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Background: As a relatively common respiratory disease, chronic obstructive pulmonary disease (COPD) has a high incidence and 
mortality rate. Mitochondrial dysfunction has been implicated in COPD pathogenesis, but the causal genes and underlying molecular 
mechanisms remain unclear.
Methods: We performed a summary data-based Mendelian Randomization (SMR) study integrating summary data from genome-wide 
association studies (GWAS) with blood-based methylation (mQTL), expression (eQTL), and protein quantitative trait loci (pQTL) to 
identify mitochondrial-related genes causally associated with COPD. Significant findings were validated using two-sample MR, 
independent lung tissue transcriptomic data (GSE76925), and weighted gene co-expression network analysis (WGCNA) to assess 
transcriptional consistency and functional convergence.
Results: Our integrative SMR and colocalization analyses identified 77 mitochondrial genes linked to COPD risk, including GPX1, 
TUFM, COQ5, BPHL, and NAGS. A methylation-to-expression regulatory cascade was observed, with hypermethylation at GPX1 
cg24011261 associated with increased gene expression and higher COPD risk—despite its role as an antioxidant enzyme. Two-sample 
MR confirmed robust causal effects of GPX1, BPHL, TUFM and COQ5 expression on COPD. These findings were replicated in lung 
tissue: GPX1, COQ5, and TUFM were significantly upregulated in COPD patients (GSE76925). WGCNA revealed that these genes 
reside within a highly interconnected turquoise module strongly correlated with COPD status (r = 0.43, p < 0.001) and enriched in 
oxidative phosphorylation and mitochondrial energy metabolism pathways.
Conclusion: This study provides systematic genetic and transcriptomic evidence that mitochondrial-related genes, particularly GPX1 
and TUFM, exert causal effects on COPD risk through regulatory cascades and coordinated network dysregulation. The convergence 
of genetic, epigenetic, and co-expression evidence underscores mitochondrial dysfunction as a central mechanism in COPD pathogen
esis and highlights potential targets for future therapeutic development.
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Introduction
Chronic Obstructive Pulmonary Disease (COPD) is a prevalent respiratory disorder characterized by the presence of 
chronic bronchitis and emphysema as its primary forms, featuring persistent airflow limitation coupled with progressive 
dyspnea.1 The global prevalence of COPD is on the rise, making it one of the leading causes of mortality and morbidity.2 

While smoking is the predominant risk factor for COPD, genetic and environmental factors also play significant roles.3

Mitochondrial dysfunction has been implicated in COPD pathogenesis, but the mechanisms remain unclear. The persistent 
oxidative stress and chronic inflammatory characteristics of COPD lead to mitochondrial damage, resulting in reduced ATP 
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production, impaired mitochondrial autophagy, and an increase in reactive oxygen species (ROS) production.4 These 
disruptions exacerbate cellular damage, promote apoptosis, and contribute to the remodeling of airway structures.5 These 
mitochondrial perturbations are believed to directly fuel the hallmark pathologies of COPD. Additionally, an increase in the 
levels of free mitochondrial DNA (mtDNA) in the plasma of COPD patients has been observed,6 and mtDNA mutations 
further compromise mitochondrial function, leading to dysregulation of energy metabolism, weakened respiratory muscles, 
and exacerbation of symptoms such as dyspnea, skeletal muscle injury, and decreased exercise capacity.7 The translocation of 
Parkin, a ubiquitin-related degradation molecule associated with mitochondrial autophagy, is impaired following the activa
tion of the Pink1 pathway, a critical process for clearing damaged mitochondria. This impairment exacerbates mitochondrial 
dysfunction and promotes cellular damage, thereby accelerating the progression of COPD.8 Morphological alterations of 
mitochondria in COPD patients are observed, including fragmentation, swelling, and damage to the cristae integrity, leading to 
impaired energy production and cellular functions.9 Although the important role of mitochondrial dysfunction in the 
pathogenesis of COPD has been recognized, it remains unclear which genes play a key role in this process. Thus, despite 
growing evidence from genomics, epigenomics, and proteomics implicating mitochondrial processes in COPD,10–12 there is 
a critical lack of causal integration across molecular layers. Most existing studies are associative and cannot establish 
directionality or distinguish primary drivers from secondary effects. To address this gap, we employed a multi-omics summary 
data-based Mendelian randomisation (SMR) approach to systematically evaluate the causal role of mitochondrial-associated 
genes in susceptibility to COPD.

MR is a causal inference method based on genetic variants that can be used to evaluate the causal association between 
exposure factors and diseases.13 Traditional MR studies primarily rely on single-omics data, which may not be robust 
enough to clarify the mechanisms of complex diseases. However, multi-omics MR integrates data from genomics, 
transcriptomics, epigenomics, and proteins, thereby enhancing the accuracy and robustness of causal inference.

Therefore, this study leverages a SMR framework to systematically investigate the causal roles of mitochondria- 
related genes in COPD pathogenesis. Specifically, we hypothesize that genetic variants influencing the epigenome 
(mQTLs), transcriptome (eQTLs), and proteome (pQTLs) of these genes can causally affect COPD risk. By integrating 
these different layers of biological data, we aim to identify high-confidence causal genes, elucidate their regulatory 
mechanisms, and provide robust evidence for new molecular biomarkers and therapeutic targets in COPD.

Materials and Methods
Study Design
This study was designed according to the STROBE-MR reporting guidelines and used a MR approach to explore the 
causal association between mitochondria-related genes and COPD. The approach included comprehensive analysis of 
genetic data, application of SMR and HEIDI tests based on multi-omics summary data to assess associations between 
mitochondrial-related genes and COPD, and colocalization analyses to identify shared genetic determinants. The study 
design, workflow for the selection of genetic variants, and analytical methodology are detailed in Figure 1. This study is 
a secondary analysis of publicly available, anonymized summary-level data. Ethical approval has been sought and 
stamped. Furthermore, all data utilised by this research institute originate from publicly accessible databases, which 
obtained the requisite ethical approval and informed consent from participants during their original studies.

Data Sources and Processing
Mitochondrial mechanism genes were identified from the MitoCarta3.0 database, totaling 1,136 genes. We utilized 
GWAS data for COPD from distinct cohorts. The Finngen R10 dataset (FINNGEN R10_J10 COPD), serving as the 
primary discovery dataset, included 20,066 cases and 338,303 controls (https://r10.risteys.finngen.fi/). Validation of our 
findings was conducted using the UK Biobank dataset (UKB-D-COPD_EXCL), which included 26,710 cases and 
334,484 controls (https://www.ukbiobank.ac.uk/). The COPD phenotype in these GWAS datasets was analyzed as 
a composite outcome, without stratification into clinical subtypes.

Additionally, we obtained summary data for blood eQTLs from eQTLGen, which included genetic data from 31,684 
individuals.14 Blood mQTL summary data were derived from a meta-analysis of two European cohorts: the Brisbane 
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Systems Genetics Study (n=614) and the Lothian Birth Cohorts (n=1366). Blood pQTL summary data were obtained 
from Pietzner et al,15 which included data from 10,708 Europeans.

To assess the tissue-specific expression of target genes and explore their potential causal impact on COPD, we used lung 
eQTL data from the GTEx v8 dataset, which included 838 donors and 17,382 samples from 52 tissues and two cell lines.

In the analysis of eQTL loci for key genes (GPX1, BPHL, NAGS, TUFM, COQ5) and their therapeutic targets for 
COPD (FINNGEN R10_J10 COPD), the eQTLs also originate from eQTLGen. Transcriptome expression profile data 
were downloaded from the Gene Expression Omnibus database (GEO, https://www.ncbi.nlm.nih.gov/geo/). The dataset 
name is GSE76925.

SMR Analysis
Utilizing the SMR software tool (version SMR v1.3.1), we conducted SMR and HEIDI tests to assess the associations 
between mitochondrial-related gene methylation, expression, protein abundance, and COPD. The SMR approach showed 
stronger statistical power compared to traditional MR analyses, especially when the exposure and outcome data were 
derived from two large, independent cohorts based on top-related cis-QTLs. We selected the top-related cis-QTLs with 

Figure 1 Study design and workflow The flowchart illustrates the multi-stage process of the study. The discovery phase involved identifying candidate mitochondria-related 
genes, followed by Mendelian Randomization (SMR), colocalization analysis, and validation to establish causal links with Chronic Obstructive Pulmonary Disease (COPD) 
using large-scale genetic databases. The validation phase included two-sample MR analysis, transcriptomic validation in an independent patient cohort, and functional network 
analysis to confirm findings and explore biological mechanisms.
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a window centered around the corresponding gene ±1000 kb and a significance threshold of P = 5.0×10−8.16 SNPs with 
allele frequency differences exceeding the specified threshold (set at 0.2 in this study) between any two datasets 
(including LD reference samples, QTL summary data, and outcome summary data) were excluded. For mQTL, eQTL, 
and pQTL, the maximum allowable proportion of SNPs with allele frequency differences was set at 0.05 for the 
discovery set and 0.1 for the validation set (the latter exceeding 5%).

In addition to investigating the causal associations between QTLs (mQTL, eQTL, and pQTL) and COPD, we further 
explored the causal associations between mQTL and eQTL by treating mQTL as the exposure and eQTL as the outcome. 
Similarly, we investigated the causal associations between eQTL and pQTL by considering eQTL as the exposure and 
pQTL as the outcome.

Building on the SMR analysis, the authors developed a new multi-SNP-based SMR analysis method (-SMR-multi). 
This method considers all SNPs within a QTL probe window region that have a p-value below the default threshold of 
5×10−8 and an LD R2 value below the default threshold of 0.9 with the top-associated SNP. In this study, significance 
results from this method will be comprehensively considered for evaluation. Subsequently, the HEIDI test with P > 0.05 
was applied to filter out pleiotropic effects. Results satisfying P-SMR < 0.05, P-SMR multi < 0.05, and P-HEIDI > 0.05 
will be used for subsequent colocalization and integration analysis of eQTL, mQTL, and pQTL.

Using the R package “coloc”, we conducted colocalization analysis to identify mitochondrial gene-related cis-QTLs 
(including mQTLs, eQTLs, and pQTLs) that share causal variants with COPD.17 Specifically, when a GWAS signal and 
QTLs are found to colocalize, we infer that the locus in the GWAS signal may affect the phenotype by altering gene- 
related biological processes. In the colocalization analysis, we report five different posterior probabilities corresponding 
to five exclusive hypotheses: H0: No trait in the region is genetically associated with the SNP; H1: Only trait 1 is 
genetically associated with the SNP; H2: Only trait 2 is genetically associated with the SNP; H3: Both traits are 
associated with the SNP, but through different causal variants; H4: Both traits are associated with the SNP and share 
a common causal variant. For the colocalization analysis of mQTL-GWAS, eQTL-GWAS, and pQTL-GWAS, the 
colocalization region windows were set to ±1000 kb. To allow for weaker QTLs to colocalize with the signal, a QTL 
signal was considered successfully colocalized with the GWAS signal when P12 = 5×10−5 and PP.H4 > 0.5.18

Mendelian Randomization (MR) Analysis
IVs Selection
MR studies used single nucleotide polymorphisms (SNPs) associated with exposure as IVs. SNPs located within a ±500 
kb genomic range of the drug target gene will be utilised for IVs screening. The IVs included in this study met the 
following criteria: first, a threshold of 5×10−8 was employed to identify QTLs exhibiting genome-wide correlations with 
target gene expression.19,20 Subsequently, in the QTL data, the minor allele frequency (MAF) was greater than 1%.21 The 
F-statistic was employed to exclude weak IVs, with those yielding an F-statistic > 10 deemed strongly correlated with the 
exposure factor.22 Linkage disequilibrium (LD) between SNPs was then removed using the following criteria: R2 < 0.3 
and window size = 500kb.23

Heterogeneity and Horizontal Pleiotropy Tests
Heterogeneity of instrumental variables was assessed using the Cochrane Q test based on inverse variance weighting 
(IVW) models,24 with the Cochrane Q test based on Egger regression models employed as a supplementary 
indicator.25,26 MR PRESSO analysis and Egger regression-based methods were utilised to evaluate horizontal 
pleiotropy of IVs.26

Instrumental Variability Sensitivity Test and Outlier Elimination
Sensitivity testing of IVs was conducted using the leave-one-out method.27 Each time, a specific SNP within the IVs was 
excluded, and the MR analysis effect of the remaining IVs was calculated to assess and eliminate IVs exerting severe 
biased effects on MR results. For outliers, radial MR analyses were conducted using IVW models and Egger regression 
models.28 Outliers were identified based on each locus’s contribution to overall heterogeneity (quantified via Cochran’s 
Q and Rucker’s Q statistics).28 SNPs identified as outliers in both sets of Radial MR analyses constituted Level 1 outliers. 
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These were prioritised for exclusion, followed by a renewed heterogeneity analysis. Should no heterogeneity be detected, 
the results after outlier removal were retained. Should heterogeneity persist, SNPs identified as outliers in both radial MR 
analyses (Level 2) will be excluded, and heterogeneity analysis repeated. If heterogeneity remains, the final result will be 
based on the outlier SNP excluded according to the leave-one-out analysis (Level 3). Additionally, MR PRESSO analysis 
was conducted to supplement the assessment of radial MR results.26

MR Analysis
Inverse-variance weighted (IVW) was used as the primary method to assess the causal association between commonly 
used medicines and diabetic eye disease by calculating the odds ratio (OR) and 95% confidence interval (CI).29 To ensure 
the robustness of our findings, we also utilized three additional MR methods: MR-Egger, weighted median (WM), and 
weighted mode.30 Additionally, the Steiger filtering method was applied to support the robustness of the causal 
directionality from exposure to outcome, thereby mitigating the potential for horizontal pleiotropy to some extent.31

Transcriptomic Validation in Patient Tissues
To validate the expression patterns of candidate genes in lung tissue, we analysed RNA sequencing data from the Gene 
Expression Omnibus database.32 Standardised expression data and clinical information for 111 COPD samples and 40 normal 
lung tissue samples (GSE76925) were downloaded from the aforementioned database. Differential expression analysis was 
performed using the R package limma (v3.62.2), with P < 0.05 set as the threshold for statistical significance.

Weighted Gene Co-Expression Network Analysis (WGCNA) and Functional 
Enrichment
Weighted Gene Co-expression Network Analysis (WGCNA) was employed to construct co-expression networks.33 First, 
sample clustering analysis was performed on the expression data, utilising hierarchical clustering to identify potential 
outlier samples. Subsequently, the pickSoftThreshold function was used to determine an appropriate soft-thresholding 
power, with power = 3 ultimately selected for constructing the weighted network. Following network construction, 
modules were identified using the dynamic tree cut method, with a minimum module size of 100 genes. Modules were 
then correlated with clinical phenotypes (specifically COPD phenotype and positive gene expression phenotype in this 
dataset) to select modules highly associated with traits. Candidate core genes within key modules were further selected 
using thresholds of |gene significance (GS)| > 0.2 and |module membership (MM)| > 0.75.34

Functional enrichment of the analyzed gene sets (eQTL and pQTL levels combined) was performed using the 
R package “clusterProfiler”. In the GO enrichment analysis, three subcategories were analyzed: Biological Process 
(BP), Molecular Function (MF) and Cellular Component (CC).35 In addition, KEGG functional pathway enrichment 
analysis was performed without considering its disease pathway (Human Diseases).36 The significance threshold for 
enriched pathways was set at P < 0.05 as the criterion for result selection.

Statistical Analysis
All statistical analyses were conducted using R (version 4.3.3). The R packages “ggplot2” and “ggrepel” were used for 
creating Manhattan plots, and “forestplot” was used for forest plots. The plotting codes for SMRLocusPlot and SMREffectPlot 
were sourced from Zhu et al.37 The significance criterion for SMR analysis is P-SMR < 0.05, P-SMR multi < 0.05 and 
P-HEIDI > 0.05, while the significance criterion for colocalization results is PP.H4 > 0.5. The R packages “TwoSampleMR” 
and “RadialMR” were employed for MR analysis. Additionally, scatter plots, leave-one-out plots, and funnel plots were 
produced using built-in functions within “TwoSampleMR” and “RadialMR”.

Result
Our study systematically investigated the causal links between mitochondria-related genes and Chronic Obstructive 
Pulmonary Disease (COPD) through a multi-omics approach, following the workflow detailed in Figure 1.
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SMR Analysis Identifies Causal Associations Across Multiple Omics Layers
We first conducted Summary data-based Mendelian Randomization (SMR) to identify causal associations between 
molecular QTLs and COPD. Our analysis revealed several significant causal links between mitochondrial-related 
genes and COPD risk at both the methylation and expression levels (Table 1 and Figure 2). Among the key findings, 
we identified a paradoxical risk-promoting role for GPX1. Specifically, higher methylation at site cg24011261 was 
associated with increased COPD risk (OR = 1.18, 95% CI: 1.07–1.31), and similarly, increased GPX1 expression was 
also linked to a higher risk of COPD (OR=1.44, 95% CI: 1.18–1.76), with both associations supported by strong 
colocalization evidence (PPH4 > 0.75). Other key causal associations for genes such as BPHL and NAGS are also 
detailed in Table 1.

Transcriptomic Validation Confirms Upregulation of Key Causal Genes in COPD Lung 
Tissue
To validate these findings in the primary disease tissue, we analyzed an independent lung transcriptomic dataset 
(GSE76925). As shown in Figure 3, the expression of three key causal genes—(A) TUFM, (B) COQ5, and (C) GPX1 
—was significantly upregulated in COPD patients compared to controls, consistent with the direction of effect from our 
SMR analysis.

Our discovery SMR analysis identified a total of 140 significant mQTLs (Figure S1 and Table S2), 37 eQTLs (Figure S2A 
and Table S1), and 6 pQTLs (Figure S2B and Table S5). The pQTL associations, however, lacked robust colocalization 
evidence. A genome-wide overview of all SMR results is provided in the Manhattan plots in Figure S3.

Integration of Omics Data Reveals Complete Methylation-to-Disease Causal Pathways
To elucidate the underlying regulatory mechanisms, we integrated the multi-omics data. LocusCompare plots 
for GPX1 confirmed strong colocalization between its mQTL/eQTL signals and COPD GWAS signals, suggesting 
a shared genetic architecture (Figure S4).

By formally testing the link between methylation and gene expression (Table 2 and Table S3), we uncovered complete, 
multi-layered causal pathways for three key genes. For GPX1, we established a paradoxical risk-promoting cascade: 
hypermethylation at cg24011261 causally drives higher GPX1 expression, which in turn increases COPD risk (Figure S5). 
In contrast, for BPHL and NAGS, we identified protective pathways where increased methylation led to higher gene 
expression, which was subsequently associated with a decreased risk of COPD (Figure S6–S8). These analyses provide 
robust evidence for gene-specific regulatory cascades where DNA methylation acts as an upstream regulator of COPD 
susceptibility. We also explored the potential causal link from gene expression to protein abundance, but found no significant 
effects (Table S4).

Table 1 Causal Associations of Molecular QTLs with COPD Risk Identified by 
SMR Analysis

Gene Exposure Type Exposure ID OR (95% CI) P-SMR PPH4

GPX1 Methylation cg24011261 1.18 (1.07–1.31) 1.13 × 10−3 0.92

Expression eQTL 1.44 (1.18–1.76) 4.03 × 10−4 0.76

BPHL Methylation cg26651049 0.80 (0.70–0.91) 1.03 × 10−3 0.92
Expression eQTL 0.82 (0.69–0.97) 0.02 0.25

NAGS Methylation cg19579216 0.90 (0.82–0.98) 0.02 0.20

Methylation cg07803108 0.90 (0.82–0.98) 0.02 0.20
Expression eQTL 0.68 (0.48–0.95) 0.02 0.26

Abbreviations: SMR, Summary data-based Mendelian Randomization; QTL, Quantitative Trait Locus; OR, 
Odds Ratio; CI, Confidence Interval; PPH4, Posterior Probability of Hypothesis 4 (colocalization).
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Two-Sample MR and Replication Analyses Validate Key Findings
We further validated our top candidates using a formal two-sample Mendelian Randomization (MR) analysis (Figure S9). 
The IVW method confirmed significant causal associations for the expression of GPX1, BPHL, TUFM, and COQ5 with 
COPD (Table 3). These findings were robust across multiple sensitivity analyses, which showed no evidence of 
significant horizontal pleiotropy (Figure S10; instrumental variables in Table S10 and Table  S11; full sensitivity results 
in Table S12 and Table  S13). Replication of our SMR findings in an independent cohort provided consistent, albeit 
limited, support (Table S7–Table S9). A summary of genes with multi-omics evidence is presented in Table 1, with 
robust validation from two-sample MR, lung tissue-specific SMR, and replication analyses detailed in Table 3 and 
Table S6.

Figure 2 Summary of Mendelian Randomization (SMR) analysis for key mitochondria-related genes. The forest plot displays the odds ratios (ORs) and 95% confidence 
intervals (CIs) for the causal associations between genetic variants and COPD risk. Blue points represent methylation quantitative trait loci (mQTLs) and red points 
represent expression quantitative trait loci (eQTLs). The vertical dashed line indicates an OR of 1.0 (no effect). PPH4 indicates the posterior probability of colocalization, 
with higher values suggesting a shared causal variant. Red text indicates that this data represents gene expression (eQTL) results.

Figure 3 Transcriptomic validation of key causal genes in lung tissue. Box plots showing the differential expression of (A) TUFM, (B) COQ5, and (C) GPX1 in lung tissue 
samples from COPD patients (red) and control subjects (blue). Expression data were obtained from the GEO dataset GSE76925. P-values from the comparison between the 
COPD and Control groups are shown for each gene, indicating significant upregulation in the COPD group.
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Functional Network Analysis Links Causal Genes to a Core Mitochondrial Dysfunction 
Module
Finally, to understand the functional context of the identified genes, we performed a Weighted Gene Co-expression 
Network Analysis (WGCNA). This analysis identified a turquoise module strongly correlated with COPD status and the 
expression of GPX1, COQ5, and TUFM (Figure S11 and Table S14 and Table S15). Genes within this module were 
significantly enriched in key mitochondrial pathways, including “Oxidative phosphorylation” and “Respiratory chain 
complex” (Figure S12 and Table S16 and Table S17), functionally implicating our identified causal genes in 
a coordinated network of mitochondrial dysfunction in COPD.

Discussion
This study, by integrating multi-omics genetic evidence, has for the first time systematically identified the key roles of 
multiple mitochondrial-associated genes in the pathogenesis of COPD at the causal level. We not only revealed the causal 
association between the genetic regulation of genes such as GPX1, TUFM, COQ5, BPHL, and NAGS and COPD risk, but 
also confirmed, through independent lung tissue transcriptome data and gene co-expression network analysis, the 
expression changes and functional synergy of these genes in the real pathological environment. This provides multi- 
level, verifiable biological evidence for the pathophysiological mechanisms of mitochondrial dysfunction in COPD.

One of the strongest pieces of evidence in this study points to the critical role of epigenetic modifications in the 
pathogenesis of COPD in concert with the synergistic regulation of gene transcription. Among them, the GPX1 gene provides 

Table 2 Multi-Layered Regulatory Pathway Analysis from Methylation to Gene Expression

Methylation Site (mQTL) Target Gene (eQTL) OR (95% CI) P-SMR P-SMR Multi P-HEIDI

cg24011261 GPX1 1.57 (1.35–1.82) 1.94 × 10−9 1.94 × 10−9 0.11

cg26651049 BPHL 1.74 (1.43–2.13) 4.52 × 10−8 4.52 × 10−8 0.34

cg19579216 NAGS 1.25 (1.14–1.36) 5.83 × 10−7 5.83 × 10−7 0.07

cg07803108 NAGS 1.25 (1.14–1.36) 7.47 × 10−7 7.47 × 10−7 0.30

Notes: This table demonstrates the causal effect of DNA methylation on gene expression levels. OR represents the change in gene expression 
per standard deviation increase in methylation.

Table 3 Validation and Replication of Causal Associations for Key Genes

Gene Validation Method Outcome OR (95% CI) P-value Notes

GPX1 Two-Sample MR (IVW) COPD 1.41 (1.22–1.63) 4.54 × 10−8 Primary MR analysis

BPHL Two-Sample MR (IVW) COPD 0.82 (0.76–0.89) 7.31 × 10−8 Primary MR analysis

NAGS Two-Sample MR (IVW) COPD 0.85 (0.70–1.02) 0.082 Primary MR analysis

TUFM Two-Sample MR (IVW) COPD 1.04 (1.02–1.06) 2.11 × 10−5 Primary MR analysis

COQ5 Two-Sample MR (IVW) COPD 1.03 (1.01–1.05) 0.003 Primary MR analysis

TUFM Lung Tissue SMR COPD 1.17 (1.06–1.29) 1.78 × 10−3 Tissue-specific validation

COQ5 Lung Tissue SMR COPD 1.08 (1.01–1.15) 2.43 × 10−2 Tissue-specific validation

NAGS Lung Tissue SMR COPD 0.86 (0.77–0.97) 1.51 × 10−2 Tissue-specific validation

GPX1 UK Biobank SMR (mQTL) COPD 1.002 (1.00–1.004) 1.95 × 10−2 Replication in UKB cohort

TUFM UK Biobank SMR (mQTL) COPD 0.994 (0.99–0.999) 1.26 × 10−2 Replication in UKB cohort

Notes: This table summarizes results from multiple validation approaches. Two-Sample MR (IVW) provides robust causal estimates. Lung 
Tissue SMR confirms tissue-specific effects. UK Biobank SMR provides replication in an independent cohort.

https://doi.org/10.2147/COPD.S553092                                                                                                                                                                                                                                                                                                                                                                                         International Journal of Chronic Obstructive Pulmonary Disease 2026:21 8

Hong et al                                                                                                                                                                           

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

https://www.dovepress.com/article/supplementary_file/553092/553092_Supplementary%20Material.pdf
https://www.dovepress.com/article/supplementary_file/553092/553092_Supplementary%20Material.pdf
https://www.dovepress.com/article/supplementary_file/553092/553092_Supplementary%20Material.pdf
https://www.dovepress.com/article/supplementary_file/553092/553092_Supplementary%20Material.pdf
https://www.dovepress.com/article/supplementary_file/553092/553092_Supplementary%20Material.pdf
https://www.dovepress.com/article/supplementary_file/553092/553092_Supplementary%20Material.pdf


a typical example: hypermethylation of the cg24011261 site in its promoter region was significantly associated with the up- 
regulation of GPX1 mRNA expression, whereas the increase of GPX1 expression was closely associated with the elevated risk 
of COPD. A clear regulatory chain of “high methylation promotes high GPX1 expression, which in turn increases the risk of 
COPD” was formed. GPX1 encodes Glutathione Peroxidase 1, a key antioxidant enzyme involved in scavenging Reactive 
Oxygen Species (ROS). Study have shown that the concentration of GPX1 is significantly reduced in COPD patients.38 

Notably, this study identified a significant association between genetically driven overexpression of the GPX1 gene and 
increased COPD risk. This finding appears paradoxical, as GPX1, a key member of the glutathione peroxidase family,39 is 
typically recognised for its antioxidant protective role in scavenging ROS. However, we hypothesise that this “risk-associated 
upregulation” may reflect a decompensatory compensatory mechanism. Under prolonged oxidative stress (such as smoking or 
air pollution), lung tissue cells may respond to persistent ROS assault by upregulating GPX1 transcription. However, this 
compensation may prove dysfunctional or ultimately fail: on the one hand, highly expressed GPX1 protein may undergo 
misfolding or inactivation due to oxidative damage; on the other, the reduced glutathione (GSH) essential for its catalytic 
reaction40 may be substantially depleted, limiting enzymatic activity. Consequently, despite elevated mRNA levels, actual 
antioxidant capacity remains markedly diminished. Against this backdrop, elevated GPX1 expression no longer signifies 
enhanced antioxidant defence but instead serves as a biomarker for persistent oxidative damage and mitochondrial dysfunc
tion, indicating the disease has progressed to an irreversible pathological stage. This interpretation aligns with our observation 
of GPX1 upregulation in an independent lung tissue dataset (GSE76925), further supporting its biological relevance in 
authentic pathological processes.

Furthermore, the causal association between TUFM and COQ5 provides additional support for the pivotal role of mitochon
drial energy metabolism in COPD pathogenesis. TUFM (Tu Translation Elongation Factor, Mitochondrial) encodes a key 
translation elongation factor localised to the mitochondrial matrix,41 participating in the translation and assembly of respiratory 
chain subunits encoded by mitochondrial DNA.42 This study revealed through SMR analysis that elevated TUFM gene 
expression levels are significantly associated with increased COPD risk, a correlation validated by eQTL data from lung tissue. 
This finding suggests that TUFM upregulation is not merely a compensatory response but may reflect disruption within the 
mitochondrial protein synthesis system. Under sustained oxidative stress, mitochondrial DNA becomes vulnerable to damage, 
leading to the accumulation of misfolded proteins. Cells may attempt to maintain respiratory chain subunit synthesis efficiency by 
upregulating TUFM; however, this “overdrive” may instead exacerbate mitochondrial protein homeostasis imbalance, promoting 
a vicious cycle of mitochondrial dysfunction.

Similarly, COQ5, as a key methyltransferase in the coenzyme Q10 (CoQ10) biosynthetic pathway, is responsible for 
the hydroxylation modification of polyisoprenyl diene and is crucial for the integrity of the electron transport chain.43 

Our analysis indicates that genetically driven overexpression of COQ5 similarly correlates positively with COPD risk. 
CoQ10 functions not only as an electron carrier within the electron transport chain44 but also as a lipophilic antioxidant.45 

Impairment of its synthesis reduces electron transfer efficiency, increasing electron leakage and ROS production; the 
abnormal overexpression of COQ5 may thus indicate feedback dysregulation or failed functional compensation within 
this pathway.46 Notably, analysis of the GEO dataset (GSE76925) confirmed significant upregulation of both COQ5 and 
TUFM in COPD patient lung tissue. WGCNA further revealed their co-enrichment with GPX1 within a highly inter
connected turquoise co-expression module, which showed a significant positive correlation with the COPD phenotype 
(r = 0.43, p < 0.001). This module exhibited significant enrichment in KEGG pathways related to mitochondrial energy 
metabolism, such as “oxidative phosphorylation”.

More importantly, multiple genes within this module (such as NDUFAF2, UQCRQ, COX7A2) are directly involved in 
the assembly and function of respiratory chain complexes I, III, and IV, indicating that this co-expression network 
represents a systemic mitochondrial dysfunction programme. Combined with DNA methylation regulation revealed by 
SMR, we hypothesise that epigenetic reprogramming may drive the coordinated dysfunction of this entire functional 
module. Consequently, GPX1, TUFM, and COQ5 are not isolated risk factors but critical nodes within the mitochondrial 
“function-defence-regulation” network. Their concurrent upregulation may constitute a positive feedback loop: disrupted 
energy metabolism leads to increased ROS, which in turn induces upregulation of antioxidant genes (GPX1) and repair 
genes (TUFM, COQ5). However, due to substrate depletion or protein damage, this compensatory mechanism ultimately 
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fails, exacerbating mitochondrial injury and cellular dysfunction. This ultimately drives characteristic COPD pathologies 
such as airway inflammation and alveolar destruction.

Moreover, key genes identified in this study, such as GPX1 and TUFM, are enriched in pathways related to oxidative 
stress and mitochondrial function. Environmental factors, particularly exposure to fine particulate matter like PM2.5, 
have been extensively demonstrated as significant risk factors for COPD,47 with their core pathogenic mechanism being 
the induction of pulmonary oxidative stress and mitochondrial damage. Consequently, we may reasonably hypothesise 
that individuals harbouring the GPX1 risk allele may exhibit heightened oxidative stress responses and more severe lung 
function decline upon PM2.5 exposure, indicating a potential gene-environment interaction. For instance, environmental 
toxins may further deplete GSH,48 exacerbate GPX1 dysfunction, or amplify its dysregulation through epigenetic 
mechanisms such as DNA methylation. This provides crucial insights for future combined environmental epidemiology 
and genetic susceptibility studies, suggesting that early screening and intervention for individuals carrying specific 
genetic risks may hold significant clinical importance in highly polluted regions.

The primary strength of this study lies in its rigorous application of SMR framework, integrating genomic, epigenomic, 
transcriptomic, and proteomic data to enhance the reliability of causal inference. Colocalization analysis excluded false- 
positive associations and revealed a regulatory cascade where DNA methylation modulates gene expression, thereby 
influencing COPD risk (eg, GPX1). More importantly, we achieved multi-level validation from genetic association to tissue 
expression and biological pathways through dual-sample MR, independent lung tissue expression data (GSE76925) valida
tion, and WGCNA functional network analysis, significantly enhancing the biological credibility of our findings. 
Nevertheless, several limitations remain. Firstly, primary QTL data primarily derive from blood samples, potentially failing 
to fully reflect lung tissue-specific regulatory mechanisms. Although we partially mitigated this issue through lung tissue 
eQTL validation and GSE76925 transcriptomic data, tissue-specific regulatory differences warrant further exploration in 
future studies. Secondly, the relatively limited sample size of the current lung tissue eQTL dataset constrained statistical 
power; replication and expansion should be pursued in larger cohorts or at single-cell resolution. Finally, this study did not 
directly model gene-environment interactions. It is well established that smoking and PM2.5 exposure constitute core 
environmental risk factors for COPD, with their pathogenic mechanisms centring on inducing oxidative stress and mitochon
drial damage - precisely the key pathways identified in this study. Consequently, individuals harbouring risk alleles for GPX1 
or TUFM may exhibit heightened genetic susceptibility when exposed to these environmental factors, suggesting a potential 
“gene-environment interaction”. Future research urgently requires integrating detailed environmental exposure data to 
systematically evaluate such interactions. This will enable the identification of high-risk subpopulations, thereby advancing 
precision prevention and personalised intervention strategies.

Despite these limitations, our findings have significant implications for future research and clinical translation. The 
robustly identified causal genes, particularly TUFM and COQ5 which were validated in lung tissue, represent high- 
priority targets for the development of novel therapeutics aimed at restoring mitochondrial function. Moreover, specific 
methylation sites like cg24011261 in GPX1 could be developed as potential biomarkers for early disease detection or risk 
stratification. Future studies should focus on validating these targets in experimental models and exploring the gene- 
smoking interactions in large, well-phenotyped patient cohorts to pave the way for personalized medicine in COPD.

Conclusions
In summary, this study systematically identified the causal roles of multiple mitochondrial-associated genes (GPX1, 
TUFM, COQ5, BPHL, NAGS) in COPD pathogenesis by integrating multi-omics genetic evidence. We found that DNA 
methylation may participate in disease development by regulating gene expression, with the upregulation of GPX1 
potentially representing a dysregulated antioxidant compensatory mechanism. These causal associations were validated 
in dual-sample MR analyses and confirmed by differential expression of corresponding genes in independent COPD lung 
tissue transcriptomic data (GSE76925). Further WGCNA analysis revealed that these key genes exhibit high co- 
expression, clustering within a functional module significantly associated with the COPD phenotype. This module 
demonstrated marked enrichment in core mitochondrial pathways, including oxidative phosphorylation. Consequently, 
this study not only establishes causality at the genetic level but also reveals biological coherence at the transcriptional 
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regulation and gene network levels. It provides systematic evidence for understanding the mitochondrial mechanisms of 
COPD and lays a robust foundation for future functional studies and therapeutic target development.
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trait loci; mQTLs, Methylation QTLs; pQTLs, Protein QTLs; ROS, Reactive oxygen species; mtDNA, Mitochondrial 
DNA; MR, Mendelian Randomization.
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