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Background: Chronic obstructive pulmonary disease (COPD) involves progressive lung function decline, with hypoxia playing a key
pathogenic role. However, systematic investigations focusing on hypoxia-related genes (HRGs) in COPD remain limited.

Methods: We applied machine learning to identify HRG-associated diagnostic biomarkers and evaluated their performance via
Receiver Operating Characteristic (ROC) analysis. Mendelian randomization (MR) was conducted to assess causal relationships
between candidate genes and COPD. A nomogram model was constructed to evaluate clinical utility, and a ceRNA network was
developed using ENCORI database.

Results: Six HRG-based diagnostic biomarkers were identified, including SLC241, which demonstrated strong diagnostic value (AUC
> 0.8). MR analysis revealed a significant causal effect of SLC241 expression on COPD risk (OR = 1.32, 95% CI: 1.02-1.71, P <
0.05). Functional evidence suggests SLC241 promotes hypoxia-induced metabolic reprogramming in airway epithelial cells. The
constructed nomogram showed good clinical applicability. ceRNA analysis highlighted MALATI, NEATI, and XIST as potential
upstream regulators.

Conclusion: Our findings identify SLC2A41 as a causal and diagnostically relevant gene in COPD, offering novel insight into hypoxia-
driven disease mechanisms and supporting future personalized therapeutic strategies.
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Introduction
Chronic obstructive pulmonary disease (COPD) is a chronic inflammatory airway disorder and one of the most prevalent
respiratory conditions, currently recognized as the third leading cause of death worldwide.'> The key pathological hallmark of
COPD is persistent airflow limitation, which progressively impairs lung function and leads to irreversible airway damage.
Common symptoms include chronic cough, sputum production, chest tightness, dyspnea, and respiratory distress.®> As the
disease progresses, patients experience a gradual decline in their ability to work and perform daily activities, which
significantly reduces their quality of life and imposes a growing economic burden. Consequently, COPD has become
a critical global public health concern.* Given these challenges, advancing our understanding of COPD pathogenesis and
identifying novel biomarkers are critical for improving therapeutic strategies and enhancing patient outcomes.
Hypoxia-inducible factors (HIFs) play a pivotal role in the pathogenesis of various diseases, including cardiovascular
conditions and metabolic disorders.”® In particular, hypoxic conditions have been implicated in exacerbating the
progression of COPD.” In COPD patients, chronic hypoxia not only drives persistent inflammation in the airways,
lung parenchyma, and pulmonary vasculature, but also induces a systemic inflammatory response.’ This inflammatory
state is further amplified by hypoxia-triggered neutrophil elastase, which exacerbates tissue damage. Lodge et al
demonstrated that hypoxia intensifies neutrophil-mediated endothelial injury in COPD patients, thereby compounding
disease severity.® Additionally, studies have shown that hypoxia-inducible factor (HIF)-1a is significantly overexpressed
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in COPD patients, highlighting its potential as a therapeutic target.” Previous studies have reported significant differential
expression of hypoxia-related genes, such as CXCL9 and CXCLI2, between patients with COPD-associated pulmonary
hypertension (COPD-PH) and healthy controls.'® Despite these findings, the diagnostic value and causal roles of these
genes remain unconfirmed. This gap motivates our integrated approach. While hypoxia has been widely recognized as
a key factor in COPD progression, systematic investigations specifically targeting hypoxia-related genes (HRGs) remain
scarce. Further research into the interplay between hypoxia and COPD is crucial for enhancing our understanding of the
disease’s pathogenesis and advancing effective therapeutic strategies.

Bioinformatics technologies enable comprehensive analyses of disease mechanisms by integrating vast amounts of
omics data, providing valuable insights into the processes underlying disease development.'' Among these advance-
ments, machine learning, a pivotal branch of artificial intelligence, has demonstrated significant potential when combined
with modern precision medicine. This integration facilitating the identification of intricate relationships between genes
and diseases, providing critical support for early diagnosis, prognosis evaluation, and personalized treatment strategies.''
Mendelian randomization (MR) is an emerging epidemiological approach that allows precise assessments of potential
causal relationships between exposure factors and outcomes.'> By leveraging genetic variants as instrumental variables,
MR minimizes the influence of environmental risk factors, reducing confounding bias and enhancing the reliability of
causal inferences.'? Unlike conventional observational methods, MR addresses confounding and reverse causation,
enabling more reliable causal inference. Existing studies are often restricted to conventional differential expression or
single-gene analyses, which are insufficient to capture the complex regulatory landscape of HRGs in COPD pathogen-
esis. Compared with traditional experimental approaches, the integration of high-throughput genomic data and machine
learning enables more comprehensive and efficient identification of potential diagnostic genes and evaluation of their
clinical relevance, thereby addressing limitations in target discovery and causal inference observed in previous studies.

In this study, we employed bioinformatics techniques and machine learning algorithms to identify diagnostic genes
for COPD that are strongly associated with HRGs. Additionally, we combined the risk scores of key feature genes to
develop a comprehensive nomogram, which facilitates effective risk stratification for COPD. Importantly, MR analysis
was employed to assess the causal relationship between the identified diagnostic genes and COPD. Our findings provide
valuable insights into the pathogenesis of COPD and establish a theoretical foundation for the precision medicine in the
treatment of COPD patients.

Materials and Methods

Data Acquisition
The microarray data of COPD tissues (GSE19407) were retrieved from the Gene Expression Omnibus (GEO) database
(https://www.ncbi.nlm.nih.gov/geo/), with 10 normal and 40 COPD samples designated as the training set. The

GSE10006 dataset, consisting of 26 normal and 46 case samples, was used as the validation set. A total of 200 HRGs
13

were obtained from the Molecular Signatures Database.

|dentification and Preliminary Analysis of Differentially Expressed Genes

The GEO datasets were normalized using the normalizeBetweenArrays function from the “limma” package to ensure
consistency in expression levels across samples. Differential expression analysis of the GSE19407 dataset was performed
using the “limma” package (|log fold change (FC)| > 1, adj.p-value < 0.05) to identify differentially expressed genes (DEGs,
Supplementary Table S1). Volcano plots and heatmaps were generated for the DEGs, with the heatmap visualizing the top
20 DEGs based on |logFC]| values. The intersection of DEGs with the HRGs set was used to identify differentially expressed
hypoxia-related genes (DEHRGs). Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGQG)
enrichment analyses were conducted on the DEHRGs. The protein-protein interaction (PPI) network of the DEHRGs

was constructed using STRING (confidence threshold > 0.4), and the network was visualized with Cytoscape v3.10.2.
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Screening of Diagnostic Feature Genes for COPD

Least Absolute Shrinkage and Selection Operator (LASSO) regression analysis of the candidate genes was performed
using the “glmnet” package, with cross-validation employed to select the optimal penalty parameter for removing highly
correlated genes and reducing model complexity. Support Vector Machine-Recursive Feature Elimination (SVM-RFE)
analysis was conducted using the “caret” package. Additionally, random forest (RF) analysis was conducted using the
“randomForest” package, with the top 10 most important genes were selected based on the MeanDecreaseGini
importance ranking. The results derived from the three algorithms are provided in Supplementary Table S2.

Construction and Performance Evaluation of the Diagnostic Model

The “rms” package was used to construct a nomogram and calibration curve for the selected feature genes. To evaluate
the diagnostic performance of both the nomogram and the feature genes, the “pROC” package was employed to generate
the Receiver Operating Characteristic (ROC) curve. Additionally, the “rmda” package was applied to create the Decision
Curve Analysis (DCA) curve for the feature genes and nomogram. The Wilcoxon test was used to analyze the
significance of feature gene expression levels.

Immune Landscape Characterization

CIBERSORT analysis was conducted with the “IOBR” package to generate bar plots depicting immune cell abundance in
control and COPD samples. The immune infiltration levels for both groups were calculated using the CIBERSORT
algorithm, and the results were visualized with box plots. Additionally, the “ggcorrplot” package was employed to construct
a correlation heatmap, illustrating the relationships between feature genes and differentially abundant immune cells.

Development of Competing Endogenous RNA (ceRNA) Network

The “multiMiR” package was used to identify microRNAs (miRNAs) interacting with feature genes by screening results
from TargetScan and miRDB, and the intersection of predictions from both databases was extracted. Interaction data
between Long non-coding RNAs (IncRNAs) and miRNAs were retrieved from ENCORI (https://rnasysu.com/encori/),
and IncRNAs with a clipExpNum greater than 10 were selected. Visualization of the interactions was performed using

the “ggsankey” package.

Analysis of Mendelian Randomization

Expression Quantitative Trait Locus (eQTL) data were retrieved from the MRC IEU OpenGWAS dataset, and outcome
data were obtained from the same repository (GWAS ID: bbj-a-103). This Genome-Wide Association Study (GWAS)
includes data from 3,315 patients and 201,592 control individuals. The detailed information on the data sources is
provided in Table 1.

Mendelian randomization analysis relies on three key assumptions: (1) Instrumental variables (IVs) must be strongly
associated with the exposure. (2) IVs must not be correlated with confounders. (3) IVs can influence the outcome solely
through the exposure. The criteria for selecting instrumental variables (IVs) are as follows: (1) Single Nucleotide
Polymorphisms (SNPs) were selected as IVs. To maximize the number of SNPs available for subsequent analysis,

Table | The Detailed Source of the Mendelian Randomization Data

Phenotype | Year | ID Population | Sample Size | Control | Case
SLC2AI 2018 | eqtl-a-ENSG00000117394 | European 31,470 / /
SLC6A6 2018 | eqtl-a-ENSG00000131389 | European 31,684 / /
DTNA 2018 | eqtl-a-ENSGO00000134769 | European 31,684 / /
TMEMA45A 2018 | eqtl-a-ENSG00000181458 | European 31,470 / /
CDKNIC 2018 | eqtl-a-ENSG00000129757 | European 14,263 / /

ADM 2018 | eqtl-a-ENSG00000148926 | European 31,684 / /
COPD 2018 | bbj-a-103 European 204,907 3,315 201,592
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a genome-wide significance threshold of P < 1x10 > was applied; (2) SNPs were clumped to minimize the effects of
linkage disequilibrium (1> = 0.001, region length = 10,000 kb); (3) The F-statistic was employed to assess weak IVs.
A higher F-statistic indicates stronger instrument strength, and SNPs with an F-statistic greater than 10 were included to
exclude weak instruments; (4) SNPs for both exposure and outcome were harmonized by aligning the allele directions.

SNPs with ambiguous or incompatible allele directions were excluded from the analysis (Supplementary Table S3).

Cochran’s Q test was initially applied to evaluate heterogeneity among SNPs, with p-value < 0.05 indicating
significant heterogeneity. A random-effects inverse-variance weighted (IVW) model was used to account for variability.
Horizontal pleiotropy was assessed using MR-Egger regression, with a statistically significant MR-Egger intercept
(p-value < 0.05) suggesting the presence of horizontal pleiotropy. Additionally, MR-PRESSO was employed to identify
outliers among the instrumental variables, and the MR analysis was repeated after excluding these outliers to evaluate
their influence on causal estimates. To assess the influence of individual SNP on the causal relationship, a leave-one-out
sensitivity analysis was conducted, where each SNP was excluded in turn to ensure that the MR results were not
disproportionately affected by any single SNP.

Ethics Statement

This study was conducted using only publicly available, de-identified human datasets. According to Article 32 (Items 1 and 2)
of the Measures for Ethical Review of Life Science and Medical Research Involving Human Subjects (effective February 18,
2023, China), research that uses anonymized public databases without involving identifiable personal information or direct
human interaction is exempt from additional institutional ethics review. And this study was approved by the Medical Ethics
Review Committee of Jinyun People’s Hospital (JYLL202504).

Results
|dentification and Preliminary Analysis of Candidate Genes for COPD Diagnosis

To identify candidate genes significantly associated with HRGs for COPD diagnosis, and to comprehensively assess the
pathogenesis of COPD, differential expression analysis was performed on the GSE19407 dataset. This analysis revealed
a total of 3195 DEGs, including 1515 downregulated and 1680 upregulated genes. Volcano plot shown as Figure 1A. The
top 20 DEGs, ranked by |logFC|, are shown in Figure 1B. Subsequently, we intersected the DEGs with the HRGs,
resulting in the identification of 45 DEHRGs (Figure 1C). To explore the interactions among these candidate genes, a PPI
analysis was conducted, revealing a highly interconnected network consisting of 32 nodes and 103 edges. Notably, genes
such as SLC241, CDKNIC, and BCL2 exhibited strong interactions with multiple other genes (Figure 1D). These genes
are known to play pivotal roles in hypoxia-related processes, including glucose transport (SLC241),'* cell cycle
regulation (CDKNIC),"> and apoptosis inhibition (BCL2).'"® Additionally, GO enrichment analysis indicated that the
DEHRGs are predominantly associated with hypoxia-related biological processes (Figure 1E). KEGG pathways analysis
revealed significant enrichment of DEHRGs in the HIF-1 signaling pathway (Figure 1F), emphasizing its critical role in
mediating hypoxic responses and contributing to COPD pathogenesis.

Identification of Characteristic Genes for COPD Diagnosis

To identify diagnostic feature genes for COPD and eliminate non-essential genes, this study employed three machine
learning algorithms: LASSO, SVM-RFE, and RF. LASSO regression was utilized to enhance model accuracy by
regularizing the coefficients, thereby mitigating overfitting risk. This approach resulted in the selection of 16 feature
genes (Figure 2A and B). Subsequently, SVM-RFE was applied, leading to the identification of 29 candidate genes
(Figure 2C). RF was employed to identify crucial genes based on the MeanDecreaseGini metric, helping to mitigate
overfitting. The top 10 genes were then selected (Figure 2D and E). Finally, by integrating the genes identified by all
three algorithms, we pinpointed six key feature genes—ADM, CDKNIC, DTNA, SLC2A1, SLC6A6, and TMEM454
(Figure 2F)—which may serve as potential biomarkers for COPD.
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Figure | Screening and Preliminary Analysis of Genes Associated with COPD Diagnosis. (A) The volcano plot illustrates the differential expression genes. (B) The heatmap
illustrates the differential expression of the top 20 DEGs, ranked by log FC. (C) The upset plot depicts the intersection between the DEGs and HRGs sets. (D) Construction
of the PPI network for the DEHRGs. (E) GO enrichment analysis of DEHRGs. (F) KEGG pathway enrichment analysis for the DEHRGs.

Abbreviations: COPD, chronic obstructive pulmonary disease; DEGs, differentially expressed genes; HRGs, hypoxia-related genes; PPI, protein-protein interaction;
DEHRGs, differentially expressed hypoxia-related genes; GO, gene ontology; KEGG, kyoto encyclopedia of genes and genomes.

Diagnostic Performance Evaluation and Expression Pattern Analysis of Feature Genes
To evaluate the diagnostic performance of the identified feature genes for COPD, we conducted ROC curve analysis

using both the training and validation datasets. The AUC values of the ROC curves in the training set were all greater

than 0.8, indicating that the feature genes exhibit excellent diagnostic performance, as demonstrated by the high
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Figure 2 Identification of Potential Biomarkers for COPD Diagnosis. (A) LASSO coefficient regression path. (B) LASSO cross-validation error plot, where the horizontal
axis represents the logarithmic values of the regularization parameter X, and the vertical axis represents the cross-validation error. A smaller error indicates better predictive
performance. (C) Relationship between generalization error and the number of features in SYM-RFE. (D) Residual distribution plot for RF, with the abscissa representing the
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Abbreviations: LASSO, least absolute shrinkage and selection operator; RF, random forest; SYM-RFE, support vector machine-recursive feature elimination.

sensitivity and specificity (Figure 3A). Additionally, the AUC values in the validation set GSE10006 further confirmed
the robust diagnostic capability of the feature genes, thereby validating the generalizability of the model (Figure 3B).
Notably, analysis of the expression patterns of the feature genes revealed that, in the training set, ADM, DTNA, SLC2A41,
and SLC6A46 were significantly overexpressed in COPD tissues, while CDKNIC and TMEM454 were significantly
underexpressed (Figure 3C). These findings were consistent across the validation set, further corroborating the robustness
of these feature genes as diagnostic biomarkers (Figure 3D). These results suggest that the six feature genes may serve as
potential diagnostic biomarkers for COPD, reflecting the underlying molecular processes of the disease.

Development and Assessment of the COPD Diagnostic Model

To facilitate clinical decision-making and improve risk assessment, we developed a comprehensive nomogram based on
diagnostic feature genes. This nomogram enables rapid and accurate prediction of COPD risk by calculating a patient’s risk
score (Figure 4A). The diagnostic performance of the nomogram was assessed using ROC curves, which yielded an AUC of 1.
This exceptional result indicates perfect discrimination capability within the study dataset; however, external validation is required
to ensure generalizability and to rule out potential overfitting (Figure 4B). Calibration curve analysis showed excellent
concordance between predicted and observed probabilities, confirming the model’s reliability for clinical application
(Figure 4C). Furthermore, DCA results the highlighted robust diagnostic performance of both the feature genes and the nomogram

across a wide range of threshold probabilities, emphasizing their potential value in clinical decision-making (Figure 4D).
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Exploration of the Immune Landscape in COPD

To further investigate the immune landscape in COPD and its underlying biological mechanisms, the CIBERSORT algorithm
was employed. This computational tool deconvolutes gene expression profiles to estimate the relative proportions of 22
immune cell types in complex tissues (Figure SA). Significant differences in immune cell composition were observed between
normal and COPD samples, particularly in T cells CD4 memory activated, MO macrophages, M2 macrophages, and resting
dendritic cells. These findings highlight potential roles in the inflammatory and immune dysregulation that are characteristic of
COPD (Figure 5B).

Spearman correlation analysis was conducted to investigate associations between feature genes and immune cell infiltra-
tion. Significant correlations were defined as |correlation| > 0.3 and P < 0.05, a threshold commonly used in similar studies to
ensure biological relevance. The results, illustrated in Figure 5C, reveal significant correlations between feature genes and
distinct immune cell types, suggesting potential mechanistic pathways that may contribute to COPD pathogenesis.

Establishment of the ceRNA Network for Feature Genes

To elucidate the post-transcriptional regulatory mechanisms of feature genes, we constructed a ceRNA network using
data from TargetScan, miRDB, and ENCORI. The ceRNA network comprises 170 validated interactions, including 44
miRNAs and 17 IncRNAs. Notably, key IncRNAs such as XIST, NEATI, and MALATI were identified as regulators of
multiple miRNAs, highlighting their pivotal roles in the network. This multilayered regulatory structure provides insights
into potential mechanisms underlying COPD pathogenesis and positions these IncRNAs and miRNAs as promising
targets for therapeutic intervention (Figure 6).
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Figure 5 Characterization of the Immune Landscape in COPD. (A) Infiltration levels of 22 immune cell types in normal and COPD tissues were analyzed using the
CIBERSORT algorithm. (B) The box plot presents a comparative analysis of immune cell infiltration levels across different sample groups. (C) Spearman correlation analysis
was conducted to evaluate the relationship between feature genes and immune cell infiltration. ns indicates no significant difference, * signifies P < 0.05, ** denotes P < 0.01,

and ** means P < 0.001.

Abbreviation: COPD, Chronic obstructive pulmonary disease.
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Figure 6 Construction of the ceRNA Regulatory Network for Feature Genes. The ceRNA network for the four feature genes comprises a total of 170 interaction pairs,
involving 44 miRNAs and 17 IncRNAs.
Abbreviations: ceRNA, competing endogenous RNA; miRNA, microRNA; IncRNA, long non-coding.
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Investigation of the Causal Association Between Feature Genes and COPD

Among the six identified feature genes, only SLC24] demonstrated a statistically significant causal relationship with
COPD based on MR analysis (OR = 1.32, 95% CI: 1.02-1.71, P < 0.05). The remaining genes did not reach MR
significance thresholds, suggesting their roles should be considered hypothesis-generating and warrant further validation
(Figure 7A). The MR scatter plot and forest plot further confirmed this causal relationship, demonstrating a positive
correlation between SLC241 and COPD (Figure 7B and C). Moreover, the funnel plot (Figure 7D) and leave-one-out
sensitivity analysis (Figure 7E) further support the robustness of the findings. Notably, we performed Cochran’s Q test to
assess the heterogeneity between feature genes and COPD. The results indicated that all p-values exceeded 0.05, except
for TMEM454, suggesting no significant heterogeneity. Table 2 shows the results of the heterogeneity analysis. The
p-value of Cochran’s Q test and the intercept term of MR-Egger were not statistically significant (P > 0.05), suggesting
no evidence of horizontal pleiotropy.

Discussion

The incidence of COPD has been steadily increasing, driven by factors such as aging, environmental pollution, declining
lung function, and genetic predispositions.'” Hypoxia impairs cellular functions, leading to tissue damage and contribut-
ing to disease progression.'® Hypoxia is strongly associated with the onset of COPD, as demonstrated by significant
upregulation of HIF expression in COPD patients.'® To address this, the present study integrates three machine learning
techniques with MR analysis to identify potential diagnostic biomarkers of HRGs causally linked to COPD, with
a specific focus on SLC2A41.

Using LASSO, SVM-RFE, and RF machine learning approaches, six characteristic genes were identified: ADM,
CDKNIC, DTNA, SLC241, SLC6A46, and TMEM45A4. These genes exhibited robust diagnostic performance. Based on
these genes, a comprehensive nomogram was developed to facilitate COPD diagnosis. The nomogram converts complex
statistical models into intuitive graphical representations, enabling clinicians to make timely and well-informed decisions.
Using MR analysis, we provide evidence that SLC2A41 acts as a causal contributor to COPD pathogenesis rather than
being a mere consequence of the disease. These findings indicate the potential of SLC241 as a therapeutic target for
COPD. However, further experimental and clinical validation is warranted to confirm its translational applicability.

SLC241 encodes the GLUT! protein, which is located on the cell membrane and plays a pivotal role in glucose
transport.”® Dysregulated expression of SLC24/ has been implicated in the proliferation of multiple malignancies,
including non-small cell lung cancer,?’ hepatocellular carcinoma,”® and colorectal cancer.”® Yao et al demonstrated
that inhibition of SLC241/GLUTI activity by Isoginkgetin induces autophagy in hepatocellular carcinoma cells and
suppresses cancer cell proliferation.”? Guan et al found significant upregulation of SLC24/ expression in osteoarthritis
tissue, where inhibiting its expression through activation of the HIF-1a pathway promotes apoptosis of osteoarthritis
cells."* Furthermore, upregulated SLC2A41 expression has in colorectal cancer suggests its potential as a diagnostic
biomarker for this disease.”> Notably, Berg et al identified aberrant upregulation of SLC241 in COPD,** which is
consistent with our findings. We also observed significant upregulation of SLC241 in COPD tissue. ROC curve analysis
further substantiates the potential of SLC241/ as a diagnostic biomarker for COPD. These findings provide a theoretical
foundation for a more comprehensive understanding of COPD pathogenesis and may facilitate the development of
precision treatment strategies.

MR techniques confirmed a causal relationship between SLC247 and COPD, demonstrating a positive correlation.
Recent studies have established a causal link between certain gut microbiota and COPD, with gut microbial metabolites
influencing SLC241 expression through HIF-1a regulation.'**> This mechanism implies that gut microbiota regulate
SLC2A1 expression through their metabolites, contributing to COPD pathogenesis. Consequently, SLC24/ may serve as
a potential therapeutic target for COPD treatment. Additionally, other biomarkers such as CDKNIC and SLC646 may
also play critical roles in COPD diagnosis and treatment.

CDKNIC encodes the cyclin-dependent kinase inhibitor.”® Previous studies have shown that downregulation of
CDKNIC expression is significantly associated with poor prognosis in thymic carcinoma.?’ SLC646, a gene involved
in taurine transport, has been linked to poor prognosis in cancer due to its dysregulated overexpression.”® Cao et al
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A exposure outcome nsnp method pval OR(95%Cl)

SLC2A1 COPD 7 MR Egger 0.09894542 L ———— 2.51(1.03 t0 6.13)
COPD 7 Weighted median 0.23793071 il—.—l 1.22(0.88 to 1.69)
COPD 7 Inverse variance weighted 0.03482204 ID—O—I 1.32(1.02 to 1.71) *
COPD 7 Simple mode 0.97695748 i—:.—l 1.01(0.60 to 1.70)
COPD 7 Weighted mode 0.13439842 lI—O—! 1.42(0.95102.12)

CDKNIC COPD 9 MR Egger 0.94463653 —— 0.98(0.56 to 1.72)
COPD 9 Weighted median 0.33081277 O-.I-l 0.89(0.70 to 1.13)
COPD 9 Inverse variance weighted 0.57757472 '.I-. 0.95(0.79 to 1.14)
COPD 9 Simple mode 0.87827442 D—?—I 0.97(0.65 to 1.44)
COPD 9 Weighted mode 0.30535313 l-.l-‘ 0.86(0.65 to 1.13)

SLC6A6 COPD 4 MR Egger 0.82874740 l?' 1.01(0.90 to 1.14)
COPD 4 Weighted median 0.93212430 T 1.00(0.91 to 1.09)
COPD 4 Inverse variance weighted 0.87758651 T 0.99(0.91 to 1.09)
COPD 4 Simple mode 0.93356467 i—?—l 0.98(0.70 to 1.38)
COPD 4 Weighted mode 0.94481786 ? 1.00(0.91 to 1.09)

DTNA COPD 3 MR Egger 0.40438662 T 16.89(0.28 to 1002.43)
COPD 3 Weighted median 0.91027020 l—r—c 1.04(0.55 to 1.97)
COPD 3 Inverse variance weighted 0.61135283 l—o-l—l 0.87(0.50 to 1.51)
COPD 3 Simple mode 0.92505079 O—r_l 1.05(0.40 to 2.80)
COPD 3 Weighted mode 0.73558415 — Ot 1.15(0.56 to 2.36)

ADM COPD 6 MR Egger 0.24891044 Lon o 0.64(0.33 to 1.23)
COPD 6 Weighted median 0.22867567 lag 0.84(0.63 to 1.12)
COPD 6 Inverse variance weighted 0.22930183 Lag 0.85(0.66 to 1.10)
COPD 6 Simple mode 0.11521856 | e — 1.58(0.99 to 2.54)
COPD 6 Weighted mode 0.25104735 = 0.82(0.61to 1.11)

TMEM45A COPD 6 MR Egger 0.22468860 oy 0.85(0.68 to 1.06)
COPD 6 Weighted median 0.07190053 L] 0.91(0.82 to 1.01)
COPD 6 Inverse variance weighted 0.25962176 sop 0.92(0.79 to 1.07)
COPD 6 Simple mode 0.73363863 Lo ] 1.07(0.74 to 1.54)
COPD 6 Weighted mode 0.15161068 i 0.91(0.82 to 1.01)
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Figure 7 Examination of the Causal Relationship Between HRGs and COPD. (A) Forest plot representing MR results between feature genes and COPD. (B) The MR
scatter plot for SLC2A| and COPD. (C) Forest plot for SLC2A| and COPD. (D) Funnel plot for SLC2A| and COPD. (E) Leave-one-out plot for SLC2A| and COPD. * denotes
P < 0.05. Red-colored text highlights results that are statistically significant (p < 0.05).

Abbreviations: HRGs, hypoxia-related genes; COPD, Chronic obstructive pulmonary disease; MR, Mendelian randomization.
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Table 2 Sensitivity Analysis of the Causal Association Between Feature Genes and COPD

Outcome | Exposure | Method | Cochran’s Q | P. value | Egger Intercept | Standard Error | P. value
COPD SLC2AI MR Egger | 4.302 0.507 —0.055 0.037 0.201
COPD SLC2AI \'A%% 6.468 0.373

COPD CDKNIC | MR Egger | 6.369 0.497 —0.004 0.030 0.910
COPD CDKNIC | IVW 6.383 0.604

COPD SLC6A6 MR Egger | 0.943 0.624 —0.011 0.019 0.626
COPD SLC6A6 Ivw 1.269 0.737

COPD DTNA MR Egger | 0.068 0.794 —0.191 0.133 0.387
COPD DTNA Ivw 2.136 0.344

COPD ADM MR Egger | 3.527 0.474 0.033 0.035 0.395
COPD ADM VW 4.434 0.488

COPD TMEMA45A | MR Egger | 10.122 0.038 0.026 0.029 0.409
COPD TMEMA45A | IVW 12.269 0.031

reported that overexpression of SLC646 induces T cell exhaustion and dysfunction, thereby facilitating gastric cancer cell
invasion.” In this study, significant downregulation of CDKNIC revealed in COPD tissues, while SLC646 exhibiting
upexpression. These findings indicate that these characteristic genes are closely associated with COPD progression and
may serve as biomarkers for its diagnosis. Previous studies have demonstrated that plasma concentrations of ADM are
significantly elevated in COPD patients with hypoxemia,®® with a positive correlation to pulmonary artery pressure,’'
suggesting its involvement in the pathophysiology of COPD-related pulmonary hypertension. CDKNIC, detectable in
alternative tissues such as whole blood, serves as an effective biomarker for smoking exposure,*” a key risk factor for
COPD, particularly when direct lung tissue access is limited.*> TMEM454, associated with inflammation in COPD,
enriches IL-6-JAK-STAT3, TNF-0, and interferon-y signaling pathways, which are central to the inflammatory processes
in COPD.*** SLC646 has been implicated in tumor progression by competing with CD8+ T cells for taurine, leading to
T cell dysfunction,® a mechanism relevant to COPD due to immune dysregulation contributing to chronic inflammation
and disease exacerbation.®> DTNA, involved in synaptic maintenance and blood-brain barrier regulation, modulates
TGFB1 and P53 signaling and may influence HBV-induced hepatocellular carcinoma progression.*®*” While its direct
link to COPD is unclear, its impact on signaling pathways suggests potential relevance, given the systemic inflammation
and multi-organ involvement observed in COPD patients. These genes illustrate the complex interplay between hypoxia,
inflammation, immune regulation, and signaling pathways in COPD, highlighting their potential as biomarkers for
understanding and managing the disease.

In this study, a ceRNA interaction network was constructed for the characteristic genes to gain further insight into
their potential molecular mechanisms. Among these, the IncRNAs MALATI, NEATI, and XIST were found to target
multiple key miRNAs, highlighting their roles in regulating characteristic genes expression and COPD progression.
MALATI was initially identified as overexpressed in non-small cell lung cancer and has since been proposed as
a prognostic biomarker.*® Building on this, Sun et al demonstrated that MALATI overexpression impairs lung function
in COPD patients by downregulating miR-146a expression.*> Moreover, MALATI exhibits significant clinical value in
predicting disease progression in COPD patients.*® Specifically, MALATI strongly negatively correlates with its target
miRNAs, including miR-125b, miR-146a, and miR-203, and can effectively stratify COPD risk.*® Evidence further
suggests that NEATI expression is positively associated with increased susceptibility to and severity of COPD.*!
Additionally, upregulation of XIST is strongly associated with poor prognosis in COPD patients and has been implicated
in the regulation of autoimmunity.**** Previous studies have highlighted the significant regulatory roles of these three
IncRNAs in COPD progression. Therefore, targeting IncRNAs and their associated miRNAs could provide a promising
therapeutic strategy to modulate characteristic gene expression and improve COPD treatment.

This study identified six potential diagnostic biomarkers for COPD, including ADM, CDKNIC, DTNA, SLC2A1,
SLC6A6, and TMEM45A4, using three machine learning approaches. Based on these biomarkers, a comprehensive

nomogram was developed to improve the precision treatment of COPD patients. MR analysis confirmed a positive
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causal relationship between SLC241 and COPD, suggesting that SLC24/ may serve as a promising molecular target for
COPD treatment. Collectively, these findings provide new insights into controlling COPD progression and advancing
personalized treatment strategies.

Several limitations should be acknowledged. First, the study relied entirely on publicly available datasets (GSE19407
and GSE10006), which are relatively small and lack key metadata such as smoking status, BMI, and comorbidities,
potentially affecting generalizability. Second, while the nomogram performed well in the training set (AUC = 1.00), this
raises concerns about overfitting. Real-world performance should be validated in larger, prospective cohorts. Third, while
experimental validation was not conducted in this study, future work will include qPCR and CRISPR-based assays to
confirm the biological significance of key genes. Fourth, only SLC247 showed a significant causal association with
COPD in the MR analysis; the other genes should be considered hypothesis-generating. Finally, the ceRNA network
predictions require further experimental validation. Overall, these findings provide a useful foundation, but further
functional and clinical research is needed.

Conclusion

In conclusion, this study demonstrates a positive causal relationship between SLC241 and COPD, indicating that SLC241
could be a promising molecular target for COPD therapy. We further investigated the molecular mechanisms and diagnostic
relevance of HRGs, highlighting their involvement in COPD pathogenesis. Given that this study relied exclusively on publicly
available datasets and lacked direct clinical or experimental validation, the findings should be interpreted with caution. The
absence of key clinical variables may limit the comprehensiveness of the analyses. Moreover, the causal inference for some
genes was derived from a limited number of instrumental SNPs, and confidence intervals were relatively wide. Although the
association of SLC2A41 with COPD reached statistical significance, its effect size was modest and may be biologically limited
or context-dependent. Nonetheless, we constructed a predictive nomogram to facilitate individualized risk assessment and
clinical decision-making in COPD. Collectively, these results enhance our understanding of COPD pathophysiology and lay
the groundwork for future personalized management strategies.
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