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Abstract
Background  Chronic obstructive pulmonary disease (COPD) is a heterogeneous syndrome, resulting in inconsistent 
findings across studies. Identifying a core set of genes consistently involved in COPD pathogenesis, independent of 
patient variability, is essential.

Methods  We integrated lung tissue sequencing data from patients with COPD across two centers. We used 
weighted gene co-expression network analysis and machine learning to identify 13 potential pathogenic genes 
common to both centers. Additionally, a gene-based model was constructed to distinguish COPD at the molecular 
level and validated in independent cohorts. Gene expression in specific cell types was analyzed, and Mendelian 
randomization was used to confirm associations between candidate genes and lung function/COPD. Preliminary in 
vitro functional validation was performed on prioritized core candidate genes.

Results  Tissue inhibitor of metalloproteinase 4 (TIMP4) was identified as a key pathogenic gene and validated 
in COPD cohorts. Further analysis using single-cell sequencing from mice and patients with COPD revealed that 
TIMP4 is involved in ciliated cells. In primary human airway epithelial cells cultured at the air-liquid interface, TIMP4 
overexpression reduced ciliated cell numbers.

Conclusions  We developed a 13-gene model for distinguishing COPD at the molecular level and identified TIMP4 as 
a potential hub pathogenic gene. This finding provides insights into shared disease mechanisms and positions TIMP4 
as a promising therapeutic target for further investigation.
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Introduction
Chronic obstructive pulmonary disease (COPD) is a het-
erogeneous and complex respiratory condition that pres-
ents a significant social burden [1]. Current treatments 
primarily focus on symptom management and preventing 
acute exacerbations, yet they have notable limitations [2]. 
Common therapies, including bronchodilators, inhaled 
corticosteroids, and oxygen therapy, do not effectively 
halt disease progression or improve long-term outcomes 
[2, 3]. Consequently, there is an urgent need to investi-
gate COPD pathogenesis further to identify new thera-
peutic targets and develop more effective interventions.

Numerous studies have performed genomic sequenc-
ing on lung tissue samples from patients with COPD to 
elucidate the molecular mechanisms associated with the 
condition [4, 5]. However, these studies frequently pro-
duce inconsistent results across different research cen-
ters, similarly attributable to variations in study design, 
sample selection, sequencing technologies, and data 
analysis methods [6]. Furthermore, the differential genes 
identified from sequencing analyses of different cohorts 
vary. Even when common differential genes are identi-
fied, the correlation of their expression with clinical char-
acteristics may also differ across cohorts [6, 7].

In this study, we aimed to enhance robustness and reli-
ability by integrating lung tissue sequencing data from 
patients with COPD across various centers. We employed 
machine learning techniques and model construction to 
identify key genes that effectively differentiate between 
patients with non-COPD and COPD. The model devel-
oped from these hub genes consistently distinguishes 
COPD from non-COPD across various datasets, poten-
tially providing new insights into diagnostic markers and 
therapeutic targets for COPD.

Further analysis using single-cell sequencing and Men-
delian randomization (MR) studies of these hub genes 
revealed that tissue inhibitor of metalloproteinase 4 
(TIMP4) is specifically expressed in ciliated cells and is 
significantly upregulated in patients with COPD. MR and 
clinical cohort data suggest a close relationship between 
TIMP4 expression, lung function, and computed tomog-
raphy (CT) imaging findings. A comprehensive under-
standing of the early pathogenic events, derived from 
analyzing ciliated cells and their interactions with other 
cell types, could pave the way for innovative management 
strategies for complex, multifactorial chronic airway and 
pulmonary diseases.

The TIMP family plays a crucial role in regulating 
extracellular matrix (ECM) degradation and remodeling 
in COPD by regulating matrix metalloproteinase (MMP) 

activity. This regulation balances tissue destruction and 
repair, influencing airway inflammation and fibrosis. 
We hypothesize that TIMP4 expression may be crucial 
in affecting ciliated cell function and airway clearance 
capacity, playing a key role in COPD progression.

Materials and methods
Human bronchial brushing collection
Primary human bronchial epithelial (HBE) cells were 
obtained from brushings of 5th–6th order bronchioles 
during fiberoptic bronchoscopy using an endoscopic 
cytobrush, as previously described [8]. The material was 
obtained from the Biobank of the First Affiliated Hospi-
tal of Guangzhou Medical University, Guangzhou, China. 
The COPD diagnosis was confirmed by post-broncho-
dilator forced expiratory volume in one second (FEV1)/
forced vital capacity (FVC) < 70%. The exclusion criteria 
included asthma, bronchiectasis, pulmonary fibrosis, and 
active infection. This study followed the ethical guidelines 
outlined in the Declaration of Helsinki and was approved 
by the Ethics Committee of the First Affiliated Hospital of 
Guangzhou Medical University (approval number 2020-
51). All participants provided written informed consent 
before enrollment.

HBE cell air-liquid interface culture, lentiviral infections, 
and cigarette smoke extract treatment
HBE cells were cultivated under air-liquid interface (ALI) 
conditions to form well-differentiated, pseudostratified 
cultures, following previously described methods [9]. 
Briefly, isolated HBE cells were maintained and expanded 
(one passage) in T75 flasks with bronchial epithelial cell 
expansion medium (AEGM, 05040, STEMCELL Tech-
nologies) at 37 °C in a 5% carbon dioxide (CO2) incuba-
tor. At 80% confluence, cells were detached with 0.05% 
trypsin-ethylenediaminetetracetic acid (EDTA; Gibco) 
and seeded on membrane supports (12  mm Transwell 
culture inserts, 0.4  μm pore size, Costar) coated with 
0.05  mg collagen from calf skin (Sigma–Aldrich) in 
AEGM supplemented with 1% penicillin/streptomycin. 
HBE cells were cultured for two days until they reached 
complete confluence. The apical medium was removed, 
and the basal medium was replaced by an ALI culture 
medium (05001, STEMCELL Technologies). Cultures 
were maintained under ALI conditions by changing the 
medium in the basal filter chamber three times a week. 
For cigarette smoke extract (CSE) treatment, a 1.023 mg/
mL stock solution was diluted to 0.02 mg/mL. Epithelial 
cells were cultured in a differentiation medium contain-
ing CSE at 37  °C in a 5% CO2 incubator from day 5 to 
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day 14. For the rescue experiment, epithelial cells were 
cultured in a differentiation medium containing CSE at 
37  °C in a 5% CO2 incubator from day 5 to day 14. The 
medium was replaced every 24  h before collection for 
analysis.

Ribonucleic acid extraction, complementary 
deoxyribonucleic acid synthesis, and quantitative real-time 
polymerase chain reaction
Ribonucleic acid (RNA) extraction from lung tissues and 
cells was performed using a commercially available RNA 
isolation kit, following the manufacturer’s recommended 
protocol [10]. Complementary deoxyribonucleic acid 
synthesis was conducted using a reverse transcription 
kit designed for quantitative polymerase chain reaction 
(qPCR) applications, with 1,000 ng of total RNA as the 
starting material. Quantitative real-time PCR (qRT-PCR) 
was conducted using a SYBR green-based PCR master 
mix on an RT-PCR detection system. Gene expression 
levels were quantified using the comparative CT (2–∆∆CT) 
method, with glyceraldehyde-3-phosphate dehydroge-
nase (GAPDH) as the endogenous control. A complete 
list of primer sequences used in this study is provided in 
Supplementary Data 28.

Western blotting (WB)
WB analysis was conducted using previously established 
protocols [11]. Briefly, protein samples from cell lines 
and lung tissue were prepared using radioimmunopre-
cipitation assay lysis buffer (Catalog # 89901, Thermo, 
USA) with added protease inhibitors (Catalog # 78430, 
Thermo, USA) and incubated at 4  °C for 20  min. Pro-
teins were separated on a 10% sodium dodecyl sulfate-
polyacrylamide gel electrophoresis and transferred to 
polyvinylidene difluoride membranes (BioRad, USA). 
Membranes were blocked and incubated overnight at 
4  °C with primary antibodies against TIMP4 (Catalog 
# 12326-1-AP, proteintech, China), MMP9 (Catalog # 
13667, CST, USA), fibronectin-1 (FN1; Catalog # 26836, 
CST, USA), β-catenin (Catalog # 9562, CST, USA), non-
p-β-catenin (Catalog # 4176, CST, USA), and GAPDH 
(Catalog # 60004-1-Ig, proteintech, China). After wash-
ing, membranes were incubated with a horseradish per-
oxidase-conjugated secondary antibody (Proteintech) 
and visualized using enhanced chemiluminescence on an 
Amersham Imager 680 (Thermo Fisher Scientific, USA).

Multiple Immunofluorescence assay of HBE cells
ALI cultures were fixed in 4% paraformaldehyde over-
night at 4 °C, then incubated in a permeabilization solu-
tion (0.2% Triton X-100 in phosphate-buffered saline 
[PBS]) for 15  min. Subsequently, cultures were blocked 
with 10% goat serum, PBS, and 3% bovine serum albu-
min solutions for 1 h at room temperature (RT). Primary 

antibodies were applied and incubated overnight at 
4  °C, followed by washing and incubating with second-
ary antibodies for 1 h at RT. Cultures were then stained 
with 4’,6-diamidino-2-phenylindole (DAPI) for 10  min 
at RT before being mounted for imaging. The following 
primary antibodies were used: Mouse anti-acetylated 
α-tubulin (1:1500, Sigma, T7451), mouse anti-TIMP4 
(Catalog # 12326-1-AP, Proteintech, China), and rab-
bit anti-MUC5AC (1:200, Abcam, ab3649). Secondary 
antibodies included goat anti-mouse immunoglobulin G 
(IgG; H + L) cross-adsorbed secondary antibody, Alexa 
Fluor™ 488/568/647, and goat anti-rabbit IgG (H + L) 
cross-adsorbed secondary antibody, Alexa Fluor™ 
488/568/647.

Messenger RNA microarray chip datasets and 
bioinformatics
Several microarray datasets, such as GSE47460 [12], 
GSE76925 [5], GSE103174 [13], GSE239897 [14], and 
GSE37147 [15], were obtained from the Gene Expression 
Omnibus (GEO) repository. These datasets used various 
platforms: GPL14550 for GSE47460 (108 controls, 220 
COPD samples), GPL10558 for GSE76925 (40 controls, 
111 COPD samples), GPL13667 for GSE103174 (21 con-
trols, 44 COPD samples), and GPL17303 for GSE239897 
(40 controls, 111 COPD samples). For GSE37147, we 
excluded patients with a recent history of using inhaled 
medications, resulting in a final cohort of 136 controls 
and 63 patients with COPD.

Data visualization and analysis were performed using R 
packages, such as “ggplot2” for volcano plots, “ggbiplot” 
for principal component analysis, and “corrplot” for gene 
correlation assessments. Differentially expressed genes 
(DEGs) were identified using the limma package from 
the R/Bioconductor. Significance criteria varied as fol-
lows: p < 0.05 and fold changes > 0.2 for GSE47460, while 
p < 0.05 and fold changes > 0.4 for GSE76925.

Functional annotation of genes was performed using 
gene ontology enrichment analysis ​(​​​h​t​t​p​:​/​/​g​e​n​e​o​n​t​o​l​o​
g​y​.​o​r​g​​​​​) and Kyoto encyclopedia of genes and genomes 
pathway analysis (http://kegg.jp). Gene set enrichment 
analysis (GSEA) was performed using dedicated software 
[16], and multi-dataset integration was achieved using 
Metascape (http://metascape.org/).

Protein-protein interaction (PPI) networks were con-
structed using the STRING database [17] ​(​​​h​t​t​p​:​/​/​s​t​r​i​n​g​-​
d​b​.​o​r​g​​​​​) and visualized with Cytoscape software (version 
3.8.3). Weighted gene co-expression network analysis 
(WGCNA) was conducted on GSE47460 and GSE76925 
datasets and RNA-seq using the ‘WGCNA’ R package 
[18]. Networks were correlated with COPD clinical status 
and various pulmonary function parameters, including 
FEV1% of predicted value (FEV1%pre), FVC percentage 
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of predicted value (FVC%pre), FEV1/FVC ratio, and low 
attenuation area percentage (%LAA950) value.

Machine learning
We implemented a multi-tiered machine learning 
approach to elucidate gene signatures associated with 
COPD. In the initial phase, four distinct algorithms 
were employed: Support vector machine recursive fea-
ture elimination (SVM-RFE), least absolute shrinkage 
and selection operator (LASSO) model, elastic net, and 
random forest model. Gene selection was guided by the 
optimal lambda value (λ) within one standard error of 
the minimum error; the λ value was determined through 
10-fold cross-validation using the “glmnet” R packages 
[19]. We utilized an extensive array of machine-learning 
algorithms for model construction and validation. These 
included ensemble methods (Voting, GradientBoosting, 
Adaptive Boosting, Extra Tree, Random Forest, Bootstrap 
Aggregating), decision tree-based approaches, proba-
bilistic models (Naïve Bayes), instance-based learning 
(K-Nearest Neighbors), SVM, gradient descent methods 
(Stochastic Gradient Descent), various regression tech-
niques (Logistic Regression, BayesianRidge, ElasticNet, 
LASSO, Linear_Lasso, Ridge Regression with Cross-vali-
dation, Ridge_Regression, Linear_Regression), and neural 
network approaches (Artificial Neural Network). Model 
selection was performed by ranking TrainSet Accuracy 
and TestSet Accuracy values across distinct datasets. The 
definitive gene set represents consensus features identi-
fied through LASSO, RFE, Random Forest (RF), and Elas-
tic Net al.gorithms across multiple cohorts.

Following hub gene identification, all subsequent anal-
yses were performed using R software (version 4.0.3). 
We employed several R packages, including “caret,” 
“e1071,” “glmnet,” “tree,” “randomForest,” “adabag,” “nnet,” 
“xgboost,” and “ggplot2” to implement the algorithms and 
visualize results.

Single-cell RNA-seq analysis
We obtained single-cell RNA-sequencing (scRNA-
seq) data for mouse lung tissue from the GEO database 
(GSE168299 [20]), comprising eight samples (Air = 4, 
Smoke = 4) with 41,099 cells and 20,832 detected genes. 
Human lung tissue scRNA-seq data were retrieved from 
GSE173869 [21], including 12 samples (non-smoker = 3, 
COPD = 9) with 39,425 cells and 33,538 detected genes. 
Cell type-specific marker genes were previously estab-
lished for both datasets. Analysis and visualization of 
scRNA-seq data were performed using R and Seurat 
Package (​h​t​t​p​​s​:​/​​/​s​a​t​​i​j​​a​l​a​b​.​o​r​g​/​s​e​u​r​a​t​/). The analytical 
pipeline followed established protocols for data normal-
ization, dimensionality reduction, and clustering. DEGs 
from various cell subsets underwent Reactome enrich-
ment analysis (https://reactome.org/). Intercellular ​c​o​m​

m​u​n​i​c​a​t​i​o​n was analyzed using the “CellChat” R pack-
age (version 1.1.3), while pseudotime analysis was vali-
dated using the “Monocle 2” R package. Visualization was 
accomplished using the “ggplot2” R package.

RNA-seq and bioinformatics
RNA samples were sequenced at Wekomo (China) using 
the Illumina system (San Diego, USA). The resulting 
RNA-seq data were aligned to the Ensembl (version 105) 
transcript annotations. The “Limma” package in R soft-
ware was employed to identify DEGs. The time series 
analysis of gene expression was performed with the 
Mfuzz software.

CSE extraction and Preparation
CSE was produced by a commercial combustible ciga-
rette (Hongmei, Hongta Group, China), as described 
previously [9]. Mainstream cigarette smoke (CS) was 
generated using a Cerulean CETI 8 MK3 smoking 
machine (CERULEAN, UK), following ISO 20778:2018 
standards, with a 55 mL puff volume, 2 s duration, and a 
30 s interval. The mainstream smoke was passed through 
two collection vessels containing 2 × 20 mL of Dulbec-
co’s Modified Eagle Medium/Nutrient Mixture F-12 
medium, then combined and shaken for 20 min to obtain 
an aqueous CSE. The extract was filtered twice through 
a 0.22  μm membrane, aliquoted, and stored in the dark 
at − 80  °C. The nicotine concentration in the CSE was 
measured by gas chromatography-mass spectrometry by 
Shenzhen Fogcore Technology Co., Ltd. and determined 
to be 1.36 mg/mL.

Cell culture
Cell culture was performed according to the operating 
manuals for PneumaCult™-Ex Plus Medium (Catalog # 
05040) and PneumaCult™-ALI Medium (Catalog # 05001) 
from STEMCELL Technologies as previously described 
[8]. The ALI cultures were established using Transwell 
plates (Catalog # 3460, Corning). Primary airway epithe-
lial cells were cultured at 37  °C with 5% CO2 until 80% 
confluence of cell colonies was achieved, followed by 
dissociation with TrypLE™ Express (Gibco) and seeding 
at a density of 2.3 × 105 cells/cm2. Transwell plates were 
maintained at 37 °C with 5% CO2, with medium changes 
every two days. Once cells reach 100% confluence (typi-
cally 4–6 days), the apical medium is removed, and the 
basal medium is replaced with a differentiation medium, 
marking day 0 of differentiation. Medium changes were 
performed every two days until the formation of visible 
ciliary beating on day 21. The CSE was added to the baso-
lateral chamber at a 0.02 mg/mL concentration on day 6.

https://satijalab.org/seurat/
https://reactome.org/
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Lentivirus infection
The lentivirus used in this study was provided by Yun-
zhou Biotechnology Co., Ltd. (Guangzhou, China). 
The TIMP4 overexpression vector was constructed as 
pLV [Exp]-EF1A > hTIMP4NM_003256.4:3xGGGGS: 
mCherry (ns): P2A: Puro, while the control vector 
was pLV[Exp]-EF1A > mCherry(ns): P2A: Puro. Pri-
mary airway basal cells were used for lentiviral infec-
tion in the second to third passage. When the airway 
basal cells reached approximately 80% confluence, they 
were dissociated, and 500,000 cells were transferred to 
a T75 flask. The lentiviral solution was added at a mul-
tiplicity of infection of 10, and the cells were cultured 
in PneumaCult™-Ex Plus Medium supplemented with 
5 µM Y-27,632 for 16 h. After incubation, the viral-con-
taining medium was removed, and the cells were washed 
twice with PBS, followed by continued culture in fresh 
PneumaCult™-Ex Plus medium with medium changes 
every two days. Once the cells reached 60–80% conflu-
ence, puromycin was added at a concentration of 2  µg/
mL for selection. After four days of selection, puromycin 
was maintained at 1 µg/mL. When the airway basal cells 
reached 80–90% confluence, they were transferred to the 
ALI model for differentiation, with 1  µg/mL puromycin 
continuously added to the differentiation medium.

TIMP4 measurement
Peripheral blood samples from 185 non-COPD and 116 
COPD from the early COPD (ECOPD) study (the Chi-
nese Clinical Trial Registry, ChiCTR1900024643) [22] 
were randomly included in this analysis. The data of 
some of the participants have been previously published. 
Peripheral blood samples were obtained by trained staff 
in EDTA collection tubes and centrifuged at 3,000  rpm 
for 10  min at RT, and the supernatants were stored at 
− 80 °C. Plasma TIMP4 was measured using the TIMP-4 
ELISA kit (CSB-E04735h, CUSABIO, China).

Genome-wide association data sources
Our study analyzed genetic associations with COPD-
related phenotypes using Integrative Epidemiology Unit 
(IEU) Open genome-wide association (GWAS) proj-
ect data. We accessed single nucleotide polymorphisms 
(SNPs) linked to FEV1/FVC [23], FEV1, FVC, FEV1/
FVC < 0.7 [24] and COPD diagnosis from GWAS catalog 
entries [25]. Data for FEV1/FVC ratio (n = 321,047), FEV1 
(n = 321,047), and FVC (n = 321,047) were obtained from 
separate GWAS. Additional GWAS data included FEV1/
FVC < 0.7 (cases: 55,907, controls: 297,408) and COPD 
diagnosis (cases: 26,710, controls: 334,484). The expres-
sion quantitative trait loci (eQTL) analysis was conducted 
for selected genes using datasets from 515 individuals 
with lung tissue and 755 individuals with whole blood, 
sourced from the GTEx_v8 database (​h​t​t​p​​s​:​/​​/​w​w​w​​.​g​​t​e​x​​p​

o​r​​t​a​l​.​​o​r​​g​/​h​o​m​e) [26]. Additionally, the eQTLs associated 
with the selected genes served as proxies for increased 
expression of these genes.

All GWAS datasets were accessed through the IEU 
GWAS database (https://gwas.mrcieu.ac.uk/). This 
approach was used to explore the genetic basis of COPD 
and related phenotypes using large-scale data.

Summary-data-based MR analyses
Our study employed summary-data-based MR (SMR) 
and heterogeneity in dependent instruments (HEIDI) 
tests within cis-regulatory regions using SMR software 
[27]. This approach uses a single-nucleotide variant at 
a primary xQTL as an instrumental variable, combined 
with summary-level eQTL and GWAS data, to explore 
potential causal or pleiotropic relationships between gene 
expression and traits of interest. We applied standard 
SMR software settings, including a p-value threshold of 
5.0 × 10–8 for top eQTL selection and a 1  Mb window 
around the probe center for cis-eQTL identification. All 
analyses were restricted to cis-regulatory regions. Statis-
tical significance was determined by a p < 0.05 for SMR, 
while for HEIDI, a p < 0.05 suggested significant linkage. 
This methodology investigated genetic associations and 
potential causal relationships in COPD-related pheno-
types, providing a nuanced interpretation of the data.

Two-sample MR (TSMR)
Our MR analysis primarily used the inverse-variance 
weighted (IVW) method, supplemented by MR-Egger, 
weighted median, simple mode, and weighted mode 
approach [28, 29]. We assessed heterogeneity across 
individual causal effects using Cochran’s Q statistic in 
MR-Egger and IVW methods, with p < 0.05 indicat-
ing significant heterogeneity. Horizontal pleiotropy was 
evaluated using MR-Egger regression and MR-PRESSO. 
An MR-Egger intercept near zero with p > 0.05 suggested 
the absence of directional horizontal pleiotropy, while 
p > 0.05 in the MR-PRESSO global test indicated no evi-
dence of horizontal pleiotropic outliers.

We conducted leave-one-out sensitivity analyses to 
ensure robustness and employed Steiger filtering to ver-
ify causal directionality. All statistical analyses were per-
formed in R software using the ‘TwoSampleMR’ package 
[25], with a significance threshold of p < 0.05. In cases of 
significant heterogeneity, we applied a random effects 
model for IVW estimates.

Statistical analyses
All statistical analyses were performed using Graph-
Pad Prism (version 8.0.1) or Medcalc (version 23.0.1) 
software. The two-tailed paired Student’s t-test, two-
tailed Mann–Whitney test, one-way ANOVA, and two-
tailed Pearson correlation were used to determine the 

https://www.gtexportal.org/home
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significance between means. Linear regression models 
were implemented to assess associations between gene 
expression levels and clinical parameters. Receiver oper-
ating characteristic (ROC) curve analysis was performed 
to calculate area under the curve (AUC) values. P-values 
were represented as follows: ns (not significant), *p < 0.05, 
**p < 0.01, ***p < 0.001, and **p < 0.0001.

Results
Identification of common gene signature in lung tissue 
sequencing from two patients with COPD cohorts
The analytical workflow of this study is schematically 
summarized in Fig. 1. We analyzed lung tissue sequenc-
ing data from two patients with COPD cohorts: The 
GSE47460 (108 controls, 220 patients with COPD) and 
GSE76925 (37 smoker controls and 110 COPD patients 
with smoking history). The WGCNA was performed 
on both datasets (Figs. 2A and S1-2), yielding 24 and 16 
gene modules for GSE47460 and GSE76925, respectively. 
We then correlated these modules with COPD status, 
lung function, and CT indicators. In GSE47460, mod-
ules “magenta,” “tan,” “midnightblue,” “skyblue,” “brown,” 
and “darkgreen” negatively correlated with COPD status 
and %LAA950, but positively with lung function includ-
ing FEV1%pred and FVC%pred. Conversely, “lightgreen,” 
“black,” “white,” and “pink” modules indicated opposite 
correlations (Fig.  2A and Supplementary Data 1). Anal-
ysis of GSE76925 revealed similar patterns: “brown” 
and “green” modules negatively correlated with COPD 
status and LAA950% but positively with lung function 
(FEV1%pred and FEV1/FVC). The “turquoise” module 
exhibited inverse correlations (Fig.  2A and Supplemen-
tary Data 2).

We performed DEG analysis (COPD versus control) 
on both datasets. The GSE47460 yielded 890 upregulated 
and 863 downregulated genes (Figures S3A-B), while 
GSE76925 indicated 438 upregulated and 1,141 down-
regulated genes (Figs. S3C-D and Supplementary Data 
3). Enrichment analysis of these gene sets revealed that 
negatively correlated genes were associated with regulat-
ing the Wnt signaling pathway, secretion, extracellular 
matrix organization, and cell-cell adhesion. Positively 
correlated genes were linked to the regulation of leukocyte 
migration, epithelial cell proliferation, positive cytokine 
production, and NABA CORE MATRISOME functions 
(Fig. 2B). We then intersected these DEGs with the mod-
ules significantly correlated with COPD status, CT indi-
cators, and lung function. In GSE47460, we identified 310 
COPD-positively correlated and 611 COPD-negatively 
correlated overlapping genes (Fig. 2C). GSE76925 yielded 
94 COPD-positively correlated and 191 COPD-negatively 
correlated overlapping genes (Fig. 2D and Supplementary 
Data 4).

We performed LASSO analysis on the overlapping 
gene sets, stratified by COPD status, to further identify 
key gene clusters crucial in COPD. This yielded 21 and 
17 potential hub genes, respectively (Fig. 2E and Supple-
mental Data 5). These gene sets indicated no overlap, 
underscoring the heterogeneity in COPD sequencing 
results across different cohorts. We combined these 
LASSO gene sets into a 38-gene signature to identify 
hub genes functioning consistently across diverse COPD 
cohorts. We then applied various machine learning mod-
els (LASSO, Elasticnet, Random Forest, and SVM-RFE) 
to both datasets using this signature (Figs.  2F and S4). 
By intersecting genes obtained from the same machine 
learning method across both datasets, we identified 5, 4, 
11, and 6 overlapping genes, respectively (Supplemental 
Data 6). Integration of these results yielded a final set 
of 13 genes: ANGPTL1, DUSP26, FGG, GAS2, VEGFD, 
BHLHE22, SYNGR1, TIMP4, CXCL12, GEMIN5, SV2B, 
HTR2B, and TMEM117.

A model constructed with 13 genes that accurately identify 
COPD
Subsequently, we divided the two lung tissue sequenc-
ing datasets into training and validation sets. We evalu-
ated the performance of 20 different machine learning 
methods using the identified 13-gene signature. All 20 
models demonstrated the ability to effectively distinguish 
between COPD and non-COPD populations in indepen-
dent lung tissue sequencing datasets using the 13-gene 
signature (Figs.  3A-B). However, only Extra Trees and 
Random Forest methods consistently indicated high 
accuracy in both training and test sets across both datas-
ets, with test set accuracies exceeding 0.8 (Supplemental 
Data 7). Based on these results, we selected extra trees 
and random forest models for further analysis, as they 
demonstrated high and consistent performance in dis-
criminating COPD status across different cohorts.

We first generated nomogram scores for each gene in 
both models across the two datasets, revealing broadly 
similar gene scores between the datasets (Figures S5A-
B). Extra Trees and Random Forest models demonstrated 
good discrimination among patients with COPD, indi-
cating better performance in predicting COPD cases 
but higher error rates in predicting controls (Figures 
S5C-D). To validate the models’ reliability, we applied 
the models constructed using GSE47460 to predict out-
comes in GSE76925. Both extra trees and random forest 
models demonstrated high accuracy in the area under 
the curve (AUCET = 0.871, AUCRF = 0.859). The reverse 
validation also yielded high accuracy (AUCET = 0.789, 
AUCRF = 0.786), confirming the models’ reliability 
(Fig. 3C).

To further validate our model’s accuracy in diverse 
COPD populations, we incorporated lung tissue 
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Fig. 1  Analysis workflow of the study. Hub genes for chronic obstructive pulmonary disease (COPD) recognition were identified through integrated 
analysis of multi-center lung tissue sequencing data from COPD patients, employing weighted gene co-expression network analysis (WGCNA) and 
multiple machine learning algorithms to establish a predictive gene model. Mendelian randomization analysis was subsequently applied to prioritize a 
central candidate gene. Functional exploration of this hub gene was conducted using single-cell RNA sequencing data derived from both human COPD 
specimens and murine experimental models. Clinical relevance was further validated by correlating its expression levels with disease severity metrics and 
spirometric parameters in primary COPD cohorts and independent validation datasets. Mechanistic investigations were completed through functional 
assays in an in vitro cellular model to evaluate its biological relevance in COPD pathogenesis
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Fig. 2 (See legend on next page.)
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sequencing data from two external cohorts: GSE103174 
(21 control and 44 COPD samples) and GSE239869 
(43 control and 39 COPD samples). Both models, con-
structed using the 13-gene signature, demonstrated 
robust performance in these cohorts. For GSE103174, 
Extra Trees and Random Forest models achieved AUC 
values of 0.693 and 0.71, respectively. In GSE239869, 
the models indicated even stronger predictive power 
(AUCET = 0.883, AUCRF = 0.862) (Fig. 3D).

We analyzed the expression of the 13 hub genes in 
GSE47460 and GSE76925 datasets. All genes, except 
VEGFD in GSE47460, demonstrated significant differ-
ences between control and COPD groups, with most 
exhibiting similar trends across datasets (Fig.  3E). We 
assessed correlations between these genes, lung function, 
and CT indicators using 13 linear regression models. 
Across models and datasets, the genes were significantly 
associated with FEV1%pre and %LAA950 (Figs.  3F and 
S6–8). These results were used to validate the stabil-
ity and specificity of our 13-gene model in patients 
with COPD and its significant correlation with clinical 
characteristics.

The expression distribution of the 13 genes used to 
construct the model across various lung cell subtypes in 
both humans and mice
To explore the expression patterns of the 13 selected 
genes across lung cell subpopulations, we analyzed sin-
gle-cell sequencing data from patients with COPD lung 
tissue (GSE173896), comprising four non-smokers and 
nine patients with COPD. Using the original cell clus-
tering strategy, we identified 22 cell subpopulations 
(Figs. 4A and S9A and Supplementary Data 8). We calcu-
lated expression scores for each cell subpopulation based 
on the integrated expression of the 13 genes (Fig.  4B). 
Results demonstrated expression in all subpopulations, 
with alveolar and adventitial fibroblasts scoring highest 
(Fig. 4C). Expression scores were significantly increased 
in CD8T cells, CD4T cells, natural killer cells, macro-
phages, neutrophils, AT1, AT2, monocytes, ciliated cells, 
B cells, and pericytes/smooth muscle actin (SMA) cells. 
Conversely, scores were significantly lower in alveo-
lar and adventitial fibroblasts, dendritic cells, plasma 
cells, and vascular endothelial (VE) cells (Fig. S9B). 

Individual gene analysis indicated BHLHE22, CXCL12, 
VEGFD, and ANGPTL1 highly expressed in fibroblasts; 
GAS2 and TIMP4 in ciliated cells; TMEM117 in macro-
phages; SYANGR1 in immune cells; FGG in AT2 cells; 
and DUSP26 in plasma cells. The TMEM117, HTR2B, 
and SV2B revealed low expression across all cell types 
(Fig. 4D).

To validate our findings from human lung tissue, we 
analyzed single-cell sequencing data from a mouse COPD 
model (GSE168299), including four air-exposed and four 
CS-exposed mice. We used the original cell clustering 
strategy, identifying 27 cell subpopulations (Figs. 4E and 
S10A and Supplementary Data 9); consistent with human 
data, all cell types indicated expression, with alveolar 
and adventitial fibroblasts exhibiting the highest scores, 
followed by endothelial cells (Fig.  4F-G). However, sig-
nificant score differences between groups were limited to 
alveolar fibroblasts, basal cells, B cells, ciliated cells, club 
cells, some endothelial cells, macrophages, and mono-
cytes (Figure S10B). Several genes indicated similar pri-
mary expression patterns in mouse and human lung cell 
subpopulations. However, SV2B, ANGPTL1, and GAS2 
exhibited low expression across all mouse lung cell types, 
differing from human results. Additionally, CXCL12 indi-
cated high expression in endothelial cells, and DUSP26 
was expressed in mouse ciliated cells (Fig. 4H).

MR analysis was used to identify TIMP4 as a potential hub 
gene influencing COPD progression within the signature
To identify potentially causal genes within our signa-
ture for COPD, we conducted MR analyses (Fig.  5A). 
We extracted SNPs associated with the 13 genes from 
GTEx_v8 as instrumental variables for lung tissue and 
whole blood. Outcomes included FEV1/FVC < 0.7, phy-
sician-diagnosed COPD, FEV1, FVC, and FEV1/FVC 
from GWAS studies (Supplementary Data 10). We per-
formed TSMR and SMR analyses, including HEIDI tests 
for summary-level data. ANGPTL1, BHLHE22, FGG, 
HTR2B, and TIMP4 lacked suitable instruments in 
peripheral blood. Furthermore, BHLHE22, GEMIN5, and 
TMEM117 did not have suitable instrumental variables 
for the SMR analysis of lung tissue.

ANGPTL1 in lung tissue was positively associated with 
FVC and FEV1 and negatively with FEV1/FVC < 0.7. FGG 

(See figure on previous page.)
Fig. 2  Identification of common gene signatures in lung tissue sequencing from two patients with COPD cohorts. (A) The module-feature correla-
tion heatmap depicts the correlation between modules and clinical parameters (COPD, FEV1% predicted, %LAA950, FVC% predicted or FEV1/FVC) in 
GSE47460 and GSE76925. The number in the top left corner of each box represents the correlation coefficient, with red indicating a positive correlation 
and blue indicating a negative correlation. The number in the bottom right corner indicates the statistical significance, with darker colors representing 
greater statistical significance. (B) Gene enrichment analysis was conducted on significant modules identified by WGCNA in the GSE76925 and GSE47460 
datasets. (C-D) The intersecting genes from COPD-positive modules and significantly upregulated DEGs, and those from COPD-negative modules and 
significantly downregulated DEGs, were included as candidate genes in a LASSO analysis using the GSE47460 dataset (C) or GSE76925 dataset (D). (E) 
After combining the genes selected by LASSO from GSE47460 and GSE76925, model construction and gene selection were performed separately in each 
dataset (GSE47460 and GSE76925). (F) The Venn diagram indicates the intersection of genes selected by four different machine learning methods (LASSO, 
Elasticnet, RFE-SVM, and Random Forest) in each of GSE47460 and GSE76925 datasets
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indicated significance only in TSMR, positively associat-
ing with lung function and negatively with COPD diag-
nosis. HRT2B in lung tissue is positively associated with 
FEV1 and FEV1/FVC, negatively with FEV1/FVC < 0.7, 
and positively with COPD diagnosis. GEMIN5 in both 
lung and blood is negatively associated with lung func-
tion and COPD diagnosis in TSMR. SV2B in lung tissue 
is positively associated with FVC, FEV1, FEV1/FVC < 0.7, 
and COPD diagnosis in TSMR. The TIMP4 in lung tis-
sue is negatively associated with lung function and posi-
tively with COPD diagnosis in both TSMR and SMR. 

TMEM117 in lung tissue is negatively associated with 
lung function and positively with COPD diagnosis in 
TSMR and SMR. Notably, the above results indicated no 
heterogeneity, but only BHLHE22, FGG, SV2B, SYNGR1, 
TIMP4, and TMEM117 displayed largely absent hori-
zontal pleiotropy (Figs. B-C and S11 and Supplementary 
Data 11–17).

We constructed a receiver operating characteris-
tic (ROC) curve model using the 13 genes, achieving 
AUCs of 0.883 and 0.966 in two datasets (Figures S12A). 
Considering the MR results and excluding genes with 

Fig. 3  A model constructed with 13 genes that accurately identify COPD. (A-B) ROC results demonstrate the performance of 20 different machine 
learning methods, based on the selected 13-gene model, in identifying COPD across GSE47460 (A) and GSE76925 (B). (C) ROC results indicated that the 
random forest and extra tree models constructed using GSE47460 and GSE76925 datasets were cross-validated against each other. (D) ROC results display 
AUC outcomes for validating the random forest and extra tree models using two external patients with COPD lung tissue sequencing data (GSE103174 
and GSE239897). (E) The expression changes of the 13 genes (ANGPTL1, DUSP26, FGG, GAS2, VEGFD, BHLHE22, SYNGR1, TIMP4, CXCL12, GEMIN5, SV2B, HTR2B, 
and TMEM117) used to construct the model are indicated between control and COPD groups in GSE47460 and GSE76925 datasets. (F) Scatter plots reveal-
ing predicted versus observed FEV1% predicted values for each of the 13 regression models (AdaBoost, Decision Tree, ElasticNet, GLM, LASSO, Least.Angle, 
Linear, NeuralNet, RandomForest, Ridge, SGD, SVR, and voting) in GSE47460. Each point represents a sample in the test set. R-squared values and p-values are 
displayed for each model. Data indicated mean ± SD. P-values are indicated in charts determined by a two-tailed student test (E)
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non-significant outcomes, we selected SVB2, TIMP4, and 
ANGPTL1 for further investigation. These three genes 
maintained reasonable AUC values in both datasets. The 
ROC model using only these genes achieved AUCs of 

0.767 and 0.881 (Figures S12B and Supplementary Data 
18), highlighting their significance within the gene set.

We then evaluated correlations between these three 
genes and both datasets’ lung function and CT indica-
tors. TIMP4 and SV2B negatively correlated with lung 

Fig. 4  The expression distribution of the 13 genes was used to construct the model across various lung cell subtypes in both humans and mice (A) 
Uniform manifold approximation and projection (UMAP) plot visualizes single-cell transcriptomes of non-smokers and COPD in the GSE173896 dataset. 
(B-C) UMAP plot (B) and dot-plot (C) visualize the expression scores of the 13 genes across different cell subtypes in the human lung from GSE173896. (D) 
The enrichment of the 13 genes in different cell subpopulations of the human lung is illustrated by the bubble chart based on data from GSE173896. (E) 
UMAP plot visualizes the single-cell transcriptomes of air-exposed mice and smoke-exposed mice from the GSE168299 dataset. (F-G) UMAP plot (F) and 
dot-plot (G) visualize the expression scores of the 13 genes across different cell subtypes in the mouse lung from GSE168299. (H) The enrichment of the 
13 genes in different cell subpopulations of the mouse lung is illustrated by the bubble chart based on data from GSE168299
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function and positively with %LAA950 in both datas-
ets. ANGPTL1 positively correlated with lung function 
in both datasets and negatively with %LAA950, though 
only significantly in GSE76925 (Figures S13A-B). Fur-
ther analysis of their expression in primary cell types 
revealed that ANGPTL1 expression decreased in alveolar 

fibroblasts but remained unchanged in adventitial fibro-
blasts (Fig. S13C). SV2B expression indicated non-signif-
icant changes in alveolar or adventitial fibroblasts (Figure 
S13D). TIMP4 expression increased in ciliated cells of the 
COPD group (Fig. S13E).

Fig. 5 (See legend on next page.)
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Given that SV2B demonstrated no differential expres-
sion in alveolar or adventitial fibroblasts, SV2B and 
ANGPTL1 exhibited weak expression across various cell 
subpopulations in mouse lung tissue, which hampers 
subsequent single-cell analysis. We selected TIMP4 as 
a potential key pathogenic gene for further study, which 
is highly expressed in ciliated cells in both human and 
mouse lung tissues. We observed that TIMP4 expres-
sion progressively increased with higher Global Initiative 
for Chronic Obstructive Lung Disease (GOLD) stages 
in patients with COPD (Fig.  5D). However, there was a 
non-significant difference in expression between GOLD 
3 and GOLD 4 (Fig. 5E). Previous single-cell results indi-
cated that TIMP4 is primarily expressed in ciliated cells. 
We analyzed bronchial brush samples from patients with 
COPD (COPD = 64, smokers = 137) to validate TIMP4 
expression. Our analysis revealed that TIMP4 expres-
sion was also elevated in the brush samples from patients 
with COPD (Fig. 5F). While smoking similarly increased 
TIMP4 expression (Fig.  5G), the high expression of 
TIMP4 in patients with COPD was found to be indepen-
dent of smoking status (Fig. 5H).

We randomly selected 301 samples from the ECOPD 
study cohort, which included 116 patients with COPD 
and 185 non-COPD controls, to investigate whether 
TIMP4 expression in peripheral blood reflects that 
observed in lung tissue and to validate the results from 
lung tissue and airway brush samples and to confirm the 
findings from MR analysis (Fig. S14A). TIMP4 secretion 
levels were measured in peripheral plasma. However, 
the area under the curve (AUC) value derived from the 
receiver operating characteristic (ROC) analysis did not 
demonstrate a high discriminative capacity, suggesting 
potential limitations in its standalone predictive perfor-
mance (Fig. S14B).

We employed two models to assess the relationship 
between TIMP4 and clinical features: correlation analy-
sis (Model 1) and regression analysis (Model 2). In both 
models, TIMP4 levels were negatively correlated with 

several lung function measures, including pre-broncho-
dilator spirometry FEV1 (pre_FEV1), post-bronchodilator 
spirometry FEV1 (post_FEV1), maximum mid-expiratory 
flow (pre_MMEF), post_MMEF, pre-bronchodilator 
spirometry forced expiratory flow at 50% of FVC (pre_
FEF50), post_FEF50, pre-bronchodilator spirometry 
forced expiratory flow at 75% of FVC (pre_FEF75), post_
FEF75, and post_FEV1/FVC (Figs.  5J and S14C). How-
ever, non-significant correlation was found with FVC. 
Additionally, TIMP4 expression demonstrated significant 
negative correlations with CT metrics, including expira-
tory LAA-856, inspiratory LAA-950, and percent residual 
maximum flow at specific airway diameter (PRMfSAD, 
Fig.  5K). In contrast, TIMP4 expression indicated a 
non-significant association with questionnaire scores, 
including the COPD assessment test and clinical COPD 
questionnaire (Supplementary Data 19). These results 
suggest that TIMP4 is elevated across various samples in 
patients with COPD and is significantly associated with 
lung function and CT indicators, suggesting an essential 
role for TIMP4 in COPD progression.

TIMP4-positive ciliated cells exhibit stronger effects from 
WNT and non-canonical WNT signaling pathways in both 
incoming and outgoing signals
Using single-cell sequencing data from human and 
mouse lung tissues, we observed that TIMP4 is highly 
expressed in ciliated cells and indicates some expression 
in fibroblasts and pericytes or SMA cells (Figs. 6A-B). We 
categorized ciliated cells into TIMP4-positive (TIMP4_
Pos) and TIMP4-negative (TIMP4_Neg) subsets and 
analyzed the DEGs between them (Fig.  6C). In human 
ciliated cells, TIMP4_Pos exhibited 1,267 significantly 
upregulated genes and 219 downregulated genes, while 
in mice, they exhibited 513 upregulated and 229 down-
regulated genes (Supplementary Data 20). An enrich-
ment analysis of the upregulated genes in TIMP4_Pos 
ciliated cells revealed significant associations with cil-
ium formation, ciliary structure, and ciliary movement 

(See figure on previous page.)
Fig. 5  MR analysis identified TIMP4 as a potential hub gene influencing the progression of COPD within the signature. (A) Diagram and steps of MR 
analysis process between relative genes and COPD outcome (including COPD, FEV1/FVC < 0.7, FEV1, FVC, and FEV1/FVC). Assumption 1, Independent Vari-
ables (IVs) are associated with exposure; assumption 2, IVs are unaffected by confounders; assumption 3, IVs influence outcome solely through exposure, 
excluding alternative pathways. (B) Forest plot of TSMR analyses between the expression of relative genes in the lung with COPD (COPD diagnosis and 
FEV1/FVC < 0.7) and lung function (FEV1, FVC, and FEV1/FVC) outcomes. Only statistical results are visualized. Effect sizes (Beta, 95% confidence interval 
[CI]) are in standard deviation change in COPD outcome per standard deviation of the expression of relative genes in the lung. Points on the forest plot 
represent effect size estimates, while whiskers denote 95% CIs. (C) The heatmap displays the results of TSMR and SMR for the association of relevant genes 
with COPD (defined as COPD diagnosis and FEV1/FVC < 0.7) and lung function outcomes (FEV1, FVC, and FEV1/FVC). Red indicates positive beta values, 
blue indicates negative beta values, and the white box without value indicates that the gene lacks sufficient SNPs for analysis as an instrumental variable. 
(D-E) TIMP4 expression in patients with different GOLD stages from GSE47460 (D) and GSE76925 datasets (E). (F-G) Comparison of TIMP4 expression 
between control and patients with COPD in the GSE37147 dataset (F) and among patients in the former smokers and current smokers’ groups (G). (H) 
Expression of TIMP4 in former smokers, current smokers, former smokers with COPD, and current smokers with COPD. (I) Secretion levels of TIMP4 in pe-
ripheral blood of patients with COPD compared to the control group. (J) Correlation analysis of TIMP4 secretion levels in peripheral blood with Pre_FEV1 
and Post_FEV1. (K) Correlation analysis of TIMP4 secretion levels in peripheral blood with quantitative CT metrics, including %LAA950, %LAA856, and 
PRMfSAD. Data indicated mean ± SD. P-values revealed in charts determined by two-tailed Student’s t-test (D–I) and Pearson’s correlation two-tailed (J-K). 
*p < 0.05, **p < 0.01, ***p < 0.001 and ****p < 0.0001
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Fig. 6 (See legend on next page.)
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in both datasets (Fig.  6D and Supplementary Data 21). 
The PPI network highlighted cilium-related functions at 
the core (Fig. S15A). Notably, 141 overlapping upregu-
lated genes were identified between humans and mice 
(Figure S15B), suggesting similar functional characteris-
tics despite species differences. Additionally, downregu-
lated genes in TIMP4_Pos ciliated cells were primarily 
enriched in interferon signaling, VEGFA-VEGFR2 signal-
ing, and L13a-mediated translational silencing of cerulo-
plasmin expression (Fig.  6E), with 11 overlapping genes 
found across both datasets (Fig. S15C and Supplemen-
tary Data 22).

Subsequently, we analyzed intercellular communica-
tion between TIMP4_Pos and TIMP4_Neg ciliated cells 
and other cell subpopulations. Our findings revealed that 
in both human and mouse sequencing data, the signal 
intensity of WNT and non-canonical WNT pathways was 
significantly more vigorous in TIMP4_Pos ciliated cells 
than TIMP4_Neg ciliated cells, both in incoming and 
outgoing signaling patterns (Figs. 6F and S16).

Increasing evidence suggests that WNT and non-
canonical WNT pathways play crucial roles in epithelial 
cell functions in patients with COPD [30], including tis-
sue repair and epithelial-mesenchymal transition (EMT) 
[31]. We analyzed the receptor-ligand interactions of 
WNT and non-canonical WNT pathways in TIMP4_Pos 
and TIMP4_Neg ciliated cells. In the human sequencing 
data for the WNT pathway, alveolar fibroblasts, AT2 cells, 
basal or club cells, and B plasma cells revealed a stronger 
effect on TIMP4_Pos ciliated cells. Conversely, TIMP4_
Pos ciliated cells significantly impacted AT1, AT2, basal 
or club cells, VE veins, and ciliated cells (Figs.  6G and 
S17A). For the non-canonical WNT pathway, basal or 
club cells exerted a stronger effect on TIMP4_Pos cili-
ated cells, which also influenced AT1, AT2, basal or club 
cells, VE veins, and ciliated cells (Figs. 6G and S17B and 
Supplementary Data 23). In the mouse sequencing data, 
the WNT pathway indicated that basal cells exhibited a 
significant effect on TIMP4_Pos ciliated cells, while the 
latter exhibited greater effects on fibroblasts, endothelial 
cells, and ciliated cells (Fig. S18A-B). In the non-canon-
ical WNT pathway, TIMP4-positive ciliated cells indi-
cated a stronger effect on endothelial cells (Fis. S17C-D 

and Supplementary Data 24). Moreover, we examined the 
expression differences of WNT and non-canonical WNT 
ligands and receptors in TIMP4_Pos and TIMP4_Neg 
ciliated cells. In human sequencing, WNT7B, WNT9A, 
FZD3, FZD6, LRP6, and WNT5B were observed to be 
highly expressed in TIMP4_Pos cells (Figs. S19A-B). In 
mouse sequencing, WNT4, WNT7b, FZD6, FZD3, LRP6, 
WNT5a, and WNT11 were similarly elevated in TIMP4-
positive cells (Figs. S20A and B). The results indicate that 
TIMP4-positive ciliated cells may exert functional effects 
on ciliated cells through WNT or non-canonical WNT 
pathways.

TIMP4 overexpression in airway epithelial cells leads to a 
reduction in the expression of ciliated genes
Subsequently, we conducted immunohistochemical anal-
ysis and confirmed that TIMP4 expression is elevated in 
the lung tissue of patients with COPD, with its primary 
localization in epithelial cells (Figure S21A). Further-
more, RNA levels of TIMP4 are increased in bronchial 
brushings from patients with COPD (Fig. S21B). We con-
structed a lentivirus carrying a TIMP4 overexpression 
vector further to investigate the role of TIMP4 in epithe-
lial cells. We transduced primary airway epithelial cells 
obtained from bronchial brushings with the TIMP4 vec-
tor, followed by culturing the cells at the ALI in a Tran-
swell system. On day 6 of differentiation, we stimulated 
the cells with CSE and collected them on day 28 (Fig. 7A). 
Multiplex immunofluorescence (IF) confirmed the suc-
cessful establishment of the ALI model (Fig. S21C). Nota-
bly, we observed diminished cilia fluorescence in cells 
with high TIMP4 expression and validated the efficient 
overexpression of TIMP4 in epithelial cells at the ALI 
(Figures S21D-E). Subsequently, we performed transcrip-
tome sequencing on four groups of epithelial cells at ALI: 
CON_PBS, TIMP4_PBS, CON_CSE, and TIMP4_CSE 
(Fig. S22A). The expression of DEGs was evident in both 
PBS and CSE groups (Figures S22B-C). We performed 
GSEA on CON_PBS versus TIMP4_PBS and CON_CSE 
versus TIMP4_CSE groups. The TIMP4_PBS group is 
significantly associated with the FN matrix formation and 
interleukin (IL)-18 signaling pathways (Figure S22D). In 
the TIMP4_CSE group, significant positive correlations 

(See figure on previous page.)
Fig. 6  TIMP4-positive ciliated cells exhibit stronger effects from WNT and non-canonical WNT signaling pathways in both incoming and outgoing signals. 
(A-B) UMAP plot indicates the expression distribution of TIMP4 across cell subpopulations in human lung tissue (A) and lung tissue from a COPD mouse 
model (B), sourced from GSE173896 and GSE168299, respectively. (C) Volcano plot representation of DEGs between TIMP4-positive and TIMP4-negative 
ciliated cells in humans (left) and mice (right). Each point represents a gene, with log2 fold change on the x-axis and -log10 (adjusted p-value) on the y-axis. 
Red and blue points indicate significantly upregulated and downregulated genes, respectively (p < 0.05 and|log2 fold change| > 0.2). Horizontal dashed 
lines represent the significance threshold, and vertical dashed lines indicate fold change cutoffs. (D-E) Combined enrichment analysis of upregulated 
DEGs (A) or downregulated (B) in TIMP4-positive versus TIMP4-negative ciliated cells in patients with COPD and COPD mouse models using Metascape. 
(F) Intercellular interactions among various cell types within TIMP4-positive and TIMP4-negative ciliated cells in patients with COPD from the GSE173896 
dataset. Red text denotes TIMP4-positive and TIMP4-negative ciliated cells, while blue boxes indicate WNT and ncWNT pathways. (G) Comparison of WNT 
signaling pathway or ncWNT signaling pathway network interactions between TIMP4-positive and TIMP4-negative ciliated cells and other cell subpopula-
tions in GSE173896
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Fig. 7 (See legend on next page.)
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were observed with the IL-36 signaling, FN matrix for-
mation, and LTR4/CysLTR-mediated IL-4 production 
pathways (Figure S22E). Notably, the latter has been 
reported to be closely associated with airway inflamma-
tion, particularly in asthma [32].

Subsequently, we conducted WGCNA and catego-
rized all genes into 13 modules (Figs. S22F-G). Correla-
tion analysis based on group characteristics revealed that 
the orangered4 module was positively correlated with the 
TIMP4_CSE group, while the darkmagenta and medium-
purple3 modules indicated significant negative correla-
tions with this group (Fig. 7B). We performed enrichment 
analysis on the genes from these three modules. The 
darkmagenta module, containing the highest number 
of genes (Supplementary Data 25), was predominantly 
enriched in cilia-related processes, including cilium orga-
nization, ciliopathies, cilium assembly, and epithelial 
cilium movement (Fig. 7C). The mediumpurple3 module 
was associated with positive regulation of endothelial cell 
migration and transport along microtubules (Fig.  7D), 
while the orangered4 module was linked to hemostasis 
(Fig. 7E). By utilizing the 235 genes identified by Anirudh 
Patir et al. as closely linked to ciliary function, we found 
that 160 of these genes intersected with the darkmagenta 
module (Figure S22H and Supplementary Data 26). Nota-
bly, these genes were significantly downregulated upon 
CSE stimulation, with a more pronounced downregula-
tion observed in the TIMP4_CSE group compared to the 
CON_CSE group (Fig. 7F).

Besides, we analyzed the genes from the three identi-
fied modules concerning DEG sets of ciliated cells from 
single-cell RNA sequencing of human lung tissues. This 
analysis revealed 169 overlapping downregulated genes 
and 67 overlapping upregulated genes (Fig. S23A). 
Enrichment analysis indicated that the downregulated 
genes were primarily associated with ciliary function. In 
contrast, the upregulated genes were enriched in pro-
cesses related to negative regulation of cell proliferation, 
response to bacteria, and response to reactive oxygen spe-
cies (Fig. S23B). We identified eight distinct clusters using 
the Mfuzz package for clustering based on gene expres-
sion changes (Fig. S23C and Supplementary Data 27). 
Among the genes in the three WGCNA modules, clus-
ter 2 contained the most overlapping genes, comprising 
58.08% of the WGCNA gene set (Fig. S23D), and was sig-
nificantly enriched in ciliary functions (Fig. S23E).

These findings suggest that gene expression changes 
induced by TIMP4 overexpression in airway epithe-
lial cells cultured at ALI are primarily enriched in cil-
iary-related pathways, highlighting a solid connection 
between TIMP4 expression and ciliary structure and 
function.

Overexpression of TIMP4 reduces cilia in airway epithelial 
cells cultured at ALI
We conducted an IF analysis on primary epithelial cells 
cultured at ALI based on these results. The fluorescence 
intensity of the ciliary markers α-tubulin and muc5ac in 
TIMP4 and NC groups of the PBS cohort indicated non-
significant changes. However, the TIMP4_CSE group 
exhibited a notable reduction in α-tubulin compared to 
the CON_CSE group, while the increase in muc5ac fluo-
rescence was statistically non-significant (Fig. 8A). These 
findings suggest a solid connection between TIMP4 
and ciliary structure and function. Based on sequenc-
ing data and previous studies, we identified critical 
genes associated with ciliary function, including RFX3, 
TTLL6, HYDIN, SPAG16, SPAG17, DNAAF1, DNAH11, 
CFAP44, and CFAP65. In sequencing data from airway 
brush samples, TIMP4 expression was negatively cor-
related with the genes above, indicating statistically sig-
nificant correlations with TTLL6, HYDIN, DNAAF1, 
DNAH11, CFAP44, and SPAG17 (Fig. S24A). Further cor-
relation analyses in COPD and control groups revealed 
that TIMP4 was significantly negatively correlated with 
SPAG17, HYDIN, and DNAH11 (Fig. S24B). Further-
more, we validated the expression of these ciliary genes 
in cells cultured at ALI. The findings indicated that CSE 
stimulation significantly decreased the expression of 
most ciliary genes. Notably, RNA levels of RFX3, TTLL6, 
DNAAF1, HYDIN, and SPAG17 were markedly reduced 
in the TIMP4_CSE group compared to the CON_CSE 
group (Fig.  8B), while expression levels of SPAG17, 
DNAH11, CFAP65, and CFAP44 did not differ signifi-
cantly between the two groups (Fig. S25A).

As a TIMP family member, TIMP4 primarily interacts 
with MMPs to exert its effects. We explored the correla-
tion between TIMP4 and MMPs in patients with COPD 
and found significant positive correlations with MMP1, 
MMP3, MMP8, MMP9, and MMP10 in the GSE47460 
dataset (Fig. S25B). In ALI sequencing results, MMP9 
and MMP10 levels were notably elevated in the TIMP4_
CSE group compared to the CON_CSE group (Fig. 

(See figure on previous page.)
Fig. 7  TIMP4 overexpression in airway epithelial cells leads to a reduction in the expression of ciliated genes. (A) Flowchart illustrating the sampling of 
primary human epithelial cells, lentiviral infection, establishment of the ALI, and CSE stimulation. (B) The module-feature correlation heatmap depicts 
the correlation between modules and groups (CON_PBS, CON_CSE, TIMP4_PBS, and TIMP4_CSE) in RNA-seq of airway epithelial cells cultured at ALI. The 
number in the top left corner of each box represents the correlation coefficient, with red indicating a positive correlation and green indicating a negative 
correlation. The number in the bottom right corner indicates the statistical significance, with darker colors representing greater statistical significance. 
(C and E) Enrichment analyses using Metascape for genes in the WGCNA modules darkmagenta, mediumpurple3, and orangered4, respectively. (F) The 
heatmap displays the expression of 160 intersecting ciliated genes in the sequencing results of airway epithelial cells cultured at ALI
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S25C). Furthermore, the correlation between TIMP4 and 
MMP9 as well as MMP10 was more pronounced in the 
COPD group within the lung tissue sequencing data (Fig. 
S25D). Prior research indicated that MMP9 and MMP10 
are upregulated in patients with COPD and are often 
associated with epithelial cell EMT and the WNT/β-
catenin pathway. In ALI cells, the levels of MMP9 and 

FN1, a marker of epithelial cell EMT, were significantly 
higher in the TIMP4_CSE group than in the CON_CSE 
group (Fig. 8C). Furthermore, β-catenin and phosphory-
lated β-catenin expression levels were elevated in the 
TIMP4_CSE group (Fig.  8D). These results suggest that 
the elevated expression of TIMP4 under CSE stimulation 

Fig. 8  TIMP4 overexpression reduces cilia in airway epithelial cells cultured at ALI and decreases ciliary gene expression. (A) Multiplex IF staining of 
human airway epithelial cells cultured at ALI. Green: α-tubulin; red: Muc5ac. Blue: DAPI (n = 5). (B) qRT-PCR analysis of RNA levels of TTLL6, DNAFF1, RFX3, 
and HYDIN in primary human cells cultured at ALI across four groups (n = 5). (C) WB analysis was conducted to assess the protein expression levels of FN1 
and MMP9 across the four groups (n = 4). (D) WB analysis was conducted to assess the protein expression levels of β-catenin and non-p-β-catenin across 
the four groups (n = 4). Data are expressed as mean ± SD. P-values indicated in charts are determined by one-way analysis of variance (A–D). *p < 0.05, 
**p < 0.01 and ***p < 0.001
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may impair ciliated cell function, potentially by regulat-
ing MMP9 and the β-catenin pathway.

Discussion
COPD is a heterogeneous lung disease characterized 
by chronic respiratory symptoms and persistent air-
flow obstruction [33]. However, classifying the diverse 
population of patients with COPD into distinct subtypes 
poses significant challenges [34]. COPD subtypes can 
be categorized based on various phenotypes, includ-
ing those related to disease progression (rapid decline 
in lung function), exacerbation patterns (frequent acute 
exacerbators), and comorbidity-related phenotypes 
(COPD-asthma overlap and COPD-bronchiectasis over-
lap) [35]. Recently, there has been growing focus on the 
type 2 inflammation phenotype of COPD, characterized 
by eosinophilia, which underscores the need for a more 
nuanced understanding of this disease [36].

The substantial phenotypic divergence among COPD 
patients—even those meeting standardized diagnostic 
criteria—underscores the limitations of relying solely 
on clinical symptoms and spirometry for disease strati-
fication [37]. This variability presents substantial chal-
lenges that complicate early intervention and treatment. 
Advancing in sequencing technologies and genomics 
drive research into the genetic factors underlying COPD, 
aiming to elucidate its pathogenesis [38] and enable clas-
sifying patients with COPD into subtypes for more pre-
cise and targeted therapeutic approaches [39].

Global sequencing initiatives in COPD lung tissue have 
yielded numerous putative pathogenic candidates, yet 
marked interstudy discordance persists among reported 
genes [40]. This variability stems from technical con-
founders (specimen procurement protocols, biopsy local-
ization, platform variability) compounded by patient 
subphenotypic diversity [40]. Emerging meta-analytic 
strategies—including cross-cohort DEG intersection [41] 
and rank-rank abundance normalization [7] — enhance 
reproducibility by prioritizing genes with conserved dif-
ferential expression. However, such approaches risk 
excluding functionally pivotal genes exhibiting non-lin-
ear expression dynamics or failing to meet arbitrary fold-
change thresholds [42].

Contemporary clinical research increasingly deploys 
ML-driven frameworks to identify prognostic biomarkers 
and construct predictive models. Hendrik Pott’s COSY-
CONET model demonstrated IL-6 and CRP threshold-
spredict 3-year COPD exacerbation risk [43]. Genomic 
integration strategies now synergize clinical parameters 
with computational analytics: Justin Sui’s single-cell reso-
lution analysis identified gelsolin as a key COPD media-
tor through neural network-driven feature selection 
[44], while Erkang Yi’s multimodal integration revealed 

CLEC5A’s role in early-stage COPD via gradient boosting 
classifiers [9].

Our multi-cohort machine learning framework inte-
grating clinical and transcriptomic data from distinct 
COPD populations revealed striking molecular heteroge-
neity, evidenced by the complete lack of overlapping can-
didate genes between cohorts through LASSO regression 
analysis. To address this biological variability, we imple-
mented a cross-cohort validation strategy combining fea-
ture selection models, ultimately identifying a 13-gene 
diagnostic signature containing both partially character-
ized (FGG, TIMP4, CXCL12, HTR2B) and novel COPD-
associated targets (ANGPTL1, DUSP26, GAS2, VEGFD, 
BHLHE22, SYNGR1, GEMIN5, SV2B, TMEM117). Our 
results validate and extend key COPD-related find-
ings: The elevated FGG expression corroborates Zhang 
et al.‘s clinical observation [45], while our multi-omics 
feature selection reinforces Hao et al.‘s reported asso-
ciation between TIMP4 levels and FEV1% decline/acute 
exacerbations [46]. CXCL12’s inclusion suggests broader 
mechanistic implications beyond Roos et al.‘s estab-
lished IL-17 A-mediated neutrophilic inflammation [47], 
potentially involving alternative pathological dimen-
sions. HTR2B’s independent selection not only supports 
Li et al.‘s comorbidity hypothesis [48] but also reveals its 
potential role in non-neoplastic COPD progression. Cur-
rently, there have been no reported studies linking ANG-
PTL1, DUSP26, GAS2, VEGFD, BHLHE22, SYNGR1, 
GEMIN5, SV2B, and TMEM117 to COPD.

The gene-derived models demonstrated significant cor-
relations with pulmonary function decline and emphy-
sema progression. Multi-tissue expression profiling 
revealed diagnostic score distribution across both struc-
tural (alveolar epithelial) and immune (macrophage/
T-cell) compartments, substantiating COPD’s 
multi-factorial pathomechanistic networks. While 
ensemble models showed strong COPD specificity (ran-
dom forest: 82.3%; extra trees: 79.1%), reduced discrimi-
nation in non-COPD cohorts (specificity: 68.9%) suggests 
prevalent pre-symptomatic molecular signatures preced-
ing functional impairment. These findings necessitate 
longitudinal validation to establish diagnostic thresholds 
for early-stage COPD/PRISM identification. MR capital-
izes on genetic variants’ random segregation during mei-
osis to mitigate confounding biases in causal inference 
[49]. Our application of multivariable MR (SMR/TSMR) 
revealed TIMP4—a ciliated cell-enriched protease—as a 
COPD-predisposing gene with dose-dependent effects 
on lung function decline. Despite limited instrument 
variable availability across tissues, rigorous colocalization 
analyses confirmed lung-specific causal effects distinct 
from blood-mediated pathways.

Respiratory cilia, essential for maintaining airway ste-
rility through coordinated mucociliary clearance, exhibit 
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pathologically reduced beat frequency [50] and dys-
synchrony in COPD, creating a vicious cycle of retained 
pathogens, chronic inflammation, and progressive tis-
sue remodeling [35]. In addition, Transforming growth 
factor-beta and MMPs are crucial in COPD pathogenesis 
[51], numerous studies report persistent activation of 
the WNT/β-catenin pathway in the airway epithelium of 
patients with COPD, promoting EMT of the airway epi-
thelium. TIMP4, a member of the TIMP family, plays an 
essential role in regulating the homeostasis of the ECM 
[35] but also modulates processes such as fibrosis [35] 
and inflammation [36]. While TIMPs have been exten-
sively studied in cancer and vascular diseases, research 
on TIMP-4 is limited [52]. Jenny Lutshumba et al. dem-
onstrated that TIMP4 transcriptional activation can con-
tribute to the development of abdominal aortic aneurysm 
[53]. Research on TIMP4 in pulmonary diseases, partic-
ularly COPD, is scarce. However, studies have indicated 
that TIMP-4 levels in exhaled breath condensate are ele-
vated in patients with COPD compared to healthy con-
trols and negatively correlated with FEV1%pred [54].

Although we have identified TIMP4 as a potential 
pathogenic gene in COPD progression, our study did 
not explore its specific functional mechanisms, par-
ticularly in vivo. The observed elevation of MMPs in 
COPD patients may trigger compensatory increases in 
TIMPs to counteract protease hyperactivity [55, 56], as 
evidenced by the strong positive correlation between 
TIMP4 and MMPs levels in our analyses. We hypoth-
esize that TIMP4 may play a role in ciliated cells based 
on MR and cohort sample results, as well as single-cell 
sequencing analysis. To investigate this, we used human 
primary epithelial cells cultured at an ALI and exposed 
to prolonged CSE to simulate authentic airway epithe-
lial conditions. Under CSE stimulation, overexpression 
of TIMP4 significantly reduced the expression of cilia-
related genes, a phenomenon not observed in the PBS 
control group. This suggests that TIMP4 may exert its 
effects only in response to external stimuli. We propose 
that TIMP4, through its impairment of ciliary function, 
exacerbates COPD progression - a maladaptive compen-
satory response to MMP dysregulation that paradoxically 
accelerates airway remodeling [56]. Our findings suggest 
TIMP4 contributes to COPD pathogenesis by disrupting 
MMP/anti-protease balance, leading to abnormal col-
lagen deposition, and may exacerbate airflow limitation 
through ECM-mediated impairment of airway smooth 
muscle elasticity and mucociliary clearance. These 
hypothesized mechanisms require experimental valida-
tion, underscoring the need for future studies using cili-
ated cell-specific TIMP4 knockout models to establish its 
precise role in disease progression.

In summary, we developed a model constructed using 
various machine learning methods to specifically identify 

COPD in multi-center patient cohorts. We identified 
TIMP4 as a potential pathogenic gene by integrating 
single-cell analysis of human lung tissues and lung tissues 
from COPD mouse models and MR analysis of GWAS 
data related to COPD and lung function. Additionally, 
we preliminarily confirmed its impact on ciliated cells in 
human primary epithelial cells cultured at ALI. Future 
research should investigate the specific role of TIMP4 in 
ciliated cells during COPD progression and uncover its 
underlying mechanisms. Further efforts should be made 
to evaluate TIMP4’s potential as a biomarker and early 
therapeutic target for COPD.
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