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Background
Macrophages contribute to the immune dysregulation observed in chronic obstructive pulmonary disease (COPD). Additionally, lactylation exerts an indirect influence on COPD pathogenesis. However, the specific biomarkers linked to macrophage activation in COPD and the underlying molecular mechanisms remain poorly understood. This study aimed to identify these biomarkers and elucidate the associated molecular pathways.
Methods
Data were retrieved from public databases. A comprehensive analysis was conducted using weighted gene co-expression network analysis (WGCNA), immune infiltration analysis, differential expression analysis, correlation studies, machine learning, receiver operating characteristic (ROC) analysis, and expression level validation to identify macrophage lactylation-related biomarkers in COPD. The nomogram model, Gene Set Enrichment Analysis (GSEA), molecular regulatory networks, compound predictions, and molecular docking were employed to further explore the roles of these biomarkers in COPD. Clinical samples were used to validate the expression levels of the identified biomarkers.
Results
Three key biomarkers—ALDH2, ASGR2, and CYP1B1—were identified. The nomogram model based on these biomarkers accurately predicted the mortality of patients with COPD. GSEA suggested that the biomarkers are likely involved in metabolic pathways and B-cell receptor signaling. Five transcription factors (TFs), including STAT3, were associated with all identified biomarkers. Eight compounds, including bisphenol A, were linked to multiple biomarkers, with CYP1B1 exhibiting the strongest binding affinity to benzo(a)pyrene. In vitro experiments confirmed the validity of the bioinformatics findings.
Conclusion
This study identified three biomarkers, offering new perspectives on potential therapeutic targets for COPD.

Keywords: chronic obstructive pulmonary disease, macrophage, lactylation, biomarkers, experimental verification
1 INTRODUCTION
Chronic obstructive pulmonary disease (COPD) is a heterogeneous respiratory disorder characterized by concurrent injury and remodeling of the airways, lung parenchyma, and pulmonary vasculature. These lung impairments lead to progressively worsening airflow limitation, which in turn results in increased dyspnea, functional disability, and premature death (Qian et al., 2023). COPD is a major global health burden, ranking as the fourth leading cause of death worldwide, characterized by high prevalence, high mortality, and significant healthcare resource consumption (Wen et al., 2018; Ferrera et al., 2021). It showed an annual incidence rate of roughly 12%, with a global prevalence ranging from 9% to 10% among people aged 40 and older (Adeloye et al., 2015; Diseases and Injuries, 2020). The development of COPD involves a complex interplay of genetic susceptibility (e.g., α1-antitrypsin deficiency), environmental exposures (e.g., smoking, air pollution), and dysregulated immune responses (e.g., neutrophil/macrophage activation, protease-antiprotease imbalance). Dysregulation of immune responses in COPD leads to the activation of multiple immune cells, such as neutrophils, macrophages, lymphocytes, and eosinophils (Rabe et al., 2023). These cells secrete a large number of inflammatory mediators and cytokines, including interleukin-6 (IL-6), interleukin-8 (IL-8), tumor necrosis factor-α (TNF-α), and chemokines. They can recruit more immune cells to the lungs, perpetuate the inflammatory process, and contribute to airway remodeling and lung tissue destruction. However, the complex pathogenesis of COPD remains incompletely understood (Zhu et al., 2025). Early diagnosis and timely therapeutic intervention are critical in improving prognosis and survival rates for individuals with COPD (Lin et al., 2023). Current diagnostic methods for COPD mainly include pulmonary function tests, chest X-ray radiography, and computed tomography (CT), etc. Due to the limited sensitivity and specificity of the equipment, there are certain difficulties in distinguishing COPD from other lung diseases. Moreover, these methods have poor visualization of mild lesions and suboptimal performance in the differential diagnosis of early-stage COPD (Kumar et al., 2024; Chen et al., 2025). In addition, pharmacological treatments currently focus on antibiotics and corticosteroids to manage inflammation, yet no clinically effective targeted therapies are available. Therefore, understanding the underlying molecular mechanisms and identifying new biomarkers are essential for establishing early diagnostic standards and discovering precision therapeutic targets for COPD.
Lactylation, a novel post-translational modification that involves the covalent attachment of lactate to lysine residues, has emerged as a critical regulatory mechanism in various cellular processes (Zhang et al., 2019; Gaffney et al., 2020). Recent studies indicate that lactylation plays a pivotal role in diverse physiological and pathological processes, including immunity (Chen et al., 2022), metabolism (Chen et al., 2021; Merkuri et al., 2024), and cancer (Yu et al., 2021), by modifying both histones and non-histone proteins. A recent study demonstrated that lactylation significantly influences the phenotype and functional properties of immune cells, including macrophage polarization (Irizarry-Caro et al., 2020) and T cell reprogramming (Lopez Krol et al., 2022). Pulmonary macrophages, encompassing tissue-resident macrophages (TRMs) and monocyte-derived macrophages (Hashimoto et al., 2013; Byrne et al., 2016), play pivotal roles in COPD pathophysiology. The M1 and M2 phenotypic states of these macrophages mediate distinct functional outcomes (Kim et al., 2024). Notably, lactylation has been identified as a key modulator of macrophage polarization, influencing both inflammatory mediator production and tissue repair capacity (Irizarry-Caro et al., 2020). Moreover, lactylation regulates gene expression related to inflammation, cytokine synthesis, and metabolic pathways in macrophages, ultimately affecting their activation states and functional outcomes (Cui et al., 2021; Wang et al., 2022; Li et al., 2024). Abnormal macrophage function, immune dysregulation, and sustained inflammation are well-established contributors to COPD pathogenesis (Lee et al., 2021). Therefore, investigating the role of lactylation in macrophage activation is essential for advancing our understanding of COPD pathogenesis and for developing novel therapeutic approaches and molecular targets.
This study utilized two transcriptomic datasets comprising blood samples from smokers with COPD and smokers with normal lung function. Differentially expressed genes (DEGs) related to macrophage lactylation between COPD and control samples were identified through various bioinformatics approaches, including differential expression analysis, immune infiltration analysis, and weighted gene co-expression network analysis (WGCNA). The underlying mechanisms of these biomarkers in COPD were further explored using a nomogram model, Gene Set Enrichment Analysis (GSEA), molecular regulatory networks, compound prediction, and molecular docking. Additionally, clinical samples were analyzed to validate the expression levels of the identified biomarkers, confirming the bioinformatics findings. In summary, this study provides a solid foundation for a deeper understanding of the molecular mechanisms driving COPD and offers potential avenues for novel therapeutic strategies.
2 MATERIALS AND METHODS
2.1 Data collection
Transcriptome data (GSE100153, GSE124180) for COPD were sourced from the GEO database (https://www.ncbi.nlm.nih.gov/geo/). Based on the sample size and homogeneity, use GSE100153 as the training set and GSE124180 as the validation set. The training set GSE100153 based on the GPL6884 platform (Illumina HumanWG-6 v3.0 Expression BeadChip) included 19 COPD and 24 control whole blood samples, while the validation set GSE124180 based on the GPL16791 platform (Illumina HiSeq 2000 RNA Sequencing) comprised 6 COPD and 15 control whole blood samples. Lactylation-related genes (LRGs) were identified, including a lactylation enzyme, EP300, and 6 delactylases (HDAC1-3, SIRT1-3), as well as 327 lactylated proteins documented in the literature (Cheng et al., 2023). Finally, 332 LRGs were acquired (Supplementary Table S1).
2.2 Differential expression analysis
For the GSE100153 dataset, differential expression analysis was performed using the “limma” package (v 3.54.0) (Ritchie et al., 2015), identifying DEGs between COPD and control samples (COPD vs. control) with |log2 fold change (FC)| > 0.5 and P < 0.05. Volcano plots were generated using the “ggplot2” package (v 3.4.1) (Gustavsson et al., 2022) to visualize all DEGs, with the top 5 up- and downregulated DEGs labeled. Additionally, a heatmap displaying the expression levels of the top 25 up- and downregulated DEGs was created using the “pheatmap” package (v 1.0.12) (Gu and Hubschmann, 2022).
2.3 Immune infiltration
To investigate immune cell variations in COPD development, the xCell algorithm was applied to assess the infiltration levels of 34 immune cell categories in the GSE100153 dataset (Aran et al., 2017). The Wilcoxon test was used to compare immune cell infiltration between COPD and control groups, and differential immune cells were identified (P < 0.05). Results were visualized using the “ggplot2” package (v 3.4.1).
2.4 Acquisition of macrophage-related module genes
Focusing on immune cells with significant differences between COPD and control groups and those associated with macrophages, WGCNA was conducted to identify module genes linked to macrophages in the GSE100153 dataset using the “WGCNA” package (v 1.72) (Langfelder and Horvath, 2008). Initially, the “GoodSamplesGenes” function was employed to cluster samples and remove outliers, with a height threshold of 70 for the clustering tree. The optimal soft threshold (power) above the red cut line was determined by setting R2 = 0.8. Based on the selected soft threshold, genes were classified into multiple modules. The minModuleSize was set to 30, and the module merging parameter (mergeCutHeight) was 0.25. Key modules were identified by correlating modules with phenotypic traits, and a correlation heatmap was generated using the “pheatmap” package (v 1.0.12) (|cor| > 0.3, P < 0.05). Genes within the key modules were classified as macrophage-related genes (MRGs), reflecting their association with macrophage-related phenotypic traits.
2.5 Identification and function of candidate genes
To identify genes associated with macrophage lactylation, the “cor” function was used to examine the correlation between LRGs and MRGs (|cor| > 0.3, P < 0.05) (Xie et al., 2024; Li Y. M. et al., 2025). Genes with significant correlations were considered macrophage LRGs (MLRGs). These MLRGs were then intersected with DEGs to obtain candidate genes, using the “ggvenn” package (v 0.1.9) (Mao et al., 2022). Enrichment analyses for Gene Ontology (GO) functions and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways were performed on the candidate genes, with significance set at P < 0.05, using the “clusterProfiler” package (v 4.2.2) (Wu et al., 2021). The top 10 most significant GO functions and all relevant KEGG pathways were presented based on P values.
2.6 Identification of biomarkers
To identify potential biomarkers, further analyses were conducted on the candidate genes. First, in the GSE100153 dataset, the “Boruta” package (v 8.0.0) (Zhou et al., 2023) was used to apply the Boruta algorithm (7x cross-validation) to identify important genes among the candidate genes. The “e1071” package (v 1.7-13) (Yang et al., 2022) was then used to implement the SVM-RFE algorithm (with 10x cross-validation) to identify key genes at the lowest error rate. The genes identified by both algorithms were intersected using the “ggvenn” package (v 0.1.9). The intersecting genes were then subjected to receiver operating characteristic (ROC) analysis. In both the GSE100153 and GSE124180 datasets, the “pROC” package (v 1.18.0) (Robin et al., 2011) was used to perform ROC analysis, and the area under the curve (AUC) values were calculated. Genes with an AUC >0.7 in both datasets were selected for expression level analysis. The Wilcoxon test was applied in both datasets to compare gene expressions between COPD and control samples (P < 0.05). Genes that exhibited significant expression differences between the COPD and control groups with consistent trends across the two datasets were defined as biomarkers.
2.7 Construction of nomogram model
To assess the role of biomarkers in COPD, the “rms” package (v 6.7-0) (Xu et al., 2023) was used to construct a nomogram model based on the identified biomarkers. Each biomarker was assigned a score, and the total score was derived from the sum of the individual scores. Patients with COPD exhibiting higher total scores showed increased mortality rates. The correctness and reliability of the nomogram model were assessed using the ROC curve (generated with the “pROC” package, v 1.18.0) and the decision curve analysis (using the “rmda” package, v 1.0.2) (Kerr et al., 2016).
2.8 Gene set enrichment analysis (GSEA)
To investigate the pathways enriched by the biomarkers, the GSE100153 samples were divided into low- and high-expression groups based on the average expression of the biomarkers. The “limma” package (v 3.54.0) was used to calculate log2FC values between the two groups. The calculated log2FC values were then ranked from largest to smallest. GSEA was performed using the “clusterProfiler” package (v 4.2.2) with parameters P < 0.05 and |NES| > 1. The reference gene collection was “c2.cp.kegg.v7.0.symbols.gmt” from the MSigDB ((https://www.gsea-msigdb.org/gsea/msigdb). The top 5 significantly enriched pathways were displayed.
2.9 Prediction of transcription factors (TFs) and compounds
To further investigate the potential molecular regulatory mechanisms of the identified biomarkers, the KnockTF2.0 database (https://bio.liclab.net/KnockTFv2/search.php) was utilized to predict TFs that target these biomarkers. Additionally, the CTD database (https://ctdbase.org/) was employed to identify compound-biomarker interaction pairs and determine potential therapeutic compounds targeting the biomarkers. The regulatory networks between biomarkers and TFs, as well as between biomarkers and compounds, were visualized using Cytoscape software (v 3.8.2) (Shannon et al., 2003).
2.10 Molecular docking
To explore the binding capacity between biomarkers and compounds, molecular docking studies were conducted with compounds targeting multiple biomarkers simultaneously. The 3D structures of the compounds were obtained from the PubChem database (https://pubchem.ncbi.nlm.nih.gov/), while the 3D structures of the biomarkers were retrieved from the UniProt database (https://ctdbase.org/) and downloaded from the PDB database (https://www.rcsb.org/). All files were preprocessed using the QuickPrep module of the molecular operating environment (MOE) software (v 2022.02) (Dong et al., 2024). Molecular docking was performed using the Dock module of MOE software (v 2022.02). The molecular docking results were then presented.
2.11 Clinical sample verification
To further validate the expression levels of biomarkers between COPD and control samples and confirm the bioinformatics analysis results, RT-qPCR was conducted. Ten frozen whole blood samples (5 COPD and 5 control samples) were collected at Tianjin Chest Hospital. All participants provided informed consent, and the study received ethical approval from the Ethics Review Committee of Approval No. 2025LW-16. Total RNA was extracted from the samples using TRIzol reagent (Vazyme, Nanjing, Jiangsu, China). RNA concentrations were measured using a NanoPhotometer N50. Subsequently, mRNA was reverse transcribed into cDNA using a commercial kit (Yeasen, Shanghai, China), and RT-qPCR was performed under the conditions outlined in Supplementary Table S2. The relative expression of biomarkers was calculated using the 2−ΔΔCt method, with GAPDH as the reference gene. The results were analyzed using GraphPad Prism (v 10.0) (Guo et al., 2022). The expression differences between COPD and control samples were compared using a t-test (P < 0.05).
2.12 Statistical analysis
All statistical analyses were performed using R software (v 4.2.2). Wilcoxon tests and t-tests were applied to compare differences between the two groups, with significance set at P < 0.05.
3 RESULTS
3.1 Identification of MRGs
Using the xCell algorithm, the infiltration levels of 34 immune cell types between the COPD and control groups were assessed (Figure 1A). Among these, the infiltration levels of 9 immune cell types showed significant differences between the two groups (P < 0.05) (Figure 1B). Specifically, three types of macrophages—macrophages, M1 macrophages, and M2 macrophages—demonstrated marked distinctions between COPD and control samples. Given the critical role of macrophages in COPD pathogenesis, these three macrophage subtypes were selected as phenotypic traits for the WGCNA. Outlier samples were identified in the GSE100153 dataset (Figure 1C) and removed (Figure 1D). The power was set to 5 when R2 > 0.8 (Figure 1E). A scale-free network was constructed, resulting in the identification of 30 gene modules (Figure 1F). Among these, three modules were significantly associated with the phenotypic traits (cor >0.3, P < 0.05) (Figure 1G).
[image: Panel A depicts a bar chart comparing cell type proportions between control and COPD groups. Panel B shows a box plot with estimated proportions of various cell types. Panel C and D are dendrograms for sample clustering. Panel E contains graphs showing scale independence and mean connectivity versus soft threshold power. Panel F presents a cluster dendrogram with color-coded module membership. Panel G is a heatmap displaying module-trait relationships with values indicating the strength of association between modules and traits.]FIGURE 1 | Identification of MRGs. In the GSE100153 dataset, (A,B) Immune infiltration analysis of 34 immune cell types (control vs. COPD) is shown in the heatmap (A) (Yellow represents high expression, blue-green represents low expression) and box plot (B), ns p > 0.05, *p < 0.05. (C–G) Macrophages, M1 macrophages, and M2 macrophages were used as phenotypic traits for WGCNA. All samples are shown in (C), and outlier samples were removed in (D). The appropriate soft threshold (R2 = 0.8, power = 5) was selected in (E). The scale-free network construction yielded 30 gene modules (F). Heatmap in (G) shows that all three modules are related to phenotypic traits (cor >0.3, P < 0.05).3.2 Function of candidate genes in COPD
Differential expression analysis revealed 341 DEGs in the COPD group compared to the control group, consisting of 106 up-regulated and 235 down-regulated genes. A volcano plot visualized all DEGs, with the top five up- and downregulated DEGs labeled based on their log2FC values (Figure 2A). A heatmap displayed the expression levels of the top 25 DEGs with the most significant up- and downregulation (Figure 2B). Correlation analysis identified 3,667 genes as MLRGs (Figure 2C). By intersecting the DEGs with MLRGs, 47 candidate genes were obtained (Figure 2D). These candidate genes were enriched in 390 functional categories, including 315 biological process (BP) terms (e.g., positive regulation of phospholipase C activity), 30 cellular component (CC) terms (e.g., ficolin-1-rich granule lumen), and 45 molecular function (MF) terms (e.g., mannose binding) (P < 0.05) (Figure 2E; Supplementary Table S3). KEGG pathway analysis indicated that the candidate genes were significantly enriched in 5 pathways, including histidine metabolism (P < 0.05) (Figure 2F). These results suggest that candidate genes may be involved in phospholipase regulation, molecular binding, or metabolic processes.
[image: Panel A presents a volcano plot showing gene expression changes, with red and blue dots indicating upregulated and downregulated genes, respectively. Panel B is a heatmap of the top fifty differentially expressed genes, with color variations representing expression levels and density. Panel C exhibits a correlation graph between macrophages and low-risk genes, featuring color-coded correlations. Panel D is a Venn diagram showing the overlap between differentially expressed genes and macrophage-related genes. Panel E and Panel F are treemaps illustrating gene ontology classifications and biological processes related to metabolism and human diseases, with color intensity showing p-values.]FIGURE 2 | Function of candidate genes in COPD. In the GSE100153 dataset, the 106 up-regulated DEGs and 235 down-regulated DEGs (control vs. COPD) are shown in the volcano plot (A) and heatmap (B). Red represents upward adjustment; blue represents downward adjustment. The 3,667 genes were defined as MLRGs by correlation analysis (C). The Venn diagram in (D) shows that 47 DEGs and MLRGs overlap. GO (E) and KEGG (F) analyses of the candidate genes are shown.3.3 Three biomarkers in COPD
The Boruta algorithm identified 17 key genes (Figure 3A), and the SVM-RFE algorithm selected 47 genes (Figures 3B,C). By intersecting these two sets of genes, 17 candidate genes were subjected to ROC analysis (Figure 3D). The AUC analysis data were provided in Supplementary Table S4. Of these, five genes showed AUC values greater than 0.7 in both the GSE100153 (Figure 3E) and GSE124180 (Figure 3F) datasets. These genes were selected for further analysis. Notably, ALDH2, ASGR2, and CYP1B1 showed significant differences and consistent expression trends between COPD and control groups in both GSE100153 (Figure 3G) and GSE124180 (Figure 3H) datasets (P < 0.05). The expression levels of ALDH2, ASGR2, and CYP1B1 were significantly higher in patients with COPD compared to controls (P < 0.05). Therefore, ALDH2, ASGR2, and CYP1B1 were identified as the biomarkers for this study. Further analysis revealed that 154 TFs were associated with the biomarkers, with 5 TFs simultaneously targeting all three biomarkers, including STAT3 and SOX9 (Figure 3I). The regulatory relationships between biomarkers and TFs were visualized in a regulatory network, highlighting, for example, that ASGR2 and CYP1B1 are targeted by MYB.
[image: Group of charts and a diagram related to feature selection and gene expression analysis. Chart A displays Bonferroni Feature Selection with importance ranking. Charts B and C show accuracy and error versus the number of features. D is a Venn diagram comparing SVMRFE and Boruta methods. E and F present ROC curves with AUC values for two datasets. G and H are box plots for gene expression levels in control and COPD samples. I is a network diagram illustrating gene interactions.]FIGURE 3 | Identification of biomarkers in COPD. The 17 genes identified by the Boruta algorithm are shown in (A), and the 47 genes identified by the SVM-RFE algorithm are shown in (B,C). The 17 overlapping genes, obtained from the intersection of the two algorithm-based screening methods, are shown in (D). Five genes (ALDH2, ASGR2, CYP1B1, CATSPER1, GM5) had AUC values greater than 0.7 in both GSE100153 (E) and GSE124180 (F). Among these genes, only ALDH2, ASGR2, and CYP1B1 exhibited significant distinctions and consistent expression trends (control vs. COPD) (P < 0.05), in both GSE100153 (G) and GSE124180 (H), *p < 0.05, **p < 0.01, ***p < 0.001. The transcription factor (TF) regulatory network for key genes is shown in (I).3.4 Ability of biomarkers to predict COPD mortality
A nomogram model based on the identified biomarkers was developed (Figure 4A). This model demonstrated its ability to predict the risk for patients with COPD, with the mortality rate increasing in correlation with the total score from the nomogram. An AUC of 0.893 confirmed the model’s accuracy (Figure 4B), while the maximum net benefit further validated its reliability (Figure 4C). The performance metrics of the model are presented in Supplementary Table S5. Overall, the biomarkers effectively predicted the mortality of patients with COPD.
[image: Panel A presents a dynamic nomogram combining points for CYP1B1, ASGR2, and ALDH2, translating into total points and probability. Panel B shows a ROC curve of the nomogram with an AUC of 0.893, marked at 144.685 points for high sensitivity and specificity. Panel C illustrates net benefit across risk thresholds for individual markers and the nomogram, comparing strategies labeled "All" and "None."]FIGURE 4 | Ability of biomarkers to predict COPD mortality. In the GSE100153 dataset, a nomogram model was constructed based on biomarkers (A). The AUC = 0.893 indicates the accuracy of the nomogram model (B). The net benefit of the nomogram model further confirms its accuracy (C).3.5 Enrichment pathway of biomarkers
GSEA analysis revealed that CYP1B1 was enriched in 359 pathways, including translation, nucleic acid catabolic processes, and RNA processing (Figure 5A; Supplementary Tables S4, S6). ALDH2 was involved in 517 pathways, such as microvillus assembly and antibacterial humoral responses (Figure 5B; Supplementary Table S7). ASGR2 was associated with 32 pathways, including B cell receptor signaling, wound healing, and antibacterial humoral responses (Figure 5C; Supplementary Table S8). These results suggest that the biomarkers are linked to metabolic processes, B cell receptor pathways, and antibacterial humoral immune responses.
[image: Three panel figure showing ranked enrichment scores for different gene ontology biological processes in graphs labeled A, B, and C. Each panel has multiple colored lines representing different processes over a ranked dataset, with corresponding colored bars below and ranked list metrics plotted at the bottom.]FIGURE 5 | Enrichment pathways of biomarkers. GSEA was applied to explore the pathways enriched by CYP1B1 (A), ALDH2 (B), and ASGR2 (C).3.6 Ability of compounds to bind to biomarkers
A database search identified 59 compounds related to the biomarkers. The relationship network revealed 8 compounds associated with multiple biomarkers, including arsenic (Figure 6A). Of these, protein structures for 5 compounds were available and subjected to molecular docking (Table 1). Notably, ASGR2 demonstrated a relatively strong binding affinity for CGP 52608 (Figure 6B). Additionally, ASGR2 exhibited binding capabilities with benzo(a)pyrene and bisphenol A (Figure 6B). CYP1B1 showed significant binding affinity for benzo(a)pyrene, bisphenol A, and CGP 52608 (Figure 6C), with the strongest binding energy observed for benzo(a)pyrene at −6.17870951 kcal/mol.
[image: Diagram with three sections labeled A, B, and C. Section A shows a network graph connecting hexagonal nodes labeled with chemical names linked to central nodes CYP1B1, ASGR2, and ALDH2. Sections B and C display molecular interaction diagrams, with each row showing a protein structure interacting with a chemical, detailed in close-ups and accompanied by 2D diagrams illustrating molecular interactions.]FIGURE 6 | Ability of compounds to bind to biomarkers. The relationship network between biomarkers and compounds is shown (A). ASGR2 exhibited strong binding affinity for CGP 52608, benzo(a)pyrene, and bisphenol A (B). CYP1B1 exhibited strong binding affinity for benzo(a)pyrene, bisphenol A, and CGP 52608 (C).TABLE 1 | Molecular docking results.	Biomarkers	PDB ID	Drugs	Compound CID	Binding energy (kcal/mol)
	ALDH2	1NZX	Arsenic	5359596	—
	Benzo(a)pyrene	2336	—
	bisphenol A	6623	—
	CGP 52608	6509863	—
	Ethanol	702	—
	ASGR2	8URF	Arsenic	5359596	—
	Benzo(a)pyrene	2336	−4.82352352
	bisphenol A	6623	−4.95880175
	CGP 52608	6509863	−5.11861801
	Ethanol	702	—
	CYP1B1	3PM0	Arsenic	5359596	—
	Benzo(a)pyrene	2336	−6.17870951
	bisphenol A	6623	−5.83354139
	CGP 52608	6509863	−5.58286047
	Ethanol	702	—


3.7 Expression levels of biomarkers in clinical samples
RT-qPCR analysis confirmed that the expression levels of ALDH2 (P < 0.01), ASGR2 (P < 0.0001), and CYP1B1 (P < 0.0001) were significantly higher in the COPD group compared to the control group (Figure 7). These findings aligned with the bioinformatics analysis results, reinforcing the validity of the conclusions drawn.
[image: Bar graphs showing the relative levels of ALDH2, ASGR2, and CYP1B1 compared to GAPDH in control and COPD groups. The levels are significantly higher in the COPD group, indicated by asterisks for statistical significance.]FIGURE 7 | Expression levels of biomarkers in clinical samples. In the RT-qPCR experiment, the expression levels of ALDH2 (P < 0.01), ASGR2 (P < 0.0001), and CYP1B1 (P < 0.0001) were significantly higher in the COPD group compared to the control group (n = 5 per group). *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.4 DISCUSSION
COPD is a prevalent respiratory disorder and the fourth leading cause of global disease-related mortality, posing a significant economic burden worldwide (Brassington et al., 2022; Safiri et al., 2022). Given its profound impact, early detection is critical to slowing disease progression and alleviating pressures on healthcare systems. Emerging research underscores the close association between immune cell infiltration and COPD pathogenesis. In particular, macrophage polarization and lactylation—a recently identified post-translational modification—play central roles in immune dysregulation during COPD progression (Cruz et al., 2019; Bu et al., 2020). Thus, exploring the immune microenvironment, especially lactylation-related mechanisms, could provide novel diagnostic biomarkers that enhance clinical management and personalized therapies (Huang et al., 2022; MacDonald et al., 2023). In the present study, the infiltration levels of nine immune cell types showed significant differences between COPD and control groups, particularly among macrophages, including both M1 and M2 phenotypes. Additionally, three biomarkers associated with macrophage lactylation—ALDH2, ASGR2, and CYP1B1—were identified through bioinformatics analysis and further validated with clinical samples. GSEA analysis suggested that these biomarkers are primarily associated with metabolic pathways and B-cell receptor signaling. Furthermore, five TFs, including STAT3 and SOX9, were found to be linked to all three biomarkers. This study aims to identify significant novel biomarkers related to macrophage lactylation, which may aid in the early diagnosis and therapeutic management of COPD.
COPD is a chronic airway inflammatory disorder involving the participation of various immune cells and inflammatory mediators. Among them, macrophages, as the first line of defense in innate immunity, are one of the earliest immune cells to respond to inflammation. In COPD, macrophages play a key pathophysiological role via distinct M1 and M2 phenotypes (Lee et al., 2021). M1 macrophages, linked to infections or smoking-induced lung damage, promote Th1-type inflammation through pro-inflammatory cytokines (e.g., IFN-γ, TNF-α), exacerbating inflammation and tissue damage. In contrast, M2 macrophages, active in non-inflammatory states, aid tissue repair/remodeling and maintain homeostasis by secreting anti-inflammatory cytokines and clearing debris. Lactylation is a post-translational modification that adds lactate groups to proteins, thereby altering their function and stability. Recent study indicates that lactylation plays essential roles in regulating the M1/M2 polarization of macrophages (Bao et al., 2025). Research has showed that bone marrow-derived macrophages (BMDMs) stimulated with LPS and IFN-γ exhibited an M1 phenotype and increased lactylation. Following 24–48 h of M1 polarization, they began expressing M2-like genes (e.g., ARG1, VEGFA). In contrast, BMDMs treated solely with lactate displayed an M2-like phenotype and elevated lactylation without an initial M1 phase. These results indicate that lactylation induces an M2-like phenotype and facilitates the return of BMDMs to homeostasis during the late stage of M1 polarization (Zhang et al., 2019). However, the precise regulatory effects of lactylation on macrophage function have not been fully elucidated and need further investigation.
Through the application of machine learning algorithms and subsequent RT-qPCR validation of clinical samples, three diagnostic biomarkers associated with macrophage lactylation in COPD were identified. Aldehyde dehydrogenase 2 (ALDH2), a key enzyme involved in the metabolism of acetaldehyde, a product of alcohol metabolism, was one of these biomarkers (Wang et al., 2020). This tetrameric allosteric enzyme is highly expressed in critical organs such as the heart, brain, liver, and lungs (Ma et al., 2011; Koppaka et al., 2012). Reduced enzyme activity is associated with increased susceptibility to various diseases, including coronary heart disease (Xu et al., 2011), late-onset Alzheimer’s disease (Zhu Z. Y. et al., 2022), and cancer (Zhang and Fu, 2021; Tran et al., 2023). One study demonstrated that upregulating endogenous ALDH2 expression in fibrotic cells using CRISPR activation effectively inhibited the expression of profibrotic genes (Tan et al., 2021). Moreover, the ALDH2 loss-of-function polymorphism is linked to subtle alterations in pulmonary tissues, some of which resemble changes seen in normal pulmonary aging, suggesting a “premature lung aging” effect (Kuroda et al., 2017). A recent study has identified ALDH2 as a critical pathogenic mechanism linked to endogenous lactate accumulation in acute kidney injury and proposes it as a potential therapeutic target. ALDH2 lactylation at lysine 52 promotes PHB2 degradation via the ubiquitin-proteasome system, thereby inhibiting PHB2-mediated mitophagy and exacerbating mitochondrial dysfunction (Li J. et al., 2025). However, ALDH2 has not been studied in COPD. In this study, ALDH2 was significantly upregulated in COPD patients and may be involved in macrophage lactylation in the development of COPD, which might be helpful in the diagnosis and treatment of COPD.
Asialoglycoprotein Receptor 2 (ASGR2), a subunit of the asialoglycoprotein receptor, is a transmembrane protein predominantly expressed in hepatocytes. It specifically recognizes N-acetylgalactosamine and galactose and functions primarily in the internalization and degradation of glycoproteins via desialylation, a process essential for maintaining serum glycoprotein homeostasis (Grewal, 2010). ASGR2 expression correlates significantly with the clinical stage of hepatocellular carcinoma (Zhang et al., 2021). In gastric cancer, ASGR2 contributes to the manifestation of cancer hallmarks upon PS exposure and confers resistance to both chemotherapy and monoclonal antibody-based therapies (Kim et al., 2022). A recent study indicated that serum ASGR2 levels could serve as a biomarker for assessing the therapeutic effects of balloon pulmonary angioplasty (BPA) in patients with chronic thromboembolic pulmonary hypertension (CTEPH). Prior to BPA, ASGR2 levels were associated with HDL-C levels and platelet counts. Post-BPA, ASGR2 levels correlated with LYM%, which may provide insights into the immune and inflammatory states of patients with CTEPH (Xu et al., 2024). However, the specific regulatory mechanism of ASGR2 in COPD remains unclear and requires further in-depth exploration.
Cytochrome P450 Family 1 Subfamily B Member 1 (CYP1B1), a member of the CYP450 enzyme family, is expressed in both hepatic and extrahepatic tissues and plays a critical role in metabolizing a broad range of xenobiotics, including the metabolic activation of polycyclic aromatic hydrocarbons. CYP1B1 has been implicated in processes such as metabolism, inflammation, angiogenesis, and anticancer drug resistance (Li et al., 2017). CYP1B1 contributes to colorectal cancer (CRC) resistance to ferroptosis, with its metabolite, 20-HETE, mediating this resistance (Chen et al., 2023). Furthermore, CYP1B1 significantly influences CRC liver metastasis by regulating tumor cell proliferation through the “CYP1B1-LCFAs-G1/S transition,” suggesting its potential as a therapeutic target for CRC liver metastasis (Jin et al., 2023). It was reported that long-term exposure to incense smoke induces CYP1A1, CYP1A2, and CYP1B1 in rat lung and liver tissues with tissue-specific differences, accompanied by increased oxidative stress (elevated MDA and GSH levels, altered catalase activity in the liver) and inflammation (increased TNF-α and IL-4 levels), thereby potentially promoting carcinogenesis and health complications in chronically exposed individuals (Hussain et al., 2014). And CYP1B1 has been shown to play a protective role in preventing the exacerbation of allergic airway inflammation by ragweed extract and house dust mite, including increased IgE levels, infiltration of inflammatory cells, and especially an increase in Th2 cells (Alessandrini et al., 2022). In summary, these genes—ALDH2, ASGR2, and CYP1B1—are involved in key processes such as metabolism and inflammation. However, their expression and roles in COPD remain unexplored and need further exploration.
Previous studies have highlighted significant changes in the cellular components of the small airways in patients with COPD, with key alterations including epithelial cell senescence (Wu et al., 2022), a notable increase in neutrophils (Kapellos et al., 2023), elevated macrophage numbers accompanied by phenotypic shifts and impaired phagocytic function (Eltboli et al., 2014; Eapen et al., 2017), augmented T and B cell populations, and the proliferation and activation of epithelial dendritic cells (Stoll et al., 2015). In COPD, dysregulated immune cell activation and the release of immune mediators contribute significantly to the exacerbation of pulmonary inflammation. The altered immune microenvironment in COPD has gained increasing attention, and targeting immune cells could offer potential avenues for precision therapy (Tzortzaki et al., 2013; Lan et al., 2025). In the present study, immune infiltration analysis of MRGs revealed significant differences in the infiltration levels of nine immune cell types between the COPD and control groups, particularly monocytes, macrophages, dendritic cells, B cells, and CD8+ T cells. Macrophages, as integral components of the innate immune system, displayed significant differences between M1 and M2 phenotypes. Macrophage dysregulation is closely associated with COPD pathology and severity. Thus, strategies aimed at restoring the macrophage phenotype, improving phagocytosis, reducing inflammation, and addressing foamy macrophages may provide promising therapeutic targets for COPD. Furthermore, the role of innate immunity in COPD pathogenesis is complex, with different macrophage subsets contributing to proinflammatory responses, while M2 macrophages are involved in attenuating inflammation, promoting tissue repair, and decreasing the secretion of proinflammatory cytokines (Kim et al., 2024). Further analysis of the core genes identified their primary enrichment in metabolic pathways, B-cell receptor signaling, wound healing, and antibacterial humoral immune responses. Previous research has suggested that B cells, through antibody production, may play a role in airway inflammation in patients with COPD. B lymphocytes infiltrate the adventitia of small airways in patients with COPD, with a rise in lymphocyte fractions and lymphoid aggregates containing germinal centers as the disease progresses (Caramori et al., 2016). Previous research has indicated the antioxidant and wound-healing properties of baru nut extract in lung epithelial cells, suggesting its potential for COPD treatment (Coco et al., 2022). These findings offer valuable insights for future treatment strategies and further mechanistic investigations into COPD.
Database-based predictions identified 154 TFs associated with the biomarkers, with five TFs—STAT3, SOX9, TFAP4, IKZF2, and TP63—targeting all biomarkers. As is well established, the chronic inflammatory response plays a central role in the pathogenesis and progression of COPD. The JAK-STAT signaling pathway is crucial in the activation of cytokines during inflammation, significantly contributing to COPD development (Purohit et al., 2023). SOX9 alleviates cigarette smoke extract (CSE)-induced inflammatory injury in human bronchial epithelial cells by suppressing stromal interaction molecule 1 (STIM1) expression (Zhu X. et al., 2022). TFAP4, predominantly recognized as an oncogene (Wong et al., 2021), has recently been implicated in exacerbating liver fibrosis and tissue inflammation in mice by promoting the activation of the STING signaling pathway (Han et al., 2025). Moreover, the predicted compounds targeting the biomarkers primarily included CGP 52608, benzo(a)pyrene, and bisphenol A. These compounds warrant further exploration and may serve as the basis for the development of new targeted drugs, offering novel treatment options for COPD.
The PCR validation results provide strong evidence that the expression levels of biomarkers such as ALDH2, ASGR2, and CYP1B1 are significantly higher in patients with COPD. These findings, confirmed by clinical samples, align with the bioinformatics analysis and validate the reliability of the results. Consequently, this study offers clinical value for diagnosing COPD and identifying novel potential immune targets for COPD immunotherapy.
However, this study still has some limitations. Firstly, the clinical sample size of this study is relatively small, which may compromise the generalizability of the conclusions. Secondly, the samples validated via RT-qPCR in this study were whole blood, rather than those of purified macrophages or lung tissues, and thus may be confounded by the influence of other blood cell types. Thirdly, alterations in mRNA levels can be affected by multiple factors; relying solely on such changes is insufficient to definitively elucidate the lactylation status. There is a paucity of experimental validation and biological functional verification that directly link these biomarkers (ALDH2, ASGR2, and CYP1B1) to lactylation, coupled with potential batch effects in public databases (e.g., data from acute exacerbation phases, which fail to fully capture the heterogeneous features of chronic obstructive pulmonary disease). In addition, the data acquisition technologies used for the training set and validation set in this study are different (microarray technology and RNA sequencing). Such a difference may cause some DEGs to fail to be validated across platforms, which may further affect the completeness of candidate gene screening. In future studies, we will perform additional experiments to validate the findings. Firstly, we will employ macrophage-specific gene knockout models or organoid technology to mechanistically dissect how ALDH2/ASGR2/CYP1B1 regulates cell polarization through lactylation. Secondly, we will collect a more diverse set of samples (e.g., macrophages or lung tissues) for RT-qPCR or proteomic assays to validate changes in protein levels and their functional implications, thereby mitigating the influence of other blood cells. Thirdly, we will expand the scale of the dataset, attempt to use data from the same technical platform to reduce the impact of technical bias on the results, and strive to evaluate the relationship between biomarkers and disease stages—especially those biomarkers associated with metabolic syndrome in COPD. Additionally, we will incorporate mass spectrometry (MS) analyses to detect whether these proteins undergo lactylation under specific conditions, and validate the lactylation status of relevant enzymes or target proteins via Western blotting using anti-lactylation-specific antibodies, so as to more precisely characterize the modification status of proteins. Furthermore, leveraging the strong interaction between CYP1B1 and benzo[a]pyrene, we will develop targeted inhibitors or environmental exposure interventions. We aim to fill existing gaps through these studies and lay the groundwork for an in-depth understanding of the immunometabolic mechanisms of chronic obstructive pulmonary disease and their translational applications.
5 CONCLUSION
In conclusion, this study identified ALDH2, ASGR2, and CYP1B1 as novel biomarkers related to macrophage lactylation in COPD, demonstrating their roles in regulating the immune microenvironment (e.g., macrophage polarization) and metabolic pathways (e.g., oxidative stress, B-cell signaling). These findings provide new targets for early diagnosis and therapy.
DATA AVAILABILITY STATEMENT
The datasets (ANALYZED) for this study can be found in the [GEO database (GSE100153 and GSE124180)] (https://www.ncbi.nlm.nih.gov/geo/). If original data were required, the corresponding authors was contacted. We are glad to provide the original data or add them to the attachment.
ETHICS STATEMENT
The studies involving humans were approved by Ethics Review Committee of Tianjin Chest Hospital. The studies were conducted in accordance with the local legislation and institutional requirements. The 10 frozen whole blood samples in 5 pairs were collected at Tianjin Chest Hospital, including 5 COPD and 5 control samples. The informed consent form had to be signed and filled out by all participants, while the ethical approval agency was the Ethics Review Committee of Tianjin Chest Hospital (Approval No. 2025LW-16).
AUTHOR CONTRIBUTIONS
HG: Writing – review and editing, Funding acquisition, Writing – original draft, Visualization, Data curation, Methodology. WS: Writing – review and editing, Funding acquisition, Formal Analysis, Data curation, Methodology. FZ: Visualization, Investigation, Resources, Writing – review and editing. YY: Resources, Writing – review and editing, Investigation. XZ: Supervision, Writing – review and editing, Conceptualization. DS: Validation, Conceptualization, Supervision, Writing – review and editing.
FUNDING
The author(s) declare that financial support was received for the research and/or publication of this article. This study was funded by Tianjin Health Science and Technology Project (No. TJWJ2024QN065 for HG), Natural Science Foundation of Tianjin Municipal (23JCQNJC00610 for WS) and Tianjin Key Medical Discipline Construction Project (TJYXZDXK-3-032C).
CONFLICT OF INTEREST
The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
GENERATIVE AI STATEMENT
The author(s) declare that no Generative AI was used in the creation of this manuscript.
Any alternative text (alt text) provided alongside figures in this article has been generated by Frontiers with the support of artificial intelligence and reasonable efforts have been made to ensure accuracy, including review by the authors wherever possible. If you identify any issues, please contact us.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fgene.2025.1653163/full#supplementary-material
SUPPLEMENTARY TABLE 1 | The lactylation-related genes.
SUPPLEMENTARY TABLE 2 | The experimental conditions of RT-qPCR.
SUPPLEMENTARY TABLE 3 | The functions of 47 candidate genes.
SUPPLEMENTARY TABLE 4 | CYP1B1 was enriched in nucleic acid catabolic processes.
SUPPLEMENTARY TABLE 5 | The performance metrics of the model.
SUPPLEMENTARY TABLE 6 | CYP1B1 was enriched in RNA processing.
SUPPLEMENTARY TABLE 7 | Enrichment pathway of ALDH2.
SUPPLEMENTARY TABLE 8 | Enrichment pathway of ASGR2.
ABBREVIATIONS
COPD, Chronic obstructive pulmonary disease; CT, Computed tomography; TRMs, Tissue-resident macrophages; DEGs, Differentially expressed genes; WGCNA, Weighted gene co-expression network analysis; GSEA, Gene Set Enrichment Analysis; GEO, Gene Expression Omnibus; LRGs, Lactylation-related genes; MRGs, Macrophage-related genes; MLRGs, Macrophage lactylation-related genes; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; ROC, Receiver operating characteristic; SVM-RFE, Support Vector Machine-Recursive Feature Elimination; AUC, Area under curve; MSigDB, Molecular Signatures Database; TFs, Transcription factors; MOE, Molecular operating environment; RT-qPCR, Reverse transcription quantitative PCR; BP, Biological process; CC, Cellular components; MF, Molecular functions; BPA, Balloon pulmonary angioplasty; CTEPH, Chronic thromboembolic pulmonary hypertension; CRC, Colorectal cancer; CSE, Cigarette smoke extract.
REFERENCES
	Adeloye, D., Chua, S., Lee, C., Basquill, C., Papana, A., Theodoratou, E., et al. (2015). Global and regional estimates of COPD prevalence: systematic review and meta-analysis. J. Glob. Health 5 (2), 020415. doi:10.7189/jogh.05.020415

	Alessandrini, F., de Jong, R., Wimmer, M., Maier, A. M., Fernandez, I., Hils, M., et al. (2022). Lung epithelial CYP1 activity regulates aryl hydrocarbon receptor dependent allergic airway inflammation. Front. Immunol. 13, 901194. doi:10.3389/fimmu.2022.901194

	Aran, D., Hu, Z., and Butte, A. J. (2017). xCell: digitally portraying the tissue cellular heterogeneity landscape. Genome Biol. 18 (1), 220. doi:10.1186/s13059-017-1349-1

	Bao, C., Ma, Q., Ying, X., Wang, F., Hou, Y., Wang, D., et al. (2025). Histone lactylation in macrophage biology and disease: from plasticity regulation to therapeutic implications. EBioMedicine 111, 105502. doi:10.1016/j.ebiom.2024.105502

	Brassington, K., Selemidis, S., Bozinovski, S., and Vlahos, R. (2022). Chronic obstructive pulmonary disease and atherosclerosis: common mechanisms and novel therapeutics. Clin. Sci. (Lond) 136 (6), 405–423. doi:10.1042/CS20210835

	Bu, T., Wang, L. F., and Yin, Y. Q. (2020). How do innate immune cells contribute to airway remodeling in COPD progression?Int. J. Chron. Obstruct Pulmon Dis. 15, 107–116. doi:10.2147/COPD.S235054

	Byrne, A. J., Maher, T. M., and Lloyd, C. M. (2016). Pulmonary macrophages: a new therapeutic pathway in fibrosing lung disease?Trends Mol. Med. 22 (4), 303–316. doi:10.1016/j.molmed.2016.02.004

	Caramori, G., Casolari, P., Barczyk, A., Durham, A. L., Di Stefano, A., and Adcock, I. (2016). COPD immunopathology. Semin. Immunopathol. 38 (4), 497–515. doi:10.1007/s00281-016-0561-5

	Chen, A. N., Luo, Y., Yang, Y. H., Fu, J. T., Geng, X. M., Shi, J. P., et al. (2021). Lactylation, a novel metabolic reprogramming code: current status and prospects. Front. Immunol. 12, 688910. doi:10.3389/fimmu.2021.688910

	Chen, L., Huang, L., Gu, Y., Cang, W., Sun, P., and Xiang, Y. (2022). Lactate-lactylation hands between metabolic reprogramming and immunosuppression. Int. J. Mol. Sci. 23 (19), 11943. doi:10.3390/ijms231911943

	Chen, C., Yang, Y., Guo, Y., He, J., Chen, Z., Qiu, S., et al. (2023). CYP1B1 inhibits ferroptosis and induces anti-PD-1 resistance by degrading ACSL4 in colorectal cancer. Cell Death Dis. 14 (4), 271. doi:10.1038/s41419-023-05803-2

	Chen, M., Chen, G., Wu, S., and Zhu, Y. (2025). When COPD meets aspergillus: a treatment odyssey and critical insights from a 76-year-old female patient's journey: a case report. Med. Baltim. 104 (16), e42204. doi:10.1097/MD.0000000000042204

	Cheng, Z., Huang, H., Li, M., Liang, X., Tan, Y., and Chen, Y. (2023). Lactylation-related gene signature effectively predicts prognosis and treatment responsiveness in hepatocellular carcinoma. Pharm. (Basel) 16 (5), 644. doi:10.3390/ph16050644

	Coco, J. C., Ataide, J. A., Sake, J. A., Tambourgi, E. B., Ehrhardt, C., and Mazzola, P. G. (2022). In vitro antioxidant and wound healing properties of baru nut extract (Dipteryx alata Vog.) in pulmonary epithelial cells for therapeutic application in chronic pulmonary obstructive disease (COPD). Nat. Prod. Res. 36 (17), 4475–4481. doi:10.1080/14786419.2021.1984909

	Cruz, T., Lopez-Giraldo, A., Noell, G., Casas-Recasens, S., Garcia, T., Molins, L., et al. (2019). Multi-level immune response network in mild-moderate chronic obstructive pulmonary disease (COPD). Respir. Res. 20 (1), 152. doi:10.1186/s12931-019-1105-z

	Cui, H., Xie, N., Banerjee, S., Ge, J., Jiang, D., Dey, T., et al. (2021). Lung myofibroblasts promote macrophage profibrotic activity through lactate-induced histone lactylation. Am. J. Respir. Cell Mol. Biol. 64 (1), 115–125. doi:10.1165/rcmb.2020-0360OC

	Diseases, G. B. D., and Injuries, C. (2020). Global burden of 369 diseases and injuries in 204 countries and territories, 1990-2019: a systematic analysis for the global burden of disease study 2019. Lancet 396 (10258), 1204–1222. doi:10.1016/S0140-6736(20)30925-9

	Dong, Q., Ren, G., Li, Y., and Hao, D. (2024). Network pharmacology analysis and experimental validation to explore the mechanism of kaempferol in the treatment of osteoporosis. Sci. Rep. 14 (1), 7088. doi:10.1038/s41598-024-57796-3

	Eapen, M. S., Hansbro, P. M., McAlinden, K., Kim, R. Y., Ward, C., Hackett, T. L., et al. (2017). Abnormal M1/M2 macrophage phenotype profiles in the small airway wall and lumen in smokers and chronic obstructive pulmonary disease (COPD). Sci. Rep. 7 (1), 13392. doi:10.1038/s41598-017-13888-x

	Eltboli, O., Bafadhel, M., Hollins, F., Wright, A., Hargadon, B., Kulkarni, N., et al. (2014). COPD exacerbation severity and frequency is associated with impaired macrophage efferocytosis of eosinophils. BMC Pulm. Med. 14, 112. doi:10.1186/1471-2466-14-112

	Ferrera, M. C., Labaki, W. W., and Han, M. K. (2021). Advances in chronic obstructive pulmonary disease. Annu. Rev. Med. 72, 119–134. doi:10.1146/annurev-med-080919-112707

	Gaffney, D. O., Jennings, E. Q., Anderson, C. C., Marentette, J. O., Shi, T., Schou Oxvig, A. M., et al. (2020). Non-enzymatic lysine lactoylation of glycolytic enzymes. Cell Chem. Biol. 27 (2), 206–213. doi:10.1016/j.chembiol.2019.11.005

	Grewal, P. K. (2010). The ashwell-morell receptor. Methods Enzymol. 479, 223–241. doi:10.1016/S0076-6879(10)79013-3

	Gu, Z., and Hubschmann, D. (2022). Make interactive complex heatmaps in R. Bioinformatics 38 (5), 1460–1462. doi:10.1093/bioinformatics/btab806

	Guo, M., Shu, Y., Chen, G., Li, J., and Li, F. (2022). A real-world pharmacovigilance study of FDA adverse event reporting system (FAERS) events for niraparib. Sci. Rep. 12 (1), 20601. doi:10.1038/s41598-022-23726-4

	Gustavsson, E. K., Zhang, D., Reynolds, R. H., Garcia-Ruiz, S., and Ryten, M. (2022). Ggtranscript: an R package for the visualization and interpretation of transcript isoforms using ggplot2. Bioinformatics 38 (15), 3844–3846. doi:10.1093/bioinformatics/btac409

	Han, C., Wang, J., Zhou, X., Li, W., Yang, Y., Zhang, C., et al. (2025). TFAP4 regulates the progression of liver fibrosis through the STING signaling pathway. Int. Immunopharmacol. 148, 114094. doi:10.1016/j.intimp.2025.114094

	Hashimoto, D., Chow, A., Noizat, C., Teo, P., Beasley, M. B., Leboeuf, M., et al. (2013). Tissue-resident macrophages self-maintain locally throughout adult life with minimal contribution from circulating monocytes. Immunity 38 (4), 792–804. doi:10.1016/j.immuni.2013.04.004

	Huang, Q., Wang, Y., Zhang, L., Qian, W., Shen, S., Wang, J., et al. (2022). Single-cell transcriptomics highlights immunological dysregulations of monocytes in the pathobiology of COPD. Respir. Res. 23 (1), 367. doi:10.1186/s12931-022-02293-2

	Hussain, T., Al-Attas, O. S., Al-Daghri, N. M., Mohammed, A. A., De Rosas, E., Ibrahim, S., et al. (2014). Induction of CYP1A1, CYP1A2, CYP1B1, increased oxidative stress and inflammation in the lung and liver tissues of rats exposed to incense smoke. Mol. Cell Biochem. 391 (1-2), 127–136. doi:10.1007/s11010-014-1995-5

	Irizarry-Caro, R. A., McDaniel, M. M., Overcast, G. R., Jain, V. G., Troutman, T. D., and Pasare, C. (2020). TLR signaling adapter BCAP regulates inflammatory to reparatory macrophage transition by promoting histone lactylation. Proc. Natl. Acad. Sci. U. S. A. 117 (48), 30628–30638. doi:10.1073/pnas.2009778117

	Jin, L., Huang, J., Guo, L., Zhang, B., Li, Q., Li, H., et al. (2023). CYP1B1 promotes colorectal cancer liver metastasis by enhancing the growth of metastatic cancer cells via a fatty acids-dependent manner. J. Gastrointest. Oncol. 14 (6), 2448–2465. doi:10.21037/jgo-23-895

	Kapellos, T. S., Bassler, K., Fujii, W., Nalkurthi, C., Schaar, A. C., Bonaguro, L., et al. (2023). Systemic alterations in neutrophils and their precursors in early-stage chronic obstructive pulmonary disease. Cell Rep. 42 (6), 112525. doi:10.1016/j.celrep.2023.112525

	Kerr, K. F., Brown, M. D., Zhu, K., and Janes, H. (2016). Assessing the clinical impact of risk prediction models with decision curves: guidance for correct interpretation and appropriate use. J. Clin. Oncol. 34 (21), 2534–2540. doi:10.1200/JCO.2015.65.5654

	Kim, H., Zaheer, J., Choi, E. J., and Kim, J. S. (2022). Enhanced ASGR2 by microplastic exposure leads to resistance to therapy in gastric cancer. Theranostics 12 (7), 3217–3236. doi:10.7150/thno.73226

	Kim, G. D., Lim, E. Y., and Shin, H. S. (2024). Macrophage polarization and functions in pathogenesis of chronic obstructive pulmonary disease. Int. J. Mol. Sci. 25 (11), 5631. doi:10.3390/ijms25115631

	Koppaka, V., Thompson, D. C., Chen, Y., Ellermann, M., Nicolaou, K. C., Juvonen, R. O., et al. (2012). Aldehyde dehydrogenase inhibitors: a comprehensive review of the pharmacology, mechanism of action, substrate specificity, and clinical application. Pharmacol. Rev. 64 (3), 520–539. doi:10.1124/pr.111.005538

	Kumar, S., Bhagat, V., Sahu, P., Chaube, M. K., Behera, A. K., Guizani, M., et al. (2024). A novel multimodal framework for early diagnosis and classification of COPD based on CT scan images and multivariate pulmonary respiratory diseases. Comput. Methods Programs Biomed. 243, 107911. doi:10.1016/j.cmpb.2023.107911

	Kuroda, A., Hegab, A. E., Jingtao, G., Yamashita, S., Hizawa, N., Sakamoto, T., et al. (2017). Effects of the common polymorphism in the human aldehyde dehydrogenase 2 (ALDH2) gene on the lung. Respir. Res. 18 (1), 69. doi:10.1186/s12931-017-0554-5

	Lan, C. C., Yang, M. C., Su, W. L., Huang, K. L., Lin, C. C., Huang, Y. C., et al. (2025). Unraveling the immune landscape of chronic obstructive pulmonary disease: insights into inflammatory cell subtypes, pathogenesis, and treatment strategies. Int. J. Mol. Sci. 26 (7), 3365. doi:10.3390/ijms26073365

	Langfelder, P., and Horvath, S. (2008). WGCNA: an R package for weighted correlation network analysis. BMC Bioinforma. 9, 559. doi:10.1186/1471-2105-9-559

	Lee, J. W., Chun, W., Lee, H. J., Min, J. H., Kim, S. M., Seo, J. Y., et al. (2021). The role of macrophages in the development of acute and chronic inflammatory lung diseases. Cells 10 (4), 897. doi:10.3390/cells10040897

	Li, F., Zhu, W., and Gonzalez, F. J. (2017). Potential role of CYP1B1 in the development and treatment of metabolic diseases. Pharmacol. Ther. 178, 18–30. doi:10.1016/j.pharmthera.2017.03.007

	Li, J., Zeng, G., Zhang, Z., Wang, Y., Shao, M., Li, C., et al. (2024). Urban airborne PM(2.5) induces pulmonary fibrosis through triggering glycolysis and subsequent modification of histone lactylation in macrophages. Ecotoxicol. Environ. Saf. 273, 116162. doi:10.1016/j.ecoenv.2024.116162

	Li, J., Shi, X., Xu, J., Wang, K., Hou, F., Luan, X., et al. (2025a). Aldehyde dehydrogenase 2 lactylation aggravates mitochondrial dysfunction by disrupting PHB2 mediated mitophagy in acute kidney injury. Adv. Sci. (Weinh) 12 (8), e2411943. doi:10.1002/advs.202411943

	Li, Y. M., Li, C. X., Jureti, R., and Awuti, G. (2025b). Identification and validation of ferritinophagy-related biomarkers in periodontitis. Int. Dent. J. 75 (3), 1781–1797. doi:10.1016/j.identj.2025.03.011

	Lin, C. H., Cheng, S. L., Chen, C. Z., Chen, C. H., Lin, S. H., and Wang, H. C. (2023). Current progress of COPD early detection: key points and novel strategies. Int. J. Chron. Obstruct Pulmon Dis. 18, 1511–1524. doi:10.2147/COPD.S413969

	Lopez Krol, A., Nehring, H. P., Krause, F. F., Wempe, A., Raifer, H., Nist, A., et al. (2022). Lactate induces metabolic and epigenetic reprogramming of pro-inflammatory Th17 cells. EMBO Rep. 23 (12), e54685. doi:10.15252/embr.202254685

	Ma, H., Guo, R., Yu, L., Zhang, Y., and Ren, J. (2011). Aldehyde dehydrogenase 2 (ALDH2) rescues myocardial ischaemia/reperfusion injury: role of autophagy paradox and toxic aldehyde. Eur. Heart J. 32 (8), 1025–1038. doi:10.1093/eurheartj/ehq253

	MacDonald, M. I., Polkinghorne, K. R., MacDonald, C. J., Leong, P., Hamza, K., Kathriachchige, G., et al. (2023). Elevated blood lactate in COPD exacerbations associates with adverse clinical outcomes and signals excessive treatment with β2 -agonists. Respirology 28 (9), 860–868. doi:10.1111/resp.14534

	Mao, W., Ding, J., Li, Y., Huang, R., and Wang, B. (2022). Inhibition of cell survival and invasion by tanshinone IIA via FTH1: a key therapeutic target and biomarker in head and neck squamous cell carcinoma. Exp. Ther. Med. 24 (2), 521. doi:10.3892/etm.2022.11449

	Merkuri, F., Rothstein, M., and Simoes-Costa, M. (2024). Histone lactylation couples cellular metabolism with developmental gene regulatory networks. Nat. Commun. 15 (1), 90. doi:10.1038/s41467-023-44121-1

	Purohit, M., Gupta, G., Afzal, O., Altamimi, A. S. A., Alzarea, S. I., Kazmi, I., et al. (2023). Janus kinase/signal transducers and activator of transcription (JAK/STAT) and its role in lung inflammatory disease. Chem. Biol. Interact. 371, 110334. doi:10.1016/j.cbi.2023.110334

	Qian, Y., Cai, C., Sun, M., Lv, D., and Zhao, Y. (2023). Analyses of factors associated with acute exacerbations of chronic obstructive pulmonary disease: a review. Int. J. Chron. Obstruct Pulmon Dis. 18, 2707–2723. doi:10.2147/COPD.S433183

	Rabe, K. F., Rennard, S., Martinez, F. J., Celli, B. R., Singh, D., Papi, A., et al. (2023). Targeting type 2 inflammation and epithelial alarmins in chronic obstructive pulmonary disease: a biologics outlook. Am. J. Respir. Crit. Care Med. 208 (4), 395–405. doi:10.1164/rccm.202303-0455CI

	Ritchie, M. E., Phipson, B., Wu, D., Hu, Y., Law, C. W., Shi, W., et al. (2015). Limma powers differential expression analyses for RNA-sequencing and microarray studies. Nucleic Acids Res. 43 (7), e47. doi:10.1093/nar/gkv007

	Robin, X., Turck, N., Hainard, A., Tiberti, N., Lisacek, F., Sanchez, J. C., et al. (2011). pROC: an open-source package for R and S+ to analyze and compare ROC curves. BMC Bioinforma. 12, 77. doi:10.1186/1471-2105-12-77

	Safiri, S., Carson-Chahhoud, K., Noori, M., Nejadghaderi, S. A., Sullman, M. J. M., Ahmadian Heris, J., et al. (2022). Burden of chronic obstructive pulmonary disease and its attributable risk factors in 204 countries and territories, 1990-2019: results from the global burden of disease study 2019. BMJ 378, e069679. doi:10.1136/bmj-2021-069679

	Shannon, P., Markiel, A., Ozier, O., Baliga, N. S., Wang, J. T., Ramage, D., et al. (2003). Cytoscape: a software environment for integrated models of biomolecular interaction networks. Genome Res. 13 (11), 2498–2504. doi:10.1101/gr.1239303

	Stoll, P., Ulrich, M., Bratke, K., Garbe, K., Virchow, J. C., and Lommatzsch, M. (2015). Imbalance of dendritic cell co-stimulation in COPD. Respir. Res. 16 (1), 19. doi:10.1186/s12931-015-0174-x

	Tan, Q., Link, P. A., Meridew, J. A., Pham, T. X., Caporarello, N., Ligresti, G., et al. (2021). Spontaneous lung fibrosis resolution reveals novel antifibrotic regulators. Am. J. Respir. Cell Mol. Biol. 64 (4), 453–464. doi:10.1165/rcmb.2020-0396OC

	Tran, T. O., Vo, T. H., Lam, L. H. T., and Le, N. Q. K. (2023). ALDH2 as a potential stem cell-related biomarker in lung adenocarcinoma: comprehensive multi-omics analysis. Comput. Struct. Biotechnol. J. 21, 1921–1929. doi:10.1016/j.csbj.2023.02.045

	Tzortzaki, E. G., Papi, A., Neofytou, E., Soulitzis, N., and Siafakas, N. M. (2013). Immune and genetic mechanisms in COPD: possible targets for therapeutic interventions. Curr. Drug Targets 14 (2), 141–148. doi:10.2174/1389450111314020002

	Wang, W., Wang, C., Xu, H., and Gao, Y. (2020). Aldehyde dehydrogenase, liver disease and cancer. Int. J. Biol. Sci. 16 (6), 921–934. doi:10.7150/ijbs.42300

	Wang, J., Yang, P., Yu, T., Gao, M., Liu, D., Zhang, J., et al. (2022). Lactylation of PKM2 suppresses inflammatory metabolic adaptation in pro-inflammatory macrophages. Int. J. Biol. Sci. 18 (16), 6210–6225. doi:10.7150/ijbs.75434

	Wen, L., Krauss-Etschmann, S., Petersen, F., and Yu, X. (2018). Autoantibodies in chronic obstructive pulmonary disease. Front. Immunol. 9, 66. doi:10.3389/fimmu.2018.00066

	Wong, M. M., Joyson, S. M., Hermeking, H., and Chiu, S. K. (2021). Transcription Factor AP4 Mediates Cell Fate Decisions: to Divide, Age, or Die. Cancers (Basel) 13 (4), 676. doi:10.3390/cancers13040676

	Wu, T., Hu, E., Xu, S., Chen, M., Guo, P., Dai, Z., et al. (2021). clusterProfiler 4.0: a universal enrichment tool for interpreting omics data. Innov. (Camb) 2 (3), 100141. doi:10.1016/j.xinn.2021.100141

	Wu, H., Ma, H., Wang, L., Zhang, H., Lu, L., Xiao, T., et al. (2022). Regulation of lung epithelial cell senescence in smoking-induced COPD/emphysema by microR-125a-5p via Sp1 mediation of SIRT1/HIF-1a. Int. J. Biol. Sci. 18 (2), 661–674. doi:10.7150/ijbs.65861

	Xie, Q., Zhang, X., Liu, F., Luo, J., Liu, C., Zhang, Z., et al. (2024). Identification and verification of immune-related genes for diagnosing the progression of atherosclerosis and metabolic syndrome. BMC Cardiovasc Disord. 24 (1), 405. doi:10.1186/s12872-024-04026-3

	Xu, F., Chen, Y. G., Xue, L., Li, R. J., Zhang, H., Bian, Y., et al. (2011). Role of aldehyde dehydrogenase 2 Glu504lys polymorphism in acute coronary syndrome. J. Cell Mol. Med. 15 (9), 1955–1962. doi:10.1111/j.1582-4934.2010.01181.x

	Xu, J., Yang, T., Wu, F., Chen, T., Wang, A., and Hou, S. (2023). A nomogram for predicting prognosis of patients with cervical cerclage. Heliyon 9 (11), e21147. doi:10.1016/j.heliyon.2023.e21147

	Xu, W. J., Wang, S., Zhao, Q. H., Xu, J. Y., Hu, X. Y., Gong, S. G., et al. (2024). Serum ASGR2 level: an efficacy biomarker for balloon pulmonary angioplasty in patients with chronic thromboembolic pulmonary hypertension. Front. Immunol. 15, 1402250. doi:10.3389/fimmu.2024.1402250

	Yang, L., Pan, X., Zhang, Y., Zhao, D., Wang, L., Yuan, G., et al. (2022). Bioinformatics analysis to screen for genes related to myocardial infarction. Front. Genet. 13, 990888. doi:10.3389/fgene.2022.990888

	Yu, J., Chai, P., Xie, M., Ge, S., Ruan, J., Fan, X., et al. (2021). Histone lactylation drives oncogenesis by facilitating m(6)A reader protein YTHDF2 expression in ocular melanoma. Genome Biol. 22 (1), 85. doi:10.1186/s13059-021-02308-z

	Zhang, H., and Fu, L. (2021). The role of ALDH2 in tumorigenesis and tumor progression: targeting ALDH2 as a potential cancer treatment. Acta Pharm. Sin. B 11 (6), 1400–1411. doi:10.1016/j.apsb.2021.02.008

	Zhang, D., Tang, Z., Huang, H., Zhou, G., Cui, C., Weng, Y., et al. (2019). Metabolic regulation of gene expression by histone lactylation. Nature 574 (7779), 575–580. doi:10.1038/s41586-019-1678-1

	Zhang, Y., Wei, H., Fan, L., Fang, M., He, X., Lu, B., et al. (2021). CLEC4s as potential therapeutic targets in hepatocellular carcinoma microenvironment. Front. Cell Dev. Biol. 9, 681372. doi:10.3389/fcell.2021.681372

	Zhou, H., Xin, Y., and Li, S. (2023). A diabetes prediction model based on boruta feature selection and ensemble learning. BMC Bioinforma. 24 (1), 224. doi:10.1186/s12859-023-05300-5

	Zhu, X., Huang, H., Zong, Y., and Zhang, L. (2022a). SRY-related high-mobility group box 9 (SOX9) alleviates cigarette smoke extract (CSE)-induced inflammatory injury in human bronchial epithelial cells by suppressing stromal interaction molecule 1 (STIM1) expression. Inflamm. Res. 71 (5-6), 565–576. doi:10.1007/s00011-022-01576-0

	Zhu, Z. Y., Liu, Y. D., Gong, Y., Jin, W., Topchiy, E., Turdi, S., et al. (2022b). Mitochondrial aldehyde dehydrogenase (ALDH2) rescues cardiac contractile dysfunction in an APP/PS1 murine model of Alzheimer's disease via inhibition of ACSL4-dependent ferroptosis. Acta Pharmacol. Sin. 43 (1), 39–49. doi:10.1038/s41401-021-00635-2

	Zhu, Z., Gong, D., Chen, Y., Yuan, M., Qian, H., He, B., et al. (2025). A review of research advances in the modulation of olfactory receptors for COPD inflammation and airway remodeling. Front. Immunol. 16, 1612165. doi:10.3389/fimmu.2025.1612165


Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
Copyright © 2025 Guo, Sun, Zhao, Yu, Zhao and Sun. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
OPS/images/fgene-16-1653163-g005.jpg
g i e
B 3 e

N
|
n

Bl i R TR
; |






OPS/images/fgene-16-1653163-g006.jpg
C

CYPIBI 0 Benzo(@)pyrene






OPS/images/fgene-16-1653163-g003.jpg
10 x CV Accuracy

GSE100153
Group B3 Control B3 COPD.

SVMRFE

- 2
3
8
5 o
&
3
x 8
5 o
©
o
47-01
T T T T T T T
0 20 3 4 0 0 20 30 40
Number of Features Number of Features
‘GSE124180 ROC Curves with AUC Values.
.
s
ARDIA \
AN
B \ A\
R AT
o\ \\ \\| |
e e\
. e i\ e
SN s
R N

GSE124180
Group B3 Control 82 cOPD

-1-'1'“I

S ||\
e 25 ac
sy
et 4.‘4:,;' //
i XT /
e 0, \\\‘\w ; AT N \l\ //
NS e
ﬁf:/fn} | \Q?\\-///f/ // AR
Tors” ASKU 6 =
; v ] | S,\N S AR
. Em/ //Am[g m\l s}lncnm = nlm \






OPS/images/fgene-16-1653163-g004.jpg
sensitivity

Dynamic Nomogram

Points
0 10 20 30 0% 50 g 70 80 Y790
CYP1B1 . < O%%.—e
6 55 7 75 T8 85 3 95
ASGR2 B - %@%&e—e
57 58 72 7% 37 '8
ALDH2 B—e-e—e%-%%——oo—q
7% 78 82 57 5% ] 572 97
Total points

9.6

1.00

o
3
o

o
o
S

o
I
a

0.00

ROC Curve of Nomogram

144]685 (0.125, 0.895)
~ Nomogram AUC: 0.893 (0.777 ~ 1)
0.00 0.25 0.50 0.75 1.00
1-specificity

Net benefit

0.0

1.0

0.5
1

CYP1B1
ASGR2
ALDH2
nomogram
Al

None

0.0

0.1

012 013 of4
Risk threshold

0.5

0.6






OPS/images/fgene-16-1653163-g007.jpg
% 3k %k %k

N N e o 9
(H@dvO 9)
PAJ] T LdAD dAnePY

-

*okok ok

S O
Q
00

i I o N - o
(H@dvH ®)
[9A3] TYOSV 2ADBPY

* %k
S O
Q
CJO

A [\ I B )

e
(HAdvO 0)
[PAJ] ZHA'TV 2ADePRY





OPS/xhtml/nav.xhtml
Table of Contents

		Cover

		Transcriptomic profiling reveals macrophage gene signatures associated with lactylation-related pathways in chronic obstructive pulmonary disease		Background

		Methods

		Results

		Conclusion

		1 INTRODUCTION

		2 MATERIALS AND METHODS		2.1 Data collection

		2.2 Differential expression analysis

		2.3 Immune infiltration

		2.4 Acquisition of macrophage-related module genes

		2.5 Identification and function of candidate genes

		2.6 Identification of biomarkers

		2.7 Construction of nomogram model

		2.8 Gene set enrichment analysis (GSEA)

		2.9 Prediction of transcription factors (TFs) and compounds

		2.10 Molecular docking

		2.11 Clinical sample verification

		2.12 Statistical analysis





		3 RESULTS		3.1 Identification of MRGs

		3.2 Function of candidate genes in COPD

		3.3 Three biomarkers in COPD

		3.4 Ability of biomarkers to predict COPD mortality

		3.5 Enrichment pathway of biomarkers

		3.6 Ability of compounds to bind to biomarkers

		3.7 Expression levels of biomarkers in clinical samples





		4 DISCUSSION

		5 CONCLUSION

		DATA AVAILABILITY STATEMENT

		ETHICS STATEMENT

		AUTHOR CONTRIBUTIONS

		FUNDING

		CONFLICT OF INTEREST

		GENERATIVE AI STATEMENT

		SUPPLEMENTARY MATERIAL

		ABBREVIATIONS

		REFERENCES









OPS/images/cover.jpg
’ frontiers | Frontiers in Genetics

Transcriptomic profiling reveals
macrophage gene signatures
associated with lactylation-
related pathways in chronic
obstructive pulmonary disease





OPS/images/fgene-16-1653163-g001.jpg
o
IS

Estimated Proportion
o
N

o
o

c
k]
t
<]
a
o
=
3
®
£
@
w

09 Cell type Group B8 Control B8 COPD
e
Basophis
CD4+ momory T-cells L MS NS . NS NS NS + NS NS . NS NS NS NS NS + NS .+ + NS NS NS NS NS NS we NS NS NS NS+ NS NS
CD4+ naive T-cells
€bd: T-cols K .
D4+ Tom
.75- Bir Tom .
CDB8* naive T-cells
CDB8* T-cells
CDB8+ Tem
CD8+ Tem
cDC
Class-swiched memory B-colls . .
Eosinophils . . .
.50- e | . . H
Macrophages H . F # .
Macrophages M1 “ H : T . H“““ P .
Egﬁ?’c‘éﬁ%"”rz 0l s wdd L TTY TY TR R T, ol B e
lemory B-cells
eE s ooe-" 3% S0 PSS U \»e&o‘;@"f * o° DG £
.25 Sk a x S &
= G S G FFEIEA S J T I
Placa cots F o \@(\ ’bé <\9
pro B-colls 0& W ‘* X &
'gd cells ooh &
Thi cells &
Th2 cells 5
0.00- Tregs &

‘Sample Clustering Dendrogram ‘Sample Clustering Dendrogram (Cleaned)

EIE CR )
S -
Gsmoe72261 —
0
T
osmzs72254

I —‘zjz.;
[l
!
I ; ‘ ] i
T ™ s . i Mg
SR AR INR IR Pt sl i 1R IHE T o e
; IR PP HIRE e | RIRILERI R PR EE 11 N NaRe P T Y
8 M § Il § & § § 1 g8 28 388 2 g
\ 88”11 ng ggg i1 1 g Fleggife s g §§ it ’§§ gl"lg : §2
8 35 %% EEU 88 8§~|~||J1 gg 8 33 gg °8 ugml_‘_\
s i3 °° e it L3 R 88 o0 Yoeil
: il . L Hi
] LR
g
Module-trait relationships
Scale independence Mean Connectivity
MEcyan o P o
L g Mevelow (SR
s = Mesbue [ o gr @
3
E 5 g MEdarkgreen o b3 o0
5_:,_ J MEred
o z
HEE § MElightyellow & o o
2 s 8 | MEblack
_5; . 8 E - MEdarkgrey -
E s . 2 MEgrey60
& 3 MEsalmon
g ) 3 MEsteelblue
5 ° 4 ‘5675010 1 o B W 2 MEpurple b
T T T L T T T T MEmidnightblue
5 10 15 2 = o " » MEturquoise
Soft Threshold (power) Soft Threshold (power) MEgreenyeIlOW
F MElightgreen o
MEwhite
MEorange
Cluster Dendrogram
. MEdarkorange ©
£ MEmagenta ?
Py MEdarkturquoise
MEpink
s | MEdarkred -
MEblue !
§ S MElightcyan
MEsaddlebrown o o o5
s MEroyalblue ry =
) MEgreen ks kS k)
3 MEbrown o5 R )
MEtan| | & &% @
MEgrey | %3 &
g > ¥
5 & §
S & &
N4 &© &K





OPS/images/fgene-16-1653163-g002.jpg
Volcano Plot

Gene Status ® Downregulated © Notchanged ® Upregulated

~-Log10 P.Value

00 ¥ X 15
Log2 Fold Change

Correlation of Macrophages and LRGs

e B

p-value

001 002

IS L s

Top 50 Upregulated and Downregulated DEGs

density

DEGs MLRGs










OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
P frontiers | Frontiers in Genetics





