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Abstract 

Chronic obstructive pulmonary disease (COPD) is a prevalent and progressive form 

of respiratory disease in which patients exhibit persistent respiratory damage affect-

ing the alveoli and/or airway due to exposure to toxic gases or particulate matter. 

C57BL/6 mice were exposed to cigarette smoke and lipopolysaccharide to estab-

lish a COPD model mice, followed by scATAC (Assay for Transposase Accessible 

Chromatin) sequencing and scRNA sequencing of lung tissue samples. The resultant 

data revealed consistent findings between scATAC-seq and scRNA-seq regarding 

cell types, differentially expressed genes, and signaling pathways in COPD model 

mice. Tumor necrosis factor (TNF) signaling pathway enrichment was evident in 

the scRNA-seq and scATAC-seq datasets, with similar trends in monocytes/macro-

phages, dendritic cells, and B cells. In COPD model mice, significant tumor necrosis 

factor receptor 1 (TNFR1) upregulation and high levels of activity related to cellular 

communication were observed, and significant increases in Il1b, Csf1, and Bcl3 site 

accessibility were evident in cells. These findings suggest that the TNF signaling 

pathway maybe associated with COPD.

Introduction

Chronic obstructive pulmonary disease (COPD) is a prevalent, progressive respira-
tory disease characterized by airway and alveolar abnormalities and restricted airflow 
due to exposure to toxic gases or particulate matter [1,2]. Cigarette smoke, chronic 
air pollution, and bacterial infections are the three primary risk factors for COPD, with 
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the most extensive research focusing on cigarette smoke [3,4]. Cigarette smoke 
exposure induces oxidative stress [5–6], activating lung resident cells like epithelial 
cells and alveolar macrophages. This activation triggers the release of chemokines 
and cytokines, including pro-inflammatory mediator TNF-α, recruiting lymphocytes 
and neutrophils to the airways [7,8]. COPD subtypes, such as small airway disease, 
chronic bronchitis, and emphysema, vary in symptoms and treatment responses. 
Emphysema, notably, involves destructive enlargement of air spaces in the distal 
terminal bronchioles [9–12].

COPD onset and progression involve various cellular processes such as autoph-
agy, apoptosis, mitochondrial and metabolic dysfunction, senescence, extracellular 
matrix proteolysis, DNA damage, and immune cell infiltration [13–15]. Single-cell 
RNA sequencing identified a COPD-specific alveolar type II epithelial cell subpop-
ulation with unique HHIP (Hedgehog-interacting protein) expression and aberrant 
stress tolerance profiles. Endothelial cells show overlapping and distinct transcrip-
tional profile shifts, possibly contributing to vascular inflammation and injury sus-
ceptibility in COPD [16]. As the most disease-, aging-, and smoking-relevant cell 
types, monocytes, club cells, and macrophages exhibit changes leading to alveolar 
epithelium dysfunction [17]. The populations with more differentially expressed 
genes were monocytes, macrophages, and ciliated epithelial cells in the COPD 
lungs [18]. In COPD patients, alveolar macrophages exhibit transcriptional plas-
ticity, characterized by increased levels of invading and proliferating cells, reduced 
cellular motility, altered lipid metabolism, and mitochondrial dysfunction [19]. The 
gene sets upregulated in COPD samples were related to the neutrophilic inflam-
matory response and TNF-α activation of the NF-κB signaling pathway [20]. TNF is 
a key regulator of inflammation in the cytokine network. TNF-α, a proinflammatory 
cytokine, is associated with disease progression, and it plays a vital role in regulat-
ing various inflammatory pathways involving NF-κB [21–23]. Blocking TNF-α signal-
ing, decreased breast cancer metastasis to lungs in mice by ~ 60%, and decreasing 
TNF-α signaling, decreased NF-κB activation and the expression of inflammation-
related genes that regulate metastasis [24]. Tumor necrosis factor receptor 2 
converts the tumor inhibiting ability of TNF-α into a tumor advocating factor, thereby 
directly promoting the proliferation of some types of cancers such as lung, breast, 
and colon cancer [25].

The establishment of appropriate animal models can accurately simulate the 
pathological characteristics of human COPD, which is conducive to the development 
of effective intervention and treatment in the short term. By analyzing the experi-
mental results of COPD mice models, we hope to conduct comparative studies with 
human diseases, so that we can more effectively understand the occurrence and 
development of COPD and discover new therapeutic targets. Here, smoke exposure 
and lipopolysaccharide (LPS) treatment were used to establish a murine model of 
COPD. Lung tissue samples were then collected from these animals and used to 
conduct single-cell ATAC sequencing (scATAC-seq) and single-cell RNA sequenc-
ing (scRNA-seq) analyses to elucidate the mechanistic roles of specific cell types in 
COPD pathogenesis. These experiments revealed related changes in lung structural 
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cell of murine model of COPD, and along with a concomitant increase in immune cell levels and the enrichment of corre-
sponding inflammation-, apoptosis-, and oxidative stress-related signaling pathways. TNF signaling pathway enrichment 
was evident in both the scATAC-seq and scRNA-seq datasets, with comparable trends in mononuclear cells/macro-
phages, B cells, and dendritic cells (DCs).

Materials and methods

Animal model establishment

This study included 4 C57BL/6 COPD model mice (2 male, 2 female; 8 weeks old) and 2 C57BL/6 control mice (1 male, 
1 female; 8 weeks old). Control mice: on day 1 and day 15, each mouse was anesthetized, intubated with a tracheal 
tube, and infused with 30 μl of normal saline; on days 2–14 and 16–29, mice were maintained under normal conditions. 
COPD model mice: on day 1 and day 15, each mouse was anesthetized, intubated with a tracheal tube, and infused with 
25 μg of LPS in 30 μl of normal saline (the methods were adapted from Chen et al.) [26], no smoking on the day of the 
LPS infusion; On days 2–14 and days 16–29, mice underwent continuous cigarette smoke fumigation: 4 cigarettes per 
session, with each session lasting 1 h, conducted once daily (the methods were adapted from Duan et al. and Cavarra et 
al.) [27,28]. In each fumigation session, mice inhaled smoke from four large cigarettes, Shanghai Tobacco Group Co. Ltd. 
(Tar 10 mg, nicotine 0.8 mg, smoke carbon monoxide 12 mg). Mice were anesthetized using intraperitoneal injections of 
Pentobarbital sodium (50 mg/kg). The thoracic cavity was opened for lung tissue harvesting, then sutured, and mice were 
euthanized through cervical dislocation. A portion of the lung tissue was fixed in 4% neutral formaldehyde for 48 h, embed-
ded in paraffin, sectioned, and stained with hematoxylin and eosin (HE). The bronchial injury in the lung and the infiltration 
of inflammatory cells in the bronchial and lung tissues were observed under the microscope (Fig 1a). The remaining lung 
tissues underwent scRNA-seq and scATAC-seq analysis. These mouse were purchased from East China Normal Univer-
sity, and housed in environmentally controlled pathogen-free conditions throughout the experiments. All protocols follow 
the animal care guidelines of East China Norma University (Laboratory animal production permit: SCXK-2016–0004; 
Laboratory animal use permit: SXYK-2020–0015). According to the Declaration of Helsinki, our study was approved by the 
Ethics Committee of Liaocheng People’s Hospital (No. 2020021).

Single-cell suspension preparation

Lung tissues were sectioned into approximately 0.5-mm³ pieces in RPMI-1640 medium (GIBCO, C22400500BT) 
supplemented with 1% Penicillin/Streptomycin (GIBCO, 15140–122) and enzymatically digested using the MACS 

Fig 1.  Pathological examination of the mouse lung tissues. The mouse lung tissues were fixed, sectioned at 4 μm thickness, and stained with H&E 
solution, magnification ×200. The alveolar dilatation was obvious, and some of the alveolar septal rupture showed blistering emphysema. There was a 
small amount of inflammatory cell infiltration near the small bronchial branches (terminal bronchioles, etc.), mainly lymphocytoplasmic cell infiltration.

https://doi.org/10.1371/journal.pone.0322538.g001
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Tumor Dissociation Kit_mouse (Miltenyi Biotec, 130-096-730) at 37°C for 30 min with agitation, following the manu-
facturer’s guidelines. Dissociated cells were filtered through 70-μm and 40-µm cell strainers (BD, 352340) and centri-
fuged at 300 g for 10 min. The supernatant was discarded, and the cell pellet was resuspended in red blood cell lysis 
buffer (Thermo Fisher), followed by a 2-min incubation on ice to lyse red blood cells. After washing twice with PBS 
(THERMO, 10010023), the cell pellets were resuspended in PBS (containing 0.04% BSA), readying them for single-cell 
RNA sequencing. The cell requirements: Cell viability: ≥ 90%, Clumping rate: ≤ 5%, and the background without many 
impurities.

scRNA-seq with DNBelab C4 system

The DNBelab C Series Single-Cell Library Prep Set (MGI) was used for single-cell RNA-seq library preparation, as 
described previously [29]. Briefly, single-cell suspensions were processed into barcoded scRNA-seq libraries via droplet 
encapsulation, emulsion breakage, mRNA-captured bead collection, reverse transcription, and cDNA amplification and 
purification. The cDNA product had a concentration > 20 ng/μL with a volume of 30 μL, and a peak for the fragment size 
distribution ranges between 800 bp to 2000 bp. Indexed sequencing libraries were constructed according to the manufac-
turer’s protocol. The sequencing libraries were quantified by Qubit ssDNA Assay Kit (Thermo Fisher Scientific). Libraries 
were sequenced on the MGI 2000 sequencer. The sequencing employed a paired-end read structure: Read 1 comprised 
30 bases, including two 10-bp cell barcodes and a 10-bp unique molecular identifier (UMI), while Read 2 captured 100 
bases of the transcript sequence.

Nucleus suspension preparation

Cell pellets were resuspended in 100 μL homogenization buffer containing 20 mM Tris pH 8.0 (AMBION, AM9855G), 
250 mM sucrose (BBI, A610498-0500), 0.1% IGEPAL® CA-630 (SIGMA, I8896-50ML), 0.2 U/μL RNase inhibitor (MGI), 
1 × protease inhibitor cocktail (ROCHE, 4693116001), 1% bovine serum albumin (BBI, A600332-0100), and 0.1 mM DTT 
(SIGMA, 646563) and incubated on ice for 3 min to lyse the cell membrane. Nuclei were pelleted by centrifugation at 
500 × g for 5 min at 4°C, then resuspended in blocking buffer containing 1% BSA and 0.2 U/μL RNase inhibitor in 1 × PBS 
for Single-Cell ATAC-seq preparation. The nuclear requirements were: Nuclear integrity rate of ≥ 90%, Clumping rate 
of ≤ 10%, Nucleus yield of > 100,000, and the background without many impurities.

scATAC-seq with DNBelab C4 system

The DNBelab C Series Single-Cell ATAC Library Prep Set (MGI, 1000021878) was used for scATAC-seq library prepa-
ration. Lung tissue cell suspensions were prepared, and nuclei were extracted following previously established protocols 
[30]. Then, ~ 100,000 nuclei and 25 μL of a transposition reaction mixture containing 10 mM TAPS-NaOH (pH 8.5), 5 mM 
MgCl2, 10% DMF, and 4 μL of in-house Tn5 transposes were combined for Tn5 tagmentation. The resultant transposed 
single-nuclei suspensions were then used to prepare barcoded scATAC-seq libraries via droplet encapsulation, pre-
amplification, emulsion breakage, captured bead collection, DNA amplification, and purification. The DNA product had a 
concentration > 10 ng/μL with a volume of 100 μL, and a peak for the fragment size distribution ranges between 200 bp to 
800 bp. Indexed libraries were prepared according to the manufacturer’s protocol. Concentrations were measured with a 
Qubit ssDNA Assay Kit. Libraries were sequenced on a BGISEQ-500 sequencer with the following sequencing strategy: 
50-bp read length for Read 1 and 76-bp read length for Read 2.

scATAC-seq data pre-processing

Raw fastq files were filtered and trimmed using PISA (v 0.0.0.9999) (https://github.com/shiquan/PISA) with settings (-q 
20 -dropN, -mode Tn5 -p) and aligned to the mm10 using BWA (v 0.7.17) [31]. Reads were filtered to eliminate individual 

https://github.com/shiquan/PISA
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unmapped reads, paired unmapped reads, multi-unmapped reads, mitochondrial reads, and duplicates using bap2 (v 
0.6.6) (https://github.com/caleblareau/bap) (-r mm10 -bt CB --mapq 30). This approach yielded 166,533,130 read frag-
ments from 6 murine lung samples, averaging 27,755,521 reads per sample.

scATAC-seq quality control

Quality control (QC) and downstream analyses of scATAC-seq data were performed with a previously published pipeline 
[32] and the ArchR toolkit (v 1.0.2) [33]. Initially, samples were subjected to individual processing and annotation to explain 
any source-specific differences in quality. The ArchR object of each sample was generated by the createArrowFiles() 
function with TileMatParams = 500. Cells were filtered based on TSS enrichment (filterTSS = 4), unique fragments (filter-
Frags = 1000), and doublets (using filterDoublets with filterRatio = 1) (S1 Table).

scATAC-seq batch alignment and dimensionality reduction

Following QC, an ArchR projection of all samples was created using ArchRProject(), with the genome version 
set to mm10. Dimensionality reduction was conducted using addIterativeLSI(), focusing on the top 30 dimensions. 
Batch effect correction was applied using the addHarmony() function with default parameters. Clusters were iden-
tified at a resolution of 0.8 and visualized using uniform manifold approximation and projection (UMAP) embedding 
techniques.

scATAC-seq peak annotation and motif identification

Following ArchR projections, a tile matrix was generated, mapping cells and a 500 bp genomic window to columns and 
rows, respectively. Confident peaks for each cell cluster were called using addReproduciblePeakSet() and annotated with 
the annotatePeak function from ChIPseeker [34] with default settings. Then, the addMotifAnnotations function was used to 
identify motifs with reference to the CIS-BP Database [35].

scATAC-seq differential gene, peaks, and transcription factor (TF) analyses

Subpopulations within cell compartments and sample sets were identified by assessing differentially accessible genes, 
peaks, and TFs using the appropriate ArchR quantification matrix (GeneScoreMatrix, PeakMatrix). This was performed 
with the ArchR getMarkerFeatures function via the “Wilcoxon” method.

Peaks co-accessibility analyses

The Cicero tool [36] within ArchR assessed peak co-accessibility using default settings for addCoAccessibility() and get-
CoAccessibility(), with results visualized via plotBrowserTrack (upstream = 100,000, downstream = 100,000).

Transcription factor footprinting

TF footprints were used for the characterization of TF occupancy using composite functions. Initially, relevant motif posi-
tions were obtained with getPositions(), after which motifs of interest were obtained with getFootprints(), and plotting was 
performed using plotFootprints with the default parameters.

scRNA-seq raw data processing

Following read alignment to the mm10 reference genome, Cell Ranger was used to compute gene counts with default 
parameters. Doublets were removed using DoubletFinder [37], which computes the average transcriptional profiles of 
pairs of randomly chosen cells to generate pseudo-doublets and then identifies candidate doublets based on the similarity 
of a given cell to these pseudo-doublet pairs.

https://github.com/caleblareau/bap
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scRNA-seq cell clustering and identification

Cells were pre-processed to retain those expressing at least 500 genes observed in a minimum of three cells and to 
remove cells with over 10% mitochondrial DNA content before performing downstream analyses. Global clustering of the 
lung tissue dataset was conducted using the Seurat package (v4.0.3) for R (v4.0.2) [38]. The NormalizeData function was 
used to normalize data across replicates using the default settings, followed by FindVariableFeatures and the vst method 
to identify the 2,000 genes exhibiting the greatest variability. Variables genes exhibiting consistency in different replicates 
were selected for batch correction with the FindIntegrationAnchors function followed by an integrated analysis. Cluster-
ing and visualization were conducted using Seurat (https://satijalab.org/seurat/articles/integration_introduction.html) with 
default parameters based on the results of integrated analyses.

DEG identification and analysis

DEGs across cell types within the tissue were identified and analyzed using the FindMarkers and FindAllMarkers functions 
in Seurat. The FindAllMarkers function was used to analyze DEGS in different types of cells in a given tissue, and DEGs 
were identified based on established criteria (P < 0.05, FC > 2). We used the Wilcoxon rank-sum test, the default setting 
in Seurat, for differential expression analysis using the FindAllMarkers function. The enrichGO/enrichKEGG function in 
clusterProfiler [39] was used for Gene Ontology (GO)/KEGG enrichment analyses.

Cell-cell communication analyses

Cell-cell communication analysis was performed using the CellPhoneDB program (v 1.1.0) [40] (www.cellphonedb.
org) based on the scRNA-seq dataset. Further analyses were performed only for ligands and receptors expressed by a 
minimum of 10% of a given cell type, with interactions being designated as not evident in cases where either ligands or 
receptors were not detectable. Average expression levels for ligand-receptor pairs were compared among cell types, and 
those exhibiting a P < 0.05 were retained for predicting cell-cell communication within groups.

scATAC-seq and scRNA-seq dataset integration

ScATAC-seq and scRNA-seq datasets were integrated with the addGeneIntegrationMatrix() function, the addGeneIntegra-
tionMatrix function from the ArchR package (version 1.0.2) was used for gene integration analysis. Using gene expression 
values and accessibility scores for cells meeting quality criteria.

Results

scATAC-seq-based characterization of changes in chromatin accessibility of COPD model mice

A comprehensive approach was employed herein to characterize the mechanisms governing the pathogenesis of COPD 
in murine lungs (C57BL/6 mice). Initially, the chromatin accessibility landscape was profiled at the single-cell level via 
scATAC-seq, as in prior reports [41,42] (Fig 2a). To mitigate gender- or individual-specific differences, an equal gender 
ratio was maintained during testing [43]. Lung tissues from four COPD model mice and two control mice were processed 
to obtain single-cell suspensions, from which nuclei were extracted and treated with Tn5 transposase. The quality of 
scATAC-seq data was assured by evaluating transcriptional start site (TSS) enrichment, mitochondrial DNA contamina-
tion, fragment size distribution, and doublet exclusion. In total, 22,038 nuclei that passed the quality filter were identified, 
corresponding to 12,158 cells from the COPD model mice and 9,880 from the control mice. These yielded a median 
TSS enrichment score of up to 26, a median of 4610 fragments, and 251,024 peaks that were called, with >50% of the 
fragment fraction overlapping with these peaks. These data exhibited appropriate fragment size periodicity, with >30% of 
fragments located at TSS and a high degree of correlation between the aggregate profiles within each group. The esti-
mated doublet/multiple percentages in each group were 3.8% on average, and the corresponding data were removed 

https://satijalab.org/seurat/articles/integration_introduction.html
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Fig 2.  scATAC-seq data analysis of the mouse lung tissues. a: The two approaches used for this project are scATAC-seq (top) and scRNA-seq (bot-
tom). b: UMAP plot showing the integrated cell profiles of scATAC-seq from both case and control mouse lung. The dots indicate individual cells, and the 
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from further analysis. Collectively, these results indicated consistent enrichment across open chromatin regions, providing 
a comprehensive dataset for further analysis.

To explore molecular and cellular heterogeneity related to COPD development more effectively, subsequent analyses 
were performed with the ArchR pipeline [44]. Dimensionality reduction was initially performed with TF-IDF, identifying 31 
cell clusters at a resolution of 0.8. Distance-weighted accessibility models were then utilized to calculate a gene score 
matrix, converting the degree of chromatin accessibility into a corresponding measure of gene expression. Established 
clusters were then identified based on cell type-specific marker patterns using marker collections from sources including 
the CellMarker [45], Mouse Cell Atlas (MCA) [46], and PanglaoDB [47] databases as well as published analyses of murine 
tissues, particularly studies focused on murine lings. Ultimately, these 31 clusters were classified into 4 cell groups, includ-
ing epithelial, endothelial, immune, and stromal cells, with 18 cell subtypes (Fig 2b), in line with published profiles from 
mouse lungs [48,49]. AT1 and AT2 cells, alveolar macrophages, and J-chain+ B cells were identified based on Ager, Sftpb, 
Mcemp1, and Jchain expression, respectively (S1 Fig). Following these cell type determinations, peaks with significant dif-
ference across cell types were calculated and compared with the distribution of total features on the genome, revealing a 
marked increase in the accessibility of promoter and intronic regions in the lung tissues (Fig 2c). Analysis of peak regions 
and associated genes across 18 cell types (S2 Table) identified 1333 differential peaks in B cells, 6563 in endothelial cells, 
and 6188 in alveolar macrophages, with significant differences assessed by Wilcoxon test (false discovery rate [FDR] < 
0.05, | log2FC| > 0.5). Notably, the proportion of peaks in promoter regions in CD103 + dendritic cells accounts for 70%. And 
in most immune cells, the distribution of peak numbers in the promoter region exceeds 40%, showing a predominance 
in immune cells(Fig 2d, S2 Fig). This suggests a high degree of transcriptional activity associated with these regions, 
prompting further comparisons of total peaks with the genome to clarify trends in COPD-related accessibility changes in 
COPD model mice.

A cis-regulatory interaction network, constructed using data from immune cell subsets, revealed consistent peak 
patterns across different cell types, with stronger signals in the COPD model mice (Fig 2e, S3 and S4 Figs). Notably, 
IL-10, an immunomodulatory cytokine with anti-inflammatory properties linked to various disease processes [50], showed 
increased fragment coverage and complex co-accessibility in the COPD mice, especially in monocytes and B cells. 
In contrast, CD44 co-accessibility spanned a larger region and was relatively dispersed, although it exhibited similar 
between-group variance. Differential signals were also evident between COPD model mice and control mice in the B cell 
and alveolar macrophage populations. Given that TFs (transcription factors) are essential regulators of diverse cellu-
lar processes, motif identification was performed based on the differentially accessible peaks in these different groups, 
revealing multiple TFs that exhibited significant differences (Fig 2f). These TFs showed higher binding signals in the 
COPD model mice, consistent with higher levels of chromosome accessibility and the activation of associated regulatory 
mechanisms.

Comparative analysis of COPD model mice and control mice across all samples identified 28,139 genes with signif-
icant differences based on the gene score matrix (GeneScoreMatrix), with 17,965 upregulated and 10,174 downreg-
ulated, predominantly enriched in immune-associated and universally essential pathways (Fig 2g). Both the TNF and 

cell-type identity is indicated by color. c: Distribution comparison of mouse genome features and calling peaks annotations. Genome features including 
Promoter, 5′ UTR, 3′ UTR, Exon, Intron, Downstream and the Distallntergenic; d: Distribution of peaks annotation on the mouse genome of each cell 
type. Genome features including Promoter, 5’UTR, 3’UTR, Exon, Intron, Downstream, and Distallntergenic. Colors represent different cell types. e: The 
track visualization of genome-wide cis-regulatory interaction networks for certain regions across specific genes for specific cell types between case and 
control groups. The gene and cell type are indicated on the head of each figure. The bin size of each window was located in the top left corner. The are 
color represents different peak accessibility degrees. f: The motif footprints signal of specific TF within 4 kb windows. Red represents the case group, 
while blue represents the control group. g: The Bubble Chart showing KEGG enrichments for markers of each cell type in the case (upper) and control 
(down) groups. The color represents the P-value, and cell types are indicated on the x-axis.

https://doi.org/10.1371/journal.pone.0322538.g002
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cytokine-cytokine receptor interaction pathways were enriched in most cell types, consistent with their broadly important 
roles in shaping diverse processes, including proliferation, apoptosis, differentiation, and immunoregulatory activity in 
response to corresponding activating stimuli and receptor-ligand binding events. Including the Th17 cell differentiation 
and B cell receptor signaling pathways, were enriched in immune cell populations. Enriched GO biological process terms 
for these DEGs included protein binding, cytokine activity, and energy supplementation. Collectively, these findings from 
scATAC-seq analyses indicate enhanced cellular and intercellular activity in lung cells from the COPD model mice.

scRNA-seq-based the pulmonary immune-related transcriptomic landscape of COPD model mice

Lungs from four COPD model mouse and two control mouse were harvested and digested for scRNA-seq analyses. 
Twenty-one cell types were identified based on molecular markers, including CD4 T cells, CD8 T cells, general T cells, B 
cells, J-chain+ B cells, proliferating lymphocytes, NK cells, monocytes, interstitial macrophages, alveolar macrophages, 
CD209+ DCs, CD103+/CCL17+ DCs, ciliated cells, Col13a1+ fibroblasts, Col14a1+ fibroblasts, smooth muscle cells, vascu-
lar endothelial cells, Vcam1+ endothelial cells, Pen cells, AT1 cells, and AT2 cells (Fig 3a, S5 Fig). Relative to the control 
mice, the COPD model mice showed marked reductions in the relative abundance of AT2 cells, vascular endothelial cells, 
Vcam1+ endothelial cells, ciliated cells, and pen cells. In contrast, there were significant increases in the levels of B cells, 
monocytes, and NK cells, together with slight increases in CD4 T cell, CD8 T cell, and J-chain+ B cell abundance (Fig 3b). 
Analyses of the proportions of differential genes expressed in these different cell types revealed many DEGs in B cells, T 
cells, monocytes, alveolar macrophages, and NK cells, the majority of which were upregulated (Fig 3c). This was consis-
tent with the overall cell type trends detected in this experiment. AT2, Col13a1+ fibroblast, and Col14a1+ fibroblast cells 
only showed upregulated DEGs, while ciliated cells, smooth muscle cells, and Vcam1+ endothelial cells exhibited fewer 
upregulated DEGs, and vascular endothelial cells exhibited more upregulated DEGs (Fig 3c).

Enrichment analyses revealed the enrichment of DCs for neutrophil degranulation, regulation of cytokine production, 
and cellular responses to external stimuli signaling pathways (Fig 3d). Monocytes were enriched for the positive regulation 
of cell death, neutrophil degranulation, inflammatory response, regulation of cytokine production, and cellular responses to 
external stimuli signal pathways (Fig 3d). Interstitial and alveolar macrophages were enriched to regulate cytokine pro-
duction, inflammatory response, and cellular responses to external stimuli pathways (Fig 3d). CD4+ T cells were enriched 
for the positive regulation of cell death, regulation of cellular response to stress, and apoptosis signaling pathways (Fig 
3d). CD8+ T cells were enriched for the leukocyte differentiation, neutrophil degranulation, regulation of cellular response 
to stress, and cellular responses to external stimuli signaling pathways (Fig 3d). B cells were enriched for the positive 
regulation of cell death, neutrophil degranulation, phagosome, and cellular responses to external stimuli signal pathways 
(Fig 3d). Endothelial cells were enriched for the positive regulation of cell death and cellular responses to external stimuli 
signaling pathways (Fig 3d). Col13a1+ and Col14a1+ fibroblasts were enriched for the cellular response to stress and reac-
tive oxygen species metabolic rate, Oxidative Stress, Redox, and cellular responses to external stimuli signaling pathways 
(Fig 3d). Ciliated cells were only enriched for the cellular responses to external stimuli pathway (Fig 3d).

Further differential TF expression analysis indicated downregulation of Sox7, Hoxa5, Klf, and Foxf1, linked to tracheal, 
alveolar, and lung mesenchymal development and differentiation in the COPD model mice. In contrast, increases in the 
expression of Foxp1, Ebf, and Pou2af1 associated with B cells and activated DCs were evident in COPD model mice (Fig 
3e). This suggests that alveolar and epithelial/endothelial cell development and differentiation are disrupted in COPD, 
whereas DCs and B cells are activated in this pathological setting. This may contribute to the induction of adaptive immu-
nity, lymphatic follicular hyperplasia, and persistent lung tissue inflammation, resulting in progressive alveolar destruction 
and increasingly limited airflow.

Cell interaction analyses revealed that the increased interaction strengths between T cells, DCs, and other cell types in 
COPD model mice, suggesting that both smoke and LPS exposure may stimulate DC activation (Fig 3f, S6 Fig). This acti-
vation may lead to the immune and inflammatory cell response, further implicating successive activation of AT2 cells and 
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Fig 3.  scRNA-seq data analysis of the mouse lung tissues. a: UMAP plot showing scRNA-seq profiles of cells in the lung. The dots indicate individ-
ual cells, and the cell-type identity is indicated by color; b: Bar plot showing the cell type composition in each sample of the scRNA-seq (top). UMAP plot 
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fibroblasts. These activated cells trigger the activation of damage-related molecular patterns associated with inflammatory 
responses, contributing to the release of assorted cytokines, chemokines, acute phase proteins, and antimicrobial pep-
tides. In COPD model mice, the enhanced communication between AT2 cells, fibroblasts, and other cell types suggests 
that immune cell-regulated inflammatory signaling induced renewed AT2 and fibroblast differentiation and associated 
alveolar regeneration (Fig 3f, S6 Fig).

Integrated analyses of scATAC-seq and scRNA-seq datasets of COPD model mice

Integrated analyses of scATAC-seq and scRNA-seq datasets form COPD model mice provided a comprehensive view of 
transcriptional processes in matched lung tissue samples, confirming uniform data integration without batch effects using 
ArchR (Fig 4a). Cell type classification was then performed using the integrated data (Fig 4b), identifying 21 cell types 
based on the expression of specific genes (S3 Fig). Genetic analyses for these 21 cell types revealed highly consistent 
trends with respect to the changes evident in the scRNA-seq and scATAC-seq datasets in COPD model mice (Fig 4c). 
Color-based visualization of all samples in these two datasets confirmed excellent concordance between the scRNA-seq 
and scATAC-seq classification, with only relatively limited individual differences. Differential gene analysis and KEGG 
pathway enrichment indicated that the TNF signaling pathway might be associated with COPD incidence in COPD model 
mice (Fig 4d). TNFR1 upregulation in alveolar macrophages and active cellular communication was observed, along with 
scATAC-seq data showing increased accessibility of Bcl3, IL1b, Fos, and Csf1 loci, aligning with scRNA-seq findings of 
increased expression in COPD model mice compared to control mice(Fig 4e).

Discussion

This study underscores significant transcriptional changes, along with changes in chromatin dynamics and the epigene-
tic state of cells, as demonstrated by scRNA-seq and scATAC-seq analyses in COPD model mice. There are consistent 
findings of cell types, differentially expressed genes, and signaling pathways with COPD model mice by scRNA-seq and 
scATAC-seq analyses (Fig 2, Fig 3). The TNF signaling pathway was obviously enriched in the scRNA-seq and scATAC-
seq datasets (Fig 4d).

The elastase and cigarette smoke exposure animal models have informed our knowledge about the major mechanistic 
paradigms leading to COPD: inflammation, oxidative stress, protease/antiprotease balance, alveolar cell apoptosis, early 
senescence, and autophagy [51]. Compared to the control mice, there were increased lung immune cell proportions, and 
corresponding pathway enrichment in the inflammatory response, cell stress, apoptosis, and phagocytosis in COPD model 
mice by scRNA-seq analyses (Fig 3d). These were reflected by the high levels of promoter accessibility in several immune 
cell populations in our COPD model mice by scATAC-seq analyses, compared to the control mice (Fig 2d, Fig 2g). Ciga-
rette smoking is a major cause of COPD, and inhalation of cigarette smoke causes inflammation of the airways, airway wall 
remodelling and mucus hypersecretion [52]. Infammation is central in COPD development and the release of infammatory 
mediators and destructive enzymes by infammatory cells implicated in the progressive destruction of the lung in COPD 
[53]. Exposure to LPS and cigarette smoke can thus harm the lung tissue while inducing immune cell-mediated inflamma-
tory and stress responses, with apoptosis and phagocytic activity serving to help remove injured cells. In addition, all cell 
subtypes exhibited enrichment for the mRNA processing, formation of the ternary complex, and 43S complex signaling 
pathways in our study (Fig 3d). We suspect, exposure to LPS and cigarette smoke were associated with apoptotic cell 
death and proliferative activity, playing a dual role in regulating cell activity in the context of COPD induction.

showing scRNA-seq profiles of cells. The dots indicate individual cells, and the group identity is indicated by color (bottom); c: Distribution of percentage 
of cell in each cell type for DEG between case and control; d: The heatmap showing GO enrichments for each cell type DEG between case and control; 
e: The heatmap showing TF in case and control; f: Distribution of percentage of Cell interaction in each cell type.

https://doi.org/10.1371/journal.pone.0322538.g003

https://doi.org/10.1371/journal.pone.0322538.g003
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Fig 4.  Integration of scATAC-seq and scRNA-seq data in the mouse lung tissues. a: Integration UMAP plot of scRNA-seq and scATAC-seq 
data. Colors indicate each dataset; b: Integration UMAP plot of scRNA-seq and scATAC-seq data. Colors represent different cell types. c: Heatmap 
showing the gene scores (left) and gene expression (right) of cell type-specific expression genes across 200 pseudobulk samples (Methods). Rows were 
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These comprehensive scATAC-seq and scRNA-seq analyses revealed a high degree of consistency regarding cell 
types (Fig 4b), differentially enriched genes (Fig 4c), and signaling pathways. In particular, the TNF signaling pathway was 
enriched in both datasets, with consistent changes in endothelial cells, mononuclear cells/macrophages, B cells, and DCs 
(Fig 4d). TNF acts as a key inflammatory mediator crucial for immunoregulatory activities and cytotoxic effects [54]. TNF, 
predominantly produced by monocytes, macrophages, and activated T cells, is activated strongly by LPS. In our study, 
COPD model mice were established by LPS induction and cigarette smoke exposure. COPD patients have previously 
been shown to exhibit elevated pulmonary TNF-α concentrations as compared to healthy individuals, and TNF-α has been 
linked to COPD progression [55]. Overexpression of TNF-α can lead to emphysema, pulmonary fibrosis, and muscle mass 
reduction in COPD patients [56]. TNF signaling also plays a key role in other lung-related diseases. TNF pathway was 
the differential KEGG pathway in the ovalbumin (OVA)-induced allergic asthmatic mice compared to healthy mice and 
the OVA-induced mice compared to the IL-17A knockout OVA-induced mice [57]. The TNF-α level was shown to increase 
significantly and remain steadily high during the development of acute lung injury (ALI), and that intranasal administra-
tion of an aptamer targeting TNF-α, conjugated with polyethylene glycol, to mice with ALI suppresses the development of 
an inflammation in the respiratory system of experimental animals [58]. The TNF signaling pathway maybe an important 
mechanism in the occurrence and development of COPD and other inflammatory lung diseases.

In tumorigenesis, TNFR plays important roles in multiple aspects of tumor progression, including the proliferation of 
cancer cells, the evasion of immune surveillance, the activation of endothelial cells and angiogenesis, and the formation 
of a pre-metastasis milieu [25,59]. TNFR could be an important mediatory factor in lung cancer development [60]. TNFR1 
upregulation in alveolar macrophages and active cellular communication was observed in our data (Fig 4d). scATAC-seq 
data showing increased accessibility of Bcl3, IL1b, Fos, and Csf1 loci, aligning with scRNA-seq findings of increased 
expression in COPD model mice compared to control mice (Fig 4e). Csf1 encoded a cytokine that plays an essential role 
in the regulation of survival, proliferation and differentiation of macrophages and monocytes, and promotes the release of 
pro-inflammatory chemokines, and plays an important role in innate immunity and in inflammatory processes [61]. IL1b is 
a potent pro-inflammatory cytokine, induces T-cell activation, Th17 differentiation, B-cell activation and cytokine produc-
tion [62]. Bcl3, acts as transcriptional activator that promotes transcription of NF-κB target genes in the nucleus [63]. Fos 
proteins that can dimerize with proteins of the Jun family, thereby forming the transcription factor complex AP-1, the Fos 
proteins have been implicated as regulators of cell proliferation, differentiation, and apoptosis [64]. Our research suggests 
that, TNF signaling affects differentiation and activation of macrophages, inducing an inflammatory response that affects 
endothelial cells, thereby undermining the structural integrity of the lung and causing further inflammation.

There are certainly some limits of our current study, including 1) sample collection based on partial lung tissues from 
the mice, not the whole lung tissues of mouse, 2) limited number of subjects involved, and 3) the time point bias in the 
process of COPD model mice building. Although we found that the TNF signaling associated with the development of 
this disease in chronic obstructive pulmonary disease model mice, our findings need to be fully verified by future in vivo 
experiments.

In summary, via analyzing the scRNA-seq data and scATAC-seq of the lung tissues from COPD model mice, we iden-
tified mononuclear cells/macrophages, B cells, and DCs cells as the most COPD-, and smoking-associated cell types. 
Advanced bioinformatic analyses further revealed the TNF signaling pathway might be associated with COPD incidence. 
Our research makes an important supplement to the existing pathological mechanisms, and is expected to bring new 
strategies for the prevention and treatment of COPD.

clustered using k-means clustering (k = 20). For visualization, 10,000 rows were randomly sampled (top). Cell profile of each sample for both scRNA-
seq and scATAC-seq data (Middle). The proportion of cells in each sample that were broadly classified cell type (bottom); d: Cell types of TNF signaling 
pathway-enriched and schematic diagram of the TNF Signaling pathway; e: Specific gene expression profile of scRNA-seq data and corresponding 
tracks displaying the aggregate accessibility of scATAC-seq data in case and control group.

https://doi.org/10.1371/journal.pone.0322538.g004

https://doi.org/10.1371/journal.pone.0322538.g004
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Supporting information

S1 Fig.  UMAP plots showing the single-cell ATAC gene-activity scores for cluster-specific markers. Colors from 
dark blue to yellow represent the gene score from low to high level.
(PDF)

S2 Fig.  Heatmap showing the expression levels of DEGs between case and control group. Colors on the top show 
the different cell types while the bottom color means the case(red) and control(blue) group.
(PDF)

S3 Fig.  Genome accessibility track visualization of IL10 with peak co-accessibility in case (up) and control 
(down) of specific cell types (B cell, B-j-chain + , DC, DC+). Cell types are labeled on the top of each column. Colors 
from grey to dark represent the accessibility levels from low to high. 
(PDF)

S4 Fig.  Genome accessibility track visualization of CD44 with peak co-accessibility in case (up) and control 
(down) of specific cell types (B j-chain + , fib, Mac-alv, T cell CD4 + CD8+). Cell types are labeled on the top of each 
column. Colors from grey to dark represent the accessibility levels from low to high.
(PDF)

S5 Fig.  Bubble plot showing gene expression of each cell type markers in annotated clusters. The expression of 
identifying markers is sometimes evident in several clusters. For each group of markers, the dot size indicates the mean 
fraction of cells expressing the markers. Color indicates mean expression level.
(PDF)

S6 Fig.  Network plots showing the changes in ligand-receptor interaction events between different cell types in 
the case and control comparison groups. Cell-cell communication is indicated by the connected line. The thickness of 
the lines is positively correlated with the number of ligand-receptor interaction events.
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(DOCX)

S2 Table.  Peak number statistics. 
(DOCX)

Acknowledgments

The authors would like to thank all worker who participated in this study.

Author contributions

Conceptualization: lindong Yuan, mingliang Gu, yan Wang, Xiaodong Jia.

Data curation: Xiaodong Jia.

Formal analysis: Li Zhou, ruihua zhang.

Methodology: qiang zhang, Li Zhou, ruihua zhang, shanshan Pan, xizi Wang, lili Yi, fengjiao Yuan, xianchao Guo, 
Xiaodong Jia.

Software: xianchao Guo, Xiaodong Jia.

Validation: lindong Yuan, yan Wang.

http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0322538.s001
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0322538.s002
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0322538.s003
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0322538.s004
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0322538.s005
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0322538.s006
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0322538.s007
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0322538.s008


PLOS One | https://doi.org/10.1371/journal.pone.0322538  May 9, 2025 15 / 17

Visualization: qiang zhang, Li Zhou, ruihua zhang, xizi Wang.

Writing – original draft: qiang zhang, Li Zhou, ruihua zhang.

Writing – review & editing: qiang zhang.

References
	 1.	 Hogg JC, Chu F, Utokaparch S, Woods R, Elliott WM, Buzatu L, et al. The nature of small-airway obstruction in chronic obstructive pulmonary 

disease. N Engl J Med. 2004;350(26):2645–2653. https://doi.org/10.1056/NEJMoa032158 PMID: 15215480

	 2.	 Rabe KF, Watz H. Chronic obstructive pulmonary disease. Lancet. 2017;389(10082):1931–40. https://doi.org/10.1016/S0140-6736(17)31222-9 
PMID: 28513453

	 3.	 Yipp BG, Petri B, Salina D, Jenne CN, Scott BNV, Zbytnuik LD, et al. Infection-induced NETosis is a dynamic process involving neutrophil multi-
tasking in vivo. Nat Med. 2012;18(9):1386–93. https://doi.org/10.1038/nm.2847 PMID: 22922410

	 4.	 Chen L, Sun B-B, Wang T, Wang X, Li J-Q, Wang H-X, et al. Cigarette smoke enhances {beta}-defensin 2 expression in rat airways via nuclear 
factor-{kappa}B activation. Eur Respir J. 2010;36(3):638–45. https://doi.org/10.1183/09031936.00029409 PMID: 20150208

	 5.	 Son ES, Kim S-H, Ryter SW, Yeo E-J, Kyung SY, Kim YJ, et al. Quercetogetin protects against cigarette smoke extract-induced apoptosis in epi-
thelial cells by inhibiting mitophagy. Toxicol In Vitro. 2018;48:170–8. https://doi.org/10.1016/j.tiv.2018.01.011 PMID: 29391262

	 6.	 Bhalla DK, Hirata F, Rishi AK, Gairola CG. Cigarette smoke, inflammation, and lung injury: a mechanistic perspective. J Toxicol Environ Health B 
Crit Rev. 2009;12(1):45–64. https://doi.org/10.1080/10937400802545094 PMID: 19117209

	 7.	 Sun X, Dong Z, Li N, Feng X, Liu Y, Li A, et al. Nucleosides isolated from Ophiocordyceps sinensis inhibit cigarette smoke extract-induced 
inflammation via the SIRT1-nuclear factor-κB/p65 pathway in RAW264.7 macrophages and in COPD mice. Int J Chron Obstruct Pulmon Dis. 
2018;13:2821–32. https://doi.org/10.2147/COPD.S172579 PMID: 30237706

	 8.	 Barnes PJ. New anti-inflammatory targets for chronic obstructive pulmonary disease. Nat Rev Drug Discov. 2013;12(7):543–59. https://doi.
org/10.1038/nrd4025 PMID: 23977698

	 9.	 Martinez FJ, Foster G, Curtis JL, Criner G, Weinmann G, Fishman A, et al. Predictors of mortality in patients with emphysema and severe airflow 
obstruction. Am J Respir Crit Care Med. 2006;173(12):1326–1334. https://doi.org/10.1164/rccm.200510-1677OC PMID: 16543549

	10.	 Hogg JC. Pathophysiology of airflow limitation in chronic obstructive pulmonary disease. Lancet. 2004;364(9435):709–21. https://doi.org/10.1016/
S0140-6736(04)16900-6 PMID: 15325838

	11.	 Kim V, Criner GJ. Chronic bronchitis and chronic obstructive pulmonary disease. Am J Respir Crit Care Med. 2013;187(3):228–37. https://doi.
org/10.1164/rccm.201210-1843CI PMID: 23204254

	12.	 Koblížek V, Chlumský J, Zindr V, Neumannová K, Zatloukal J, Sedlák V, et al. Chronic obstructive pulmonary disease in the light of new guidelines 
- brief summary of phenotypically oriented guidelines for nonpulmonary physicians. Vnitr Lek. 2013;59(6):505–14. PMID: 23808748

	13.	 Tuder RM, Petrache I. Pathogenesis of chronic obstructive pulmonary disease. J Clin Invest. 2012;122(8):2749–55. https://doi.org/10.1172/
JCI60324 PMID: 22850885

	14.	 Sauler M, Bazan IS, Lee PJ. Cell Death in the Lung: The Apoptosis-Necroptosis Axis. Annu Rev Physiol. 2019;81:375–402. https://doi.org/10.1146/
annurev-physiol-020518-114320 PMID: 30485762

	15.	 Sauler M, Lamontagne M, Finnemore E, Herazo-Maya JD, Tedrow J, Zhang X, et al. The DNA repair transcriptome in severe COPD. Eur Respir J. 
2018;52(4):1701994. https://doi.org/10.1183/13993003.01994-2017 PMID: 30190272

	16.	 Sauler M, McDonough JE, Adams TS, Kothapalli N, Barnthaler T, Werder RB, et al. Characterization of the COPD alveolar niche using single-cell 
RNA sequencing. Nat Commun. 2022;13(1):494. https://doi.org/10.1038/s41467-022-28062-9 PMID: 35078977

	17.	 Huang Q, Wang J, Shen S, Wang Y, Chen Y, Wu S, et al. Single-cell transcriptomics reveal cell type-specific molecular changes and altered inter-
cellular communications in chronic obstructive pulmonary disease. 2021. bioRxiv - Pathology. https://doi.org/10.1101/2021.02.23.432590

	18.	 Li X, Noell G, Tabib T, Gregory AD, Bittar HET, Vats R, et al. Single cell RNA sequencing identifies IGFBP5 and QKI as ciliated epithelial cell genes 
associated with severe COPD. Respir Res. 2021;22(1):100. https://doi.org/10.1186/s12931-021-01675-2 PMID: 33823868

	19.	 Baßler K, Fujii W, Kapellos TS, Horne A, Reiz B, Dudkin E, et al. Alterations of multiple alveolar macrophage states in chronic obstructive pulmo-
nary disease. bioRxiv - Systems Biology. 2020; https://doi.org/10.1101/2020.05.28.121541

	20.	 Huang Y, Niu Y, Wang X, Li X, He Y, Liu X. Identification of novel biomarkers related to neutrophilic inflammation in COPD. Front Immunol. 
2024;15:1410158. https://doi.org/10.3389/fimmu.2024.1410158 PMID: 38873611

	21.	 Tang D, Tao D, Fang Y, Deng C, Xu Q, Zhou J. TNF-Alpha Promotes Invasion and Metastasis via NF-Kappa B Pathway in Oral Squamous Cell 
Carcinoma. Med Sci Monit Basic Res. 2017;23:141–149. https://doi.org/10.12659/msmbr.903910 PMID: 28386055

	22.	 Cai X, Cao C, Li J, Chen F, Zhang S, Liu B, et al. Inflammatory factor TNF-α promotes the growth of breast cancer via the positive feedback loop of 
TNFR1/NF-κB (and/or p38)/p-STAT3/HBXIP/TNFR1. Oncotarget. 2017;8(35):58338–58352. https://doi.org/10.18632/oncotarget.16873 PMID: 28938560

	23.	 Mercogliano MF, Bruni S, Elizalde PV, Schillaci R. Tumor Necrosis Factor α Blockade: An Opportunity to Tackle Breast Cancer. Front Oncol. 
2020;10:584. https://doi.org/10.3389/fonc.2020.00584 PMID: 32391269

https://doi.org/10.1056/NEJMoa032158
http://www.ncbi.nlm.nih.gov/pubmed/15215480
https://doi.org/10.1016/S0140-6736(17)31222-9
http://www.ncbi.nlm.nih.gov/pubmed/28513453
https://doi.org/10.1038/nm.2847
http://www.ncbi.nlm.nih.gov/pubmed/22922410
https://doi.org/10.1183/09031936.00029409
http://www.ncbi.nlm.nih.gov/pubmed/20150208
https://doi.org/10.1016/j.tiv.2018.01.011
http://www.ncbi.nlm.nih.gov/pubmed/29391262
https://doi.org/10.1080/10937400802545094
http://www.ncbi.nlm.nih.gov/pubmed/19117209
https://doi.org/10.2147/COPD.S172579
http://www.ncbi.nlm.nih.gov/pubmed/30237706
https://doi.org/10.1038/nrd4025
https://doi.org/10.1038/nrd4025
http://www.ncbi.nlm.nih.gov/pubmed/23977698
https://doi.org/10.1164/rccm.200510-1677OC
http://www.ncbi.nlm.nih.gov/pubmed/16543549
https://doi.org/10.1016/S0140-6736(04)16900-6
https://doi.org/10.1016/S0140-6736(04)16900-6
http://www.ncbi.nlm.nih.gov/pubmed/15325838
https://doi.org/10.1164/rccm.201210-1843CI
https://doi.org/10.1164/rccm.201210-1843CI
http://www.ncbi.nlm.nih.gov/pubmed/23204254
http://www.ncbi.nlm.nih.gov/pubmed/23808748
https://doi.org/10.1172/JCI60324
https://doi.org/10.1172/JCI60324
http://www.ncbi.nlm.nih.gov/pubmed/22850885
https://doi.org/10.1146/annurev-physiol-020518-114320
https://doi.org/10.1146/annurev-physiol-020518-114320
http://www.ncbi.nlm.nih.gov/pubmed/30485762
https://doi.org/10.1183/13993003.01994-2017
http://www.ncbi.nlm.nih.gov/pubmed/30190272
https://doi.org/10.1038/s41467-022-28062-9
http://www.ncbi.nlm.nih.gov/pubmed/35078977
https://doi.org/10.1101/2021.02.23.432590
https://doi.org/10.1186/s12931-021-01675-2
http://www.ncbi.nlm.nih.gov/pubmed/33823868
https://doi.org/10.1101/2020.05.28.121541
https://doi.org/10.3389/fimmu.2024.1410158
http://www.ncbi.nlm.nih.gov/pubmed/38873611
https://doi.org/10.12659/msmbr.903910
http://www.ncbi.nlm.nih.gov/pubmed/28386055
https://doi.org/10.18632/oncotarget.16873
http://www.ncbi.nlm.nih.gov/pubmed/28938560
https://doi.org/10.3389/fonc.2020.00584
http://www.ncbi.nlm.nih.gov/pubmed/32391269


PLOS One | https://doi.org/10.1371/journal.pone.0322538  May 9, 2025 16 / 17

	24.	 Shinde A, Tang X, Singh R, Brindley DN. Infliximab, a Monoclonal Antibody against TNF-α, Inhibits NF-κB Activation, Autotaxin Expression and 
Breast Cancer Metastasis to Lungs. Cancers (Basel). 2023;16(1):52. https://doi.org/10.3390/cancers16010052 PMID: 38201482

	25.	 Sheng Y, Li F, Qin Z. TNF receptor 2 makes tumor necrosis factor a friend of tumors. FrontSheng Y, Li F, Qin Z. TNF Receptor 2 Makes Tumor 
Necrosis Factor a Friend of Tumors. Front Immunol. 2018;9:1170. https://doi.org/10.3389/fimmu.2018.01170 PMID: 29892300

	26.	 Chen J, Yang X, Zhang W, Peng D, Xia Y, Lu Y, et al. Therapeutic Effects of Resveratrol in a Mouse Model of LPS and Cigarette Smoke-Induced 
COPD. Inflammation. 2016; 39(6): 1949-1959. https://doi.org/10.1007/s10753-016-0430-3 PMID: 27590234

	27.	 Duan M-C, Tang H-J, Zhong X-N, Huang Y. Persistence of Th17/Tc17 cell expression upon smoking cessation in mice with cigarette smoke-
induced emphysema. Clin Dev Immunol. 2013;2013:350727. https://doi.org/10.1155/2013/350727 PMID: 24489575

	28.	 Cavarra E, Bartalesi B, Lucattelli M, Fineschi S, Lunghi B, Gambelli F, et al. Effects of cigarette smoke in mice with different levels of alpha(1)-
proteinase inhibitor and sensitivity to oxidants. Am J Respir Crit Care Med. 2001;164(5):886–890. https://doi.org/10.1164/ajrccm.164.5.2010032 
PMID: 11549550

	29.	 Liu C, Wu T, Fan F, Liu Y, Wu L, Junkin M, et al. A portable and cost-effective microfluidic system for massively parallel single-cell transcriptome 
profiling. bioRxiv 2019. https://doi.org/10.1101/818450

	30.	 Yu Y, Wei X, Deng Q, Lan Q, Guo Y, Han L, et al. Single-nucleus chromatin accessibility landscape reveals diversity in regulatory regions across 
distinct adult rat cortex. Front Mol Neurosci. 2021;14:651355. https://doi.org/10.3389/fnmol.2021.651355 PMID: 34079438

	31.	 Li H. Aligning sequence reads, clone sequences and assembly contigs with BWA-MEM. arXiv:1303.3997v2 [q-bio.GN]. 2013. https://doi.
org/10.48550/arXiv.1303.3997

	32.	 Satpathy AT, Granja JM, Yost KE, Qi Y, Meschi F, McDermott GP, et al. Massively parallel single-cell chromatin landscapes of human immune 
cell development and intratumoral T cell exhaustion. Nat Biotechnol. 2019;37(8):925–936. https://doi.org/10.1038/s41587-019-0206-z PMID: 
31375813

	33.	 Granja JM, Corces MR, Pierce SE, Bagdatli ST, Choudhry H, Chang HY, et al. ArchR is a scalable software package for integrative single-cell 
chromatin accessibility analysis. Nat Genet. 2021;53(3):403–411. https://doi.org/10.1038/s41588-021-00790-6 PMID: 33633365

	34.	 Yu G, Wang L, He Q. ChIPseeker: an R/Bioconductor package for ChIP peak annotation, comparison and visualization. Bioinformatics. 2015; 
31(14): 2382-2383. https://doi.org/10.1093/bioinformatics/btv145 PMID: 25765347

	35.	 Weirauch MT, Yang A, Albu M, Cote AG, Montenegro-Montero A, Drewe P, et al. Determination and inference of eukaryotic transcription factor 
sequence specificity. Cell. 2014;158(6):1431–1443. https://doi.org/10.1016/j.cell.2014.08.009 PMID: 25215497

	36.	 Pliner HA, Packer JS, McFaline-Figueroa JL, Cusanovich DA, Daza RM, Aghamirzaie D, et al. Cicero Predicts cis-Regulatory DNA Interactions 
from Single-Cell Chromatin Accessibility Data. Mol Cell. 2018;71(5):858-871.e8. https://doi.org/10.1016/j.molcel.2018.06.044 PMID: 30078726

	37.	 McGinnis CS, Murrow LM, Gartner ZJ. DoubletFinder: Doublet Detection in Single-Cell RNA Sequencing Data Using Artificial Nearest Neighbors. 
Cell Syst. 2019;8(4):329-337.e4. https://doi.org/10.1016/j.cels.2019.03.003 PMID: 30954475

	38.	 Nayar S, Morrison JK, Giri M, Gettler K, Chuang L-S, Walker LA, et al. A myeloid-stromal niche and gp130 rescue in NOD2-driven Crohn’s disease. 
Nature. 2021;593(7858):275–281. https://doi.org/10.1038/s41586-021-03484-5 PMID: 33789339

	39.	 Wu T, Hu E, Xu S, Chen M, Guo P, Dai Z, et al. clusterProfiler 4.0: a universal enrichment tool for interpreting omics data. Innovation (Camb). 
2021;2(3):100141. https://doi.org/10.1016/j.xinn.2021.100141 PMID: 34557778

	40.	 Efremova M, Vento-Tormo M, Teichmann SA, Vento-Tormo R. CellPhoneDB: inferring cell-cell communication from combined expression of 
multi-subunit ligand-receptor complexes. Nat Protoc. 2020;15(4):1484–506. https://doi.org/10.1038/s41596-020-0292-x PMID: 32103204

	41.	 Liu C, Wang M, Wei X, Wu L, Xu J, Dai X, et al. An ATAC-seq atlas of chromatin accessibility in mouse tissues. Sci Data. 2019;6(1):65. https://doi.
org/10.1038/s41597-019-0071-0 PMID: 31110271

	42.	 Buenrostro J, Wu B, Litzenburger U, Ruff D, Gonzales ML, Snyder MP, et al. Single-cell chromatin accessibility reveals principles of regulatory 
variation. Nature. 2015;523(7561):486–490. https://doi.org/10.1038/nature14590 PMID: 26083756

	43.	 Kendall JM. Designing a research project: randomised controlled trials and their principles. Emerg Med J. 2003;20(2):164–168. https://doi.
org/10.1136/emj.20.2.164 PMID: 12642531

	44.	 Granja JM, Corces MR, Pierce SE, Bagdatli ST, Choudhry H, Chang HY, et al. Author Correction: ArchR is a scalable software package for integra-
tive single-cell chromatin accessibility analysis. Nat Genet. 2021;53(6):935. https://doi.org/10.1038/s41588-021-00850-x PMID: 33790476

	45.	 Xinxin Z, Yujia L, Jinyuan X, Quan F, Zhao E, Deng C, et al. CellMarker: a manually curated resource of cell markers in human and mouse. Nucleic 
Acids Res. 2019; 47(D1): D721-D728. https://doi.org/10.1093/nar/gky900 PMID: 30289549

	46.	 Han X, Wang R, Zhou Y, Fei L, Sun H, Lai S, et al. Mapping the Mouse Cell Atlas by Microwell-Seq. Cell. 2018;172(5):1091-1107.e17. https://doi.
org/10.1016/j.cell.2018.02.001 PMID: 29474909

	47.	 Franzén O, Gan L-M, Björkegren JLM. PanglaoDB: a web server for exploration of mouse and human single-cell RNA sequencing data. Database 
(Oxford). 2019;2019:baz046. https://doi.org/10.1093/database/baz046 PMID: 30951143

	48.	 Angelidis I, Simon LM, Fernandez IE, Strunz M, Mayr CH, Greiffo FR, et al. An atlas of the aging lung mapped by single cell transcriptomics and 
deep tissue proteomics. Nat Commun. 2019;10(1):963. https://doi.org/10.1038/s41467-019-08831-9 PMID: 30814501

	49.	 Cohen M, Giladi A, Gorki A-D, Solodkin DG, Zada M, Hladik A, et al. Lung Single-Cell Signaling Interaction Map Reveals Basophil Role in Macro-
phage Imprinting. Cell. 2018;175(4):1031-1044.e18. https://doi.org/10.1016/j.cell.2018.09.009 PMID: 30318149

https://doi.org/10.3390/cancers16010052
http://www.ncbi.nlm.nih.gov/pubmed/38201482
https://doi.org/10.3389/fimmu.2018.01170
http://www.ncbi.nlm.nih.gov/pubmed/29892300
https://doi.org/10.1007/s10753-016-0430-3
http://www.ncbi.nlm.nih.gov/pubmed/27590234
https://doi.org/10.1155/2013/350727
http://www.ncbi.nlm.nih.gov/pubmed/24489575
https://doi.org/10.1164/ajrccm.164.5.2010032
http://www.ncbi.nlm.nih.gov/pubmed/11549550
https://doi.org/10.1101/818450
https://doi.org/10.3389/fnmol.2021.651355
http://www.ncbi.nlm.nih.gov/pubmed/34079438
https://doi.org/10.48550/arXiv.1303.3997
https://doi.org/10.48550/arXiv.1303.3997
https://doi.org/10.1038/s41587-019-0206-z
http://www.ncbi.nlm.nih.gov/pubmed/31375813
https://doi.org/10.1038/s41588-021-00790-6
http://www.ncbi.nlm.nih.gov/pubmed/33633365
https://doi.org/10.1093/bioinformatics/btv145
http://www.ncbi.nlm.nih.gov/pubmed/25765347
https://doi.org/10.1016/j.cell.2014.08.009
http://www.ncbi.nlm.nih.gov/pubmed/25215497
https://doi.org/10.1016/j.molcel.2018.06.044
http://www.ncbi.nlm.nih.gov/pubmed/30078726
https://doi.org/10.1016/j.cels.2019.03.003
http://www.ncbi.nlm.nih.gov/pubmed/30954475
https://doi.org/10.1038/s41586-021-03484-5
http://www.ncbi.nlm.nih.gov/pubmed/33789339
https://doi.org/10.1016/j.xinn.2021.100141
http://www.ncbi.nlm.nih.gov/pubmed/34557778
https://doi.org/10.1038/s41596-020-0292-x
http://www.ncbi.nlm.nih.gov/pubmed/32103204
https://doi.org/10.1038/s41597-019-0071-0
https://doi.org/10.1038/s41597-019-0071-0
http://www.ncbi.nlm.nih.gov/pubmed/31110271
https://doi.org/10.1038/nature14590
http://www.ncbi.nlm.nih.gov/pubmed/26083756
https://doi.org/10.1136/emj.20.2.164
https://doi.org/10.1136/emj.20.2.164
http://www.ncbi.nlm.nih.gov/pubmed/12642531
https://doi.org/10.1038/s41588-021-00850-x
http://www.ncbi.nlm.nih.gov/pubmed/33790476
https://doi.org/10.1093/nar/gky900
http://www.ncbi.nlm.nih.gov/pubmed/30289549
https://doi.org/10.1016/j.cell.2018.02.001
https://doi.org/10.1016/j.cell.2018.02.001
http://www.ncbi.nlm.nih.gov/pubmed/29474909
https://doi.org/10.1093/database/baz046
http://www.ncbi.nlm.nih.gov/pubmed/30951143
https://doi.org/10.1038/s41467-019-08831-9
http://www.ncbi.nlm.nih.gov/pubmed/30814501
https://doi.org/10.1016/j.cell.2018.09.009
http://www.ncbi.nlm.nih.gov/pubmed/30318149


PLOS One | https://doi.org/10.1371/journal.pone.0322538  May 9, 2025 17 / 17

	50.	 Kurreeman FAS, Schonkeren JJM, Heijmans BT, Toes REM, Huizinga TWJ. Transcription of the IL10 gene reveals allele-specific regulation at the 
mRNA level. Hum Mol Genet. 2004;13(16):1755–1762. https://doi.org/10.1093/hmg/ddh187 PMID: 15198994

	51.	 Serban KA, Petrache I. Mouse Models of COPD. Methods Mol Biol. 2018;1809:379–394. https://doi.org/10.1007/978-1-4939-8570-8_25 PMID: 
29987802

	52.	 Vlahos R, Bozinovski S. Protocols to Evaluate Cigarette Smoke-Induced Lung Inflammation and Pathology in Mice. Methods Mol Biol. 
2018;1725:53–63. https://doi.org/10.1007/978-1-4939-7568-6_5 PMID: 29322408

	53.	 Wang Y, Xu J, Meng Y, Adcock IM, Yao X. Role of inflammatory cells in airway remodeling in COPD. Int J Chron Obstruct Pulmon Dis. 
2018;12:3341–348. https://doi.org/10.2147/COPD.S176122 PMID: 30349237

	54.	 Aggarwal BB, Natarajan K. Tumor necrosis factors: developments during the last decade. Eur Cytokine Netw. 1996;7(2):93–124. PMID: 8688493

	55.	 Yao Y, Zhou J, Diao X, Wang S. Association between tumor necrosis factor-α and chronic obstructive pulmonary disease: a systematic review and 
meta-analysis. Ther Adv Respir Dis. 2019;13:1753466619866096. https://doi.org/10.1177/1753466619866096 PMID: 31390957

	56.	 .Feng Q, Yu Y-Z, Meng Q-H. Blocking tumor necrosis factor-α delays progression of chronic obstructive pulmonary disease in rats through inhib-
iting MAPK signaling pathway and activating SOCS3/TRAF1. Exp Ther Med. 2021;22(5):1311. https://doi.org/10.3892/etm.2021.10746 PMID: 
34630665

	57.	 Song J, Zhang H, Tong Y, Wang Y, Xiang Q, Dai H, et al. Molecular mechanism of interleukin-17A regulating airway epithelial cell ferroptosis based 
on allergic asthma airway inflammation. Redox Biol. 2023;68:102970. https://doi.org/10.1016/j.redox.2023.102970 PMID: 38035662

	58.	 .Sen’kova AV, Savin IA, Chernolovskaya EL, Davydova AS, Meschaninova MI, Bishani A, et al. LPS-Induced Acute Lung Injury: Analysis of the 
Development and Suppression by the TNF-α-Targeting Aptamer. Acta Naturae. 2024;16(2):61–71. https://doi.org/10.32607/actanaturae.27393 
PMID: 39188267

	59.	 Atretkhany K-SN, Gogoleva VS, Drutskaya MS, Nedospasov SA. signaling through its two receptors in health and disease. J Leukoc Biol. 
2020;107(6):893–905. PMID: 32083339

	60.	 Yeo IJ, Yu JE, Kim SH, Kim DH, Jo M, Son DJ, et al. TNF receptor 2 knockout mouse had. https://doi.org/10.1002/JLB.2MR0120-510R PMID: 
32083339

	61.	 Chitu V, Stanley ER. reduced lung cancer growth and schizophrenia-like behavior through a decrease in TrkB-dependent BDNF level. Arch Pharm 
Res. 2024;47(4):341–359. https://doi.org/10.1007/s12272-024-01487-0 PMID: 38592583

	62.	 LaRock CN, Todd J, LaRock DL, Olson J, O’Donoghue AJ, Robertson AAB, et al. IL-1β is an. . 2006;18(1):39–48. https://doi.org/10.1016/j.
coi.2005.11.006 PMID: 16337366

	63.	 Bours V, Franzoso G, Azarenko V, Park S, Kanno T, Brown K, et al. The oncoprotein Bcl-3 directly transactivates through kappa B motifs via asso-
ciation with DNA-binding p50B homodimers. Cell. 1993;72(5):729–739. https://doi.org/10.1016/0092-8674(93)90401-b PMID: 8453667

	64.	 Bossis G, Malnou CE, Farras R, Andermarcher E, Hipskind R, Rodriguez M, et al. Down-regulation of c-Fos/c-Jun AP-1 dimer activity by sumoyla-
tion. Mol Cell Biol. 2005;25(16):6964–79. https://doi.org/10.1128/MCB.25.16.6964-6979.2005 PMID: 16055710

https://doi.org/10.1093/hmg/ddh187
http://www.ncbi.nlm.nih.gov/pubmed/15198994
https://doi.org/10.1007/978-1-4939-8570-8_25
http://www.ncbi.nlm.nih.gov/pubmed/29987802
https://doi.org/10.1007/978-1-4939-7568-6_5
http://www.ncbi.nlm.nih.gov/pubmed/29322408
https://doi.org/10.2147/COPD.S176122
http://www.ncbi.nlm.nih.gov/pubmed/30349237
http://www.ncbi.nlm.nih.gov/pubmed/8688493
https://doi.org/10.1177/1753466619866096
http://www.ncbi.nlm.nih.gov/pubmed/31390957
https://doi.org/10.3892/etm.2021.10746
http://www.ncbi.nlm.nih.gov/pubmed/34630665
https://doi.org/10.1016/j.redox.2023.102970
http://www.ncbi.nlm.nih.gov/pubmed/38035662
https://doi.org/10.32607/actanaturae.27393
http://www.ncbi.nlm.nih.gov/pubmed/39188267
http://www.ncbi.nlm.nih.gov/pubmed/32083339
https://doi.org/10.1002/JLB.2MR0120-510R
http://www.ncbi.nlm.nih.gov/pubmed/32083339
https://doi.org/10.1007/s12272-024-01487-0
http://www.ncbi.nlm.nih.gov/pubmed/38592583
https://doi.org/10.1016/j.coi.2005.11.006
https://doi.org/10.1016/j.coi.2005.11.006
http://www.ncbi.nlm.nih.gov/pubmed/16337366
https://doi.org/10.1016/0092-8674(93)90401-b
http://www.ncbi.nlm.nih.gov/pubmed/8453667
https://doi.org/10.1128/MCB.25.16.6964-6979.2005
http://www.ncbi.nlm.nih.gov/pubmed/16055710
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

