on the contribution of 
oxeiptosis to COPD progression.

Our results revealed that ORDEGs, including CAV1, SLC16A12, RXFP1, and CYP3A5, are significantly associated 
with the disease phenotype. While these genes have previously been implicated in inflammation, oxidative regulation, 
and metabolic adaptation, their identification within an oxeiptosis-related framework points to a potential role of this 
ROS-triggered cell death pathway in shaping the molecular heterogeneity of COPD.25–29

The relationship between key ORDEG expression and pulmonary function provided critical mechanistic insight. 
Compared with controls, COPD patients consistently presented with reduced expression of CAV1, SLC16A12, RXFP1, 
and CYP3A5, corresponding with impaired lung function. This association remained pronounced between subgroups; 
patients classified as subtype C1 exhibited lower ORDEG activity and more severe functional decline than those in 
subtype C2. Based on foundational biology, this paradox likely reflects a state of pathological pathway exhaustion rather 
than a lack of involvement. While physiological oxeiptosis operates as an immunologically silent buffer to clear damaged 
cells, genetic ablation of its core machinery paradoxically unleashes severe necro-inflammation and airway damage.11 

Consequently, the preserved ORDEG expression in Cluster 2 may represent a compensatory defense, whereas the 

Figure 7 Functional Enrichment Analysis of the Black Module Genes. (A) Gene Ontology (GO) enrichment analysis of black module genes. (B) KEGG pathway enrichment 
of black module genes.
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advanced disease stage in Cluster 1 is marked by the functional collapse or exhaustion of this protective clearing 
mechanism, forcing injured cells to default to destructive, lytic death modalities.

Network-level analyses further reinforced these findings. WGCNA identified a black module moderately associated 
with subtype classification. Functional enrichment revealed significant involvement in cytokine-cytokine receptor inter
action as well as extracellular matrix (ECM) remodeling. This finding is particularly critical as it unifies the oxeiptosis- 
related findings with established mechanisms of COPD pathogenesis. While oxeiptosis itself is described as a non- 
inflammatory cell death pathway, the strong correlation between the ORDEG-defined subtypes and a gene network 
enriched for inflammatory signaling provides a crucial link. It suggests that the differential expression of the ORDEGs 
acts as a molecular indicator of the cellular environment, which in turn influences the broader inflammatory cascade. For 
example, CAV1, one of the key ORDEGs, is a known negative regulator of inflammation, and its reduced expression in 
the more severe C1 subtype may contribute to unchecked inflammatory signaling.26,30 Similarly, the enrichment of ECM- 
receptor interaction pathways provides a compelling biological explanation for the differences in pulmonary function. 
Aberrant ECM remodeling is a principal factor of irreversible airflow limitation in COPD, and the identified correlation 
suggests that that the ORDEG-defined subtypes represent unique profiles of tissue repair and destruction.31,32

Collectively, these findings substantiate a multi-faceted pathogenic model for COPD. In this model, an initial 
oxidative stress insult initiates a differential cellular response, regulated by the expression of the four key ORDEGs. 
This varied response then spreads through the gene network, leading to distinct downstream patterns of immune 
regulation and tissue remodeling. Ultimately, this multi-layered pathogenic state shows up as the clinical heterogeneity 
we see, with the C1 subtype being a more severe, decompensated state marked by chronic inflammation and extensive 
ECM degradation, and the C2 subtype exhibiting a more preserved or compensatory state. This systems-level perspective 
offers a more comprehensive and biologically coherent understanding of how genetic predisposition and environmental 
factors converge to shape the diverse clinical presentations of COPD.

While recent molecular taxonomies successfully stratify COPD patients based on downstream transcriptomic 
signatures of ferroptosis or pyroptosis,18,19,33 our framework distinctively builds upon these models by offering 
unparalleled proximity to the primary insult. Oxeiptosis serves as a dedicated, genetically encoded execution cascade 
responsive specifically to initial hyper-oxidative thresholds via the KEAP1-PGAM5-AIFM1 axis. While alternate path
ways predominantly capture secondary metabolic adaptations or macroscale tissue inflammation, our oxeiptosis-specific 
taxonomy addresses a critical gap in existing literature. It provides a disease-specific lens that directly aligns with the 
upstream oxidative stress profiles of these patients, delivering a layer of pathophysiological precision unachievable 
through generalized cell-death markers.

Notably, the machine learning model demonstrated a high capacity for predicted discrimination. The SVM algorithm 
outperformed the other models in our analysis, showing relatively higher accuracy and better residual performance, 
consistent with its recognized strength in high-dimensional classification tasks.34 The construction of a nomogram based 
on the most informative ORDEGs further demonstrates the translational potential of this approach.

The present study, while providing a compelling framework, is subject to several limitations that necessitate further 
investigation. Foremost, the reliance on publicly available, retrospective gene expression data establishes a strong 
associational link but cannot, by its nature, establish direct causality. Additionally, because our analysis was conducted 
on bulk lung tissue transcriptomic matrices, the observed profiles reflect an average signal across multiple cell types; 
thus, cell-type-specific oxeiptosis signatures within the respiratory epithelium might be partially masked or diluted by 
infiltrating inflammatory cells. The findings generate a robust hypothesis that the differential expression of the identified 
ORDEGs modulates the cellular response to oxidative stress; however, this requires functional validation. The study 
itself acknowledges that direct mechanistic evidence linking these genes to oxeiptosis is yet to be established. 
Consequently, a primary area for future research must be the direct experimental validation of this proposed mechanism.

Future work should prioritize targeted in vitro and in vivo studies to fully elucidate the functional roles of CAV1, 
SLC16A12, RXFP1, and CYP3A5 within the context of the KEAP1-PGAM5-AIFM1 signaling axis. Techniques such as 
gene knockdown or knockout in pulmonary cell lines or animal models of COPD could directly test whether modulating 
the expression of these genes influences cell viability, inflammatory cytokine production, and extracellular matrix 
remodeling. Furthermore, while the validation in an independent cohort is a strength, both datasets originate from 
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similar research settings, and the generalizability of these findings to broader, more genetically and environmentally 
diverse global patient populations remains to be confirmed. Future studies in larger, multi-ethnic cohorts are essential to 
ensure the clinical utility of this stratification scheme. Finally, while WGCNA provided valuable network-level insights, 
a more comprehensive understanding of COPD pathogenesis will require the integration of additional data modalities, 
such as proteomics, metabolomics, and single-cell sequencing, to build a higher-resolution map of the dynamic processes 
that distinguish these two molecular subtypes.

Conclusion
This study identified two molecular subtypes (C1 and C2) of COPD, characterized by distinct oxidative and functional 
profiles, which are driven by the differential expression of four key oxeiptosis-related genes (ORDEGs: CAV1, 
SLC16A12, RXFP1, and CYP3A5). Although direct functional evidence is pending, the established roles of these 
ORDEGs in ROS regulation and immune-metabolic modulation strongly support their biological plausibility as potential 
regulators of this pathway. These findings highlight the significant molecular heterogeneity of COPD and propose a new 
framework for redox-based subtype stratification. The identified gene signature and classification scheme hold significant 
translational potential, providing a foundation for developing a patient-centric precision medicine approach that could 
lead to improved diagnosis, more accurate prognosis, and the eventual development of subtype-specific therapeutic 
interventions for this complex and devastating disease. Targeted functional studies are warranted to experimentally 
validate these proposed mechanisms and translate this redox-based framework into clinical practice.
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