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Abstract
Background  Chronic Obstructive Pulmonary Disease (COPD) is a leading cause of global mortality, with acute 
exacerbations of COPD (AECOPD) significantly increasing the disease’s morbidity and mortality. Among the 
pathogens implicated in AECOPD, Pseudomonas aeruginosa (P. aeruginosa) is increasingly recognized as a major 
co-infecting bacterium. Despite its clinical importance, the molecular mechanisms and therapeutic targets underlying 
AECOPD with P. aeruginosa infection remain inadequately understood.

Methods  We employed a multi-omics approach, integrating proteomic analyses of bronchoalveolar lavage 
fluid (BALF) and plasma with transcriptomic analysis of peripheral blood. A discovery cohort of 40 AECOPD with 
P. aeruginosa infection patients and 20 healthy controls was analyzed, followed by validation in an independent 
cohort of 20 patients and 10 controls. Differentially expressed proteins (DEPs) and genes (DEGs) were identified 
and subjected to protein-protein interaction (PPI) network analysis, weighted gene co-expression network analysis 
(WGCNA), and immune infiltration analysis. Molecular docking simulations were conducted to explore potential 
therapeutic agents.

Results  Our integrative analysis identified key biomarkers, which played critical roles in oxidative stress and 
neutrophil extracellular trap (NET) formation, both of which were pivotal in the pathogenesis of AECOPD with 
P. aeruginosa infection. The combined analysis of BALF, plasma, and peripheral blood underscored the interplay 
between local lung changes and systemic immune responses. Functional enrichment analyses highlighted significant 
pathways related to bacterial defense, inflammation, and immune activation. Validation in an independent cohort 
confirmed the diagnostic value of three key proteins (AZU1, MPO, and RETN), with high area under the curve (AUC) 
values in ROC analyses. Molecular docking indicated strong binding affinities of these proteins with Pioglitazone and 
Rosiglitazone, suggesting potential therapeutic utility.
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Introduction
Chronic Obstructive Pulmonary Disease (COPD) is a 
prevalent respiratory condition projected to become the 
fourth leading cause of death globally by 2060, account-
ing for an estimated 5.4  million deaths annually [1]. 
COPD imposes a significant burden on healthcare sys-
tems and is associated with high rates of early mortality 
[2]. Patients who experience frequent exacerbations suf-
fer from reduced quality of life, accelerated decline in 
lung function, as measured by forced expiratory volume 
in one second (FEV1), and increased mortality [3]. A his-
tory of previous exacerbations remains the strongest pre-
dictor of future episodes [4].

Acute exacerbations of COPD (AECOPD) are often 
complicated by respiratory infections, which can inten-
sify inflammation and contribute to progressive airway 
damage [5]. A systematic review indicated that bacterial 
infections are present in approximately 50% of exacer-
bation cases [6]. However, current preventive strategies 
outlined in the GOLD guidelines are limited to one anti-
biotic, azithromycin, and two vaccines, leaving a sig-
nificant gap in effective prophylactic therapies [1]. The 
complex interplay of factors that trigger exacerbations 
suggests that more comprehensive management strate-
gies are needed [2].

Among the pathogens implicated in AECOPD, Pseu-
domonas aeruginosa (P. aeruginosa) is increasingly rec-
ognized as a major co-infecting bacterium [7]. Infections 
with P. aeruginosa are associated with increased morbid-
ity and mortality, primarily due to extensive lung tissue 
damage, cell death, and a robust immune response [8]. 
Observational studies have shown that patients with 
declining lung function exhibit reduced lung microbiome 
diversity, with P. aeruginosa predominating in this group 
[9]. Despite extensive research, the pathogenic mecha-
nisms underlying AECOPD with P. aeruginosa infec-
tion, particularly the complex interactions within the 
immune system, remain poorly understood. Additionally, 
the connection between local pulmonary pathogenesis 
and systemic immune responses, as reflected in periph-
eral blood pathways, has yet to be fully elucidated [9, 10]. 

Addressing these gaps is essential for developing more 
effective therapeutic strategies.

Neutrophils play a central role in the body’s initial 
defense against bacterial infections [11], and airway neu-
trophilia is a characteristic feature of respiratory dis-
eases, including COPD [12]. Neutrophil extracellular 
traps (NETs), composed of DNA, histones, and granule 
proteins, are crucial in trapping and neutralizing patho-
gens [13]. However, while NETs effectively immobilize 
pathogens, they can also exacerbate tissue damage and 
inflammation, complicating the pathology of bacterial 
pneumonias [14]. In the context of P. aeruginosa infec-
tions, NETs have been shown to contribute to the persis-
tence and severity of the infection by inducing excessive 
inflammatory responses and promoting oxidative stress. 
Oxidative stress, resulting from an imbalance between 
reactive oxygen species (ROS) production and anti-
oxidant defenses, further contributes to cellular dam-
age and is pivotal in NET formation [15]. In AECOPD 
with P. aeruginosa infection, NETs and ROS are likely to 
play similarly significant roles, potentially causing harm 
rather than offering protection. However, this has yet to 
be investigated.

In this study, we aimed to elucidate the molecular 
mechanisms underlying AECOPD with Pseudomonas 
aeruginosa infection and to identify relevant biomark-
ers using a comprehensive multi-omics approach. We 
established a discovery cohort of 40 AECOPD with P. 
aeruginosa infection patients, along with 20 healthy con-
trols, and a validation cohort comprising 20 patients and 
10 controls. Using advanced proteomic analysis of bron-
choalveolar lavage fluid (BALF) and plasma, alongside 
transcriptomic analysis of peripheral blood, we explored 
both local and systemic responses to AECOPD with P. 
aeruginosa infections. Our integrative analysis, includ-
ing protein-protein interaction (PPI) networks, weighted 
gene co-expression network analysis (WGCNA), and 
immune infiltration analysis, identified critical pathways 
and molecular interactions involved in AECOPD with 
P. aeruginosa infection [16]. Based on these key targets, 
we employed the DSigDB database to predict potential 
therapeutic agents and performed molecular docking 
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ability to establish causality, these results provide important insights that warrant further investigation, particularly 
through longitudinal studies, to confirm the specific contributions of P. aeruginosa in exacerbations.
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to validate the binding efficiency of these drugs to key 
proteins [17]. This multi-omics approach offers a com-
prehensive view of the molecular mechanisms underly-
ing AECOPD with P. aeruginosa infection and highlights 
potential targets for therapeutic intervention.

Methods
Study design and participant selection
This study was conducted with ethical approval from 
the Ethics Committee of The First Affiliated Hospital of 
Guangzhou Medical University (approval codes: 2022 
No.121 and 2024 No. G-007). Written informed consent 
was obtained from all participants prior to enrollment.

Patients with AECOPD with P. aeruginosa infection 
were selected based on the 2024 Global Initiative for 
Chronic Obstructive Lung Disease (GOLD) definition 
of AECOPD, characterized by exacerbations with wors-
ening respiratory symptoms, such as dyspnea, cough, or 
sputum production, within a 14-day period, with P. aeru-
ginosa confirmed by bacterial culture. Patients experienc-
ing mild to moderate exacerbations who were clinically 
stable enough to undergo bronchoscopy were included 
in the study. The exclusion criteria were as follows: (1) 
known respiratory disorders other than COPD; (2) his-
tory of lung surgery or tuberculosis; (3) cancer diagnosis; 
(4) recent blood transfusion (within four weeks of enroll-
ment); (5) autoimmune diseases; (6) participation in a 
blinded drug trial; (7) antibiotic use within the past eight 

weeks; (8) endocrine disorders such as diabetes and con-
nective tissue diseases; (9) other systemic inflammatory 
diseases; and (10) severe cardiovascular, cerebrovascular, 
hepatic, renal, or psychiatric disorders, or a history of 
pulmonary surgery. Healthy controls were recruited from 
a health examination center and screened to ensure the 
absence of chronic respiratory or other listed conditions.

Based on these criteria, 40 AECOPD with P. aeruginosa 
infection patients and 20 healthy controls were recruited 
as the discovery cohort between January 2023 and March 
2024 from The First Affiliated Hospital of Guangzhou 
Medical University. Additionally, 20 AECOPD with P. 
aeruginosa infection patients and 10 healthy controls 
were recruited as the validation cohort. Comparative 
analyses between cohorts included assessments of demo-
graphic data, lung function (FEV1, FVC, FEV1/FVC), 
and inflammatory markers (WBC, NEU, LYM, MONO, 
EOS). All participants underwent bronchoscopy to 
obtain BALF samples for proteomic analysis, along with 
plasma proteomics and peripheral blood transcriptomics 
(Fig. 1). For details, see Supplementary Methods 1–3.

Liquid Chromatography-Mass spectrometry (LC-MS) 
analysis
For LC-MS analysis, 5 µL of each sample was first dena-
tured using 8 M urea in 100 mM ammonium bicarbonate, 
bringing the final volume to 50 µL. Proteins were reduced 
with 10 mM dithiothreitol (DTT) at 37 °C for 30 min and 

Fig. 1  Multi-Omics Analysis for AECOPD with P. aeruginosa infection. This study utilizes a two-stage design comprising an initial discovery cohort, which 
is subsequently validated in a separate cohort. We conducted proteomic analyses of bronchoalveolar lavage fluid and plasma samples, alongside tran-
scriptomic profiling of peripheral blood samples. These analyses were followed by comprehensive bioinformatics investigations aimed at elucidating 
the underlying mechanisms and identifying biomarkers associated with -induced acute exacerbations of chronic obstructive pulmonary disease with 
Pseudomonas aeruginosa infection
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subsequently alkylated with 50 mM iodoacetamide (IAA) 
in the dark at room temperature. The solution was then 
diluted with 50 mM ammonium bicarbonate, and tryp-
sin (Promega, Madison, WI, USA) was added at a 1:30 
enzyme-to-substrate ratio for overnight digestion at 
37 °C. Following digestion, peptides were desalted using 
a C18 StageTip and quantified using a NanoDrop One 
spectrophotometer (Thermo Fisher Scientific, Waltham, 
MA, USA) at 280 nm.

The peptides were loaded onto a C18 reversed-phase 
column (15 cm length, 75 μm inner diameter, 2 μm par-
ticle size; Dr. Maisch GmbH, Ammerbuch, Germany) and 
eluted over 60 min with a gradient from 2 to 90% acetoni-
trile (ACN) in 0.1% formic acid (FA) at a flow rate of 300 
nL/min. This gradient was optimized to ensure maximal 
peptide separation and identification.

Mass spectrometry acquisition was carried out on a 
timsTOF Pro2 (Bruker, Billerica, MA, USA) in Parallel 
Accumulation–Serial Fragmentation (PASEF) mode, uti-
lizing the data-independent acquisition (DIA) diaPASEF 
method. The diaPASEF covered a mass-to-charge ratio 
(m/z) range of 400–1200 and an ion mobility range of 0.7 
to 1.43 V·s/cm², employing a 32 × 25 Th window scheme 
with a ramp time of 100 ms. Data were processed using 
Spectronaut 18 (Biognosys AG, Schlieren, Switzerland) 
with a search conducted against the UniProtKB human 
protein database. The search parameters included trypsin 
as the enzyme, up to two missed cleavages, and mass tol-
erances set for precursor and fragment ions. Carbamido-
methylation of cysteines was set as a fixed modification, 
while methionine oxidation and N-terminal acetylation 
were variable modifications. The interference correction 
for MS/MS scan was enabled. The database search results 
were filtered and exported with < 1% false discovery rate 
(FDR) at peptide-spectrum-matched level, and protein 
level, respectively [18]. After processing, a total of 592 
valid proteins were identified, which were then subjected 
to further analysis. Normalization was achieved by equal-
izing medians at the peak group level [19]. For details, see 
Supplementary Methods 1.

RNA extraction, library preparation, and transcriptomic 
data processing
Total RNA was extracted using the TRIzol™ Reagent 
(Invitrogen, Carlsbad, CA, USA), and RNA purity was 
assessed with a NanoDrop spectrophotometer (Thermo 
Fisher Scientific, Waltham, MA, USA). RNA concentra-
tion was determined using the Qubit RNA BR (Broad-
Range) Assay Kit (Thermo Fisher Scientific, Waltham, 
MA, USA), and RNA integrity was evaluated using RNA 
ScreenTape with the Agilent 4200 TapeStation (Agi-
lent Technologies, Santa Clara, CA, USA). Depending 
on the total RNA yield, 0.1–1  µg of RNA was used for 
mRNA isolation, performed with the NEBNext® Poly(A) 

mRNA Magnetic Isolation Module (New England Bio-
labs, Ipswich, MA, USA). The mRNA libraries were then 
prepared using the NEBNext® Ultra™ II mRNA Library 
Prep Kit for Illumina® (New England Biolabs, Ipswich, 
MA, USA). After library preparation, the concentration 
of the libraries was measured using the Qubit™ dsDNA 
HS Assay Kit (Thermo Fisher Scientific, Waltham, MA, 
USA), and fragment size distribution was analyzed with 
the Agilent 4200 TapeStation and D1000 ScreenTape 
(Agilent Technologies, Santa Clara, CA, USA). Library 
molar concentration was determined using the KAPA 
Library Quant Kit for Illumina® Platforms (Roche, 
Basel, Switzerland). The libraries were sequenced on an 
Illumina NovaSeq 6000 system using the NovaSeq S4 
reagent kit to generate paired-end reads.

Raw reads in FASTQ format were processed using fastp 
for quality control, including adapter trimming and fil-
tering of low-quality reads. Reads were then aligned to 
the reference genome using HISAT2 v2.1.0 with default 
parameters. Gene quantification was performed using 
FeatureCounts, and TPM (Transcripts Per Million) val-
ues were calculated to normalize gene expression levels. 
A total of 20,504 valid RNAs were identified for further 
transcriptomic analysis. For quality control, see Supple-
mentary Methods 5.

Construction of weighted gene co-expression and immune 
infiltration analysis
To elucidate genetic interactions and identify potential 
biomarkers or therapeutic targets for AECOPD with P. 
aeruginosa infection, we applied the Weighted correla-
tion network analysis (WGCNA) framework using the 
“WGCNA” package in R software (version 4.3.2) [20]. Ini-
tial data preprocessing was performed to remove outliers, 
followed by the construction of a correlation matrix. An 
optimal soft-threshold power was then applied to convert 
this correlation matrix into an adjacency matrix, which 
was subsequently transformed into a topological overlap 
matrix (TOM). Gene modules were identified using aver-
age linkage hierarchical clustering based on TOM-based 
dissimilarity, and modules significantly associated with P. 
aeruginosa infection were selected for further analysis.

For immune cell infiltration analysis, the CIBERSORTx 
platform (​h​t​t​p​​s​:​/​​/​c​i​b​​e​r​​s​o​r​​t​x​.​​s​t​a​n​​f​o​​r​d​.​e​d​u​/) was utilized. 
Its deconvolution algorithm quantified the abundance 
and proportions of 22 immune cell types from transcrip-
tomic signatures in BALF and peripheral blood samples. 
This analysis included samples from both healthy individ-
uals and patients with AECOPD with P. aeruginosa infec-
tion in the discovery cohort [21].

Proteomics statistical analysis
The proteomics data were statistically analyzed using 
Perseus software (version 1.6.15.0) [22] and R software 

https://cibersortx.stanford.edu/
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(version 4.3.2). This comprehensive analysis included 
hierarchical clustering at both the protein and peptide 
levels, with sequence annotation performed using data-
bases such as UniProtKB/Swiss-Prot, Kyoto Encyclope-
dia of Genes and Genomes (KEGG), and Gene Ontology 
(GO). Enrichment analyses for GO terms and KEGG 
pathways were performed using Fisher’s exact test, with 
multiple comparison controlled by false discovery rate 
(FDR) correction. GO terms were categorized into bio-
logical processes (BP), molecular functions (MF), and 
cellular components (CC), with pathways considered 
statistically significant at an adjusted p-value threshold 
of < 0.05. Additionally, PPI networks were constructed 
using the STRING database and visualized using Cyto-
scape software to elucidate the interactions among dif-
ferentially expressed proteins (DEPs). The integration 
of our analyses was depicted through a Venn diagram, 
highlighting the convergence of hub genes identified via 
WGCNA and immune infiltration analysis, thereby pri-
oritizing pivotal hub proteins for further investigation. 
For details, see Supplementary Methods 6.

Transcriptomics statistical analysis
Differential expression analysis between two groups was 
performed using the DESeq2 R package (version 1.18.1). 
DESeq2 employs statistical routines based on a nega-
tive binomial distribution model to determine differen-
tial expression in digital gene expression data. Resulting 
p-values were adjusted for multiple testing using the 
Benjamini-Hochberg method to control the false dis-
covery rate. Transcriptomic analyses of GO and KEGG 
pathways, as well as immune infiltration, were conducted 
in parallel with proteomic analyses. Integration of pro-
teomic and transcriptomic data was achieved using Venn 
diagrams to highlight the identification of BALF proteins 
and peripheral blood genes, thereby elucidating both 
local and systemic mechanisms of disease. For details, see 
Supplementary Methods 6.

Prediction of potential therapeutic agents and molecular 
Docking
To predict potential therapeutic agents for AECOPD 
with P. aeruginosa infection, the DSigDB database (​h​t​t​
p​​:​/​/​​t​a​n​l​​a​b​​.​u​c​​d​e​n​​v​e​r​.​​e​d​​u​/​D​S​i​g​D​B) was used to identify 
protein-drug interactions. Selection criteria included an 
FDR < 0.05 and a composite score > 5000. Three-dimen-
sional (3D) structures of the compounds were obtained 
from the PubChem database in SDF format and con-
verted to PDB format using Open Babel 2.3.2. Protein 
structures in PDB format were sourced from the Protein 
Data Bank (PDB). Water molecules and unrelated small 
molecule ligands were removed from these structures 
using PyMOL 2.5.1. The protein and ligand files were 
then converted to PDBQT format using AutoDockTools 

1.5.6. Molecular docking simulations were performed 
using AutoDock Vina 1.1.2 within the Discovery Stu-
dio (version 2016) environment. Binding energies below 
− 6  kcal/mol were considered indicative of strong affin-
ity, signifying energetically favorable ligand-receptor 
interactions.

Statistical analysis
Statistical analysis of clinical data
Clinical data were analyzed using SPSS software (ver-
sion 26.0). Continuous variables were analyzed with 
the Student’s t-test, while categorical variables were 
assessed using Fisher’s exact test. Results were presented 
as mean ± standard deviation (SD), with a p-value < 0.05 
considered statistically significant. Correlation analy-
ses were performed using R software (version 4.3.2) 
to explore associations between clinical parameters in 
detail.

Receiver operating characteristic (ROC) curve validation
The diagnostic efficacy of identified hub genes was evalu-
ated using ROC curve analysis with the “pROC” package 
in R software (version 4.3.2). This analysis calculated the 
area under the curve (AUC) and provided a 95% confi-
dence interval (CI). Biomarkers with an AUC exceeding 
0.7 was deemed diagnostically relevant, demonstrating a 
strong capability to discriminate between disease states 
[23].

Visualization and target identification methods
The “EnhancedVolcano” package was used for volcano 
plots, displaying the significance and magnitude of pro-
tein expression changes. “clusterProfiler” facilitated GO/
KEGG enrichment analysis, while “pheatmap” generated 
heatmaps of protein expression patterns. “WGCNA” 
was applied to visualize co-expression networks, and 
“VennDiagram” showed overlaps between datasets. We 
used “circlize” for chord diagrams to illustrate relation-
ships between gene sets and pathways, and ggplot2 for 
box plots and lollipop plots to compare protein expres-
sion levels and highlight key biomarkers. “corrplot” was 
used to create correlation heatmaps. Additionally, Cyto-
scape was used for target identification, with MCC pri-
oritizing central proteins in the network and MCODE 
identifying densely connected protein complexes. For 
details, see Supplementary Methods 6.

Results
Clinical biomarker analysis in AECOPD with P. aeruginosa 
infection
The basic clinical characteristics and inflammatory mark-
ers of the discovery cohort (Table  1), which includes 
40 AECOPD with P. aeruginosa infection patients and 
20 healthy controls, are summarized. The COPD P.A. 

http://tanlab.ucdenver.edu/DSigDB
http://tanlab.ucdenver.edu/DSigDB
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group had a mean age of 66.16 ± 7.59 years, compared 
to 63.10 ± 10.26 years in the control group (P = 0.195). 
The COPD P.A. group exhibited significantly reduced 
lung function with FEV1 values of 1.34 ± 0.56  L versus 
2.83 ± 0.69 L (P < 0.001), FVC values of 2.98 ± 0.74 L ver-
sus 3.59 ± 0.87  L (P = 0.007), and an FEV1/FVC ratio of 
0.44 ± 0.12 compared to 0.79 ± 0.05 (P < 0.001). Inflamma-
tory markers were also significantly higher in the COPD 
P.A. group, with WBC levels reaching 9.81 ± 1.30 × 109/L 
compared to 6.59 ± 1.63 × 109/L in the control group 
(P < 0.001), and NEU at 7.43 ± 0.82 × 109/L versus 
3.55 ± 0.91 × 109/L (P < 0.001).

The validation cohort (Table 2) included 20 AECOPD 
with P. aeruginosa infection patients and 10 healthy 
controls. The COPD P.A. group had a mean age of 
67.15 ± 8.99 years compared to 63.7 ± 5.69 years in the 
control group (P = 0.280). The COPD P.A. group demon-
strated significantly reduced lung function, with FEV1 
values of 1.48 ± 0.44  L versus 2.64 ± 0.75  L (P < 0.001), 
and an FEV1/FVC ratio of 0.49 ± 0.09 compared to 
0.76 ± 0.05 (P < 0.001). Inflammatory markers were 
higher in the COPD P.A. group, with WBC levels reach-
ing 9.84 ± 0.93 × 109/L compared to 6.29 ± 0.99 × 109/L 
in the control group (P < 0.001), and NEU at of 
7.12 ± 1.12 × 109/L compared to 3.20 ± 0.66 × 109/L 
(P < 0.001).

The number of current smokers and number of smok-
ing packs a year were significantly higher in the COPD 
group than in the healthy control group(P < 0.05). More-
over, the basic clinical features and inflammatory markers 
of COPD and control groups did not differ significantly 
between the discovery cohort and the validation cohort 
(Table S1 and S2).

Proteomic insights from BALF identify biomarker 
candidates
We detected a total of 592 valid proteins (Dataset 1). In 
our exploration of the proteomic landscape within BALF 
from a discovery cohort comprising 40 AECOPD with 
P. aeruginosa infection patients and 20 healthy controls, 
we utilized the ‘limma’ package in R to identify 100 dif-
ferentially expressed proteins (DEPs). Of these, 77 were 
up-regulated and 23 down-regulated, adhering to our 
predefined selection criteria of an absolute log2 fold 
change greater than 1.5 and an adjusted p-value less than 
0.05 (Dataset 2). The proteomic signatures distinguish-
ing AECOPD with P. aeruginosa infection patients from 
healthy controls were visualized through volcano plots 
(Fig. 2A).

GO enrichment analysis of these differentially 
expressed proteins provides deeper insights into the 
affected biological processes, cellular components, and 
molecular functions (Dataset 3). Enriched biological pro-
cesses (Fig.  2B) include “defense response to bacteria,” 

Table 1  Basic information of discovery cohort
Characteristics COPD P.A. group Control group P
No. 40 20
Age, year 66.16 ± 7.59 63.10 ± 10.26 0.195
BMI, kg/m2 22.67 ± 2.25 23.67 ± 1.73 0.086
Smoking
Current smoker 92.5% (37) 60% (12) 0.02
Pack-years 39 (23.38, 50.00) 17.50 (0.00, 30.00) 0.004
Lung Function
FEV1, L 1.34 ± 0.56 2.83 ± 0.69 < 0.001
FVC, L 2.98 ± 0.74 3.59 ± 0.87 0.007
  FEV1/FVC 0.44 ± 0.12 0.79 ± 0.05 < 0.001
GOLD-stage
  I 10% (4) / /
  II 37.5% (15) / /
  III 45% (18) / /
  IV 7.5% (3) / /
Inflammatory markers
WBC,109/L 9.81 ± 1.30 6.59 ± 1.63 < 0.001
NEU,109/L 7.43 ± 0.82 3.55 ± 0.91 < 0.001
LYM,109/L 1.50 ± 0.56 2.39 ± 0.83 < 0.001
MONO,109/L 0.47 ± 0.18 0.49 ± 0.18 0.729
EOS,109/L 0.23 ± 0.20 0.16 ± 0.08 0.081
FEV1: Forced expiratory volume in one second; FVC: Forced vital capacity; 
WBC: White blood cell; NEU: Neutrophil; LYM: Lymphocyte; MONO: Monocyte; 
EOS: Eosinophil

Table 2  Basic information of validation cohort
Characteristics COPD P.A. group Control group P
No. 20 10
Age, year 67.15 ± 8.99 63.7 ± 5.69 0.280
BMI, kg/m2 22.39 ± 3.33 24.04 ± 1.44 0.147
Smoking
Current smoker 100% (20) 50% (5) < 0.001
Pack-years 32.50 (25.00, 50.00) 15 (0.00, 36.25) 0.039
Lung Function
FEV1, L 1.48 ± 0.44 2.64 ± 0.75 < 0.001
FVC, L 3.03 ± 0.63 3.52 ± 1.14 0.233
  FEV1/FVC 0.49 ± 0.09 0.76 ± 0.05 < 0.001
GOLD-stage
  I 5% (1) / /
  II 65% (13) / /
  III 30% (6) / /
  IV 0% (0) / /
Inflammatory markers
WBC,109/L 9.84 ± 0.93 6.29 ± 0.99 < 0.001
NEU,109/L 7.12 ± 1.12 3.20 ± 0.66 < 0.001
LYM,109/L 1.79 ± 0.51 2.27 ± 0.43 0.015
MONO,109/L 0.49 ± 0.09 0.41 ± 0.15 0.074
EOS,109/L 0.28 ± 0.22 0.19 ± 0.06 0.204
FEV1: Forced expiratory volume in one second; FVC: Forced vital capacity; 
WBC: White blood cell; NEU: Neutrophil; LYM: Lymphocyte; MONO: Monocyte; 
EOS: Eosinophil
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“humoral immune response,” and “response to toxic 
substance”. Enriched cellular components (Fig.  2C), 
such as “vesicle lumen,” “cytoplasmic vesicle lumen,” 
and “collagen-containing extracellular matrix,” indicate 

substantial alterations in intracellular vesicular trans-
port and extracellular matrix composition. The pathway 
analysis (Fig. 2D) reveals significantly enriched pathways 
such as “response to metal ion,” “response to oxidative 

Fig. 2  Differential Protein Expression and Functional Insights in BALF of AECOPD with P. aeruginosa infection. (A) Volcano plots highlight differentially ex-
pressed proteins (DEPs) within the cohort, identifying key proteins of interest based on statistical and biological significance. (B-E) Functional categoriza-
tion and pathway enrichment analyses of the 100 identified DEPs, utilizing Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG), 
underscore critical biological processes and pathways. These include defense response to bacteria, humoral immune response, oxidative stress, metal ion 
handling, and antioxidant activity within the GO framework, and neutrophil extracellular trap formation within KEGG pathways
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stress,” and “cellular response to reactive oxygen species”. 
Enriched molecular functions (Fig.  2E) include “anti-
oxidant activity,” “peptidase regulator activity,” and “oxi-
doreductase activity,” which are essential for mitigating 
oxidative damage and maintaining protein homeostasis. 
KEGG pathway enrichment further linked these differen-
tially expressed proteins to neutrophil extracellular trap 
formation (Fig. 2E).

WGCNA in AECOPD with P. aeruginosa infection
Protein clustering and WGCNA revealed five distinct 
modules of co-expressed key proteins of 592 valid pro-
teins (Supplementary Figures S1). The yellow module 
comprised 11 proteins, the blue module contained 18 
proteins, the brown module included 13 proteins, and 
the gray module consisted of 2 proteins, totaling 44 pro-
teins across all WGCNA modules (Fig.  3A, Dataset 4). 
Correlating these modules with specific sample traits 
elucidated the complex biological interactions underlying 
the disease, offering a deeper insight into its molecular 
intricacies (Fig. 3B).

Subsequent GO and KEGG pathway analyses, particu-
larly of the yellow module, highlighted the critical roles 
of acute inflammatory responses and pathways involved 
in coagulation, blood microparticle, complement and 
coagulation cascades and ferroptosis (Fig. 3C, Dataset 5), 
which are central to the host acute phase response. The 
analysis of the blue module revealed the host defense 
strategies, emphasizing superoxide metabolic process, 
neutrophil mediated immunity, neutrophil degranula-
tion, reactive oxygen species metabolic process, sulfur 
compound binding and antioxidant activities (Fig.  3D, 
Dataset 6). Notably, key pathways such as neutrophil 
extracellular trap formation and the Leukocyte transen-
dothelial migration pathway were highlighted in the blue 
module, shedding light on essential immune response 
mechanisms. The brown module’s exploration (Fig.  3E, 
Dataset 7) illuminated processes essential for maintain-
ing structural and functional integrity under infection, 
including regulation of endopeptidase activity, seques-
tering of metal ion, intrinsic apoptotic signaling pathway 
and cellular response to reactive oxygen species, indicat-
ing the body’s effort to preserve homeostasis. The grey 
module’s analysis (Fig. 3F, Dataset 8) further underscored 
these adaptive mechanisms by highlighting critical path-
ways involved in cell mediated cytotoxicity.

Integrative analysis of differentially expressed proteins 
and Co-expression modules in AECOPD with P. aeruginosa 
infection
In our integrative analysis of 100 DEPs and 44 WGCNA 
proteins, we identified significant overlap and distinct 
features of AECOPD with P. aeruginosa infection. The 
Venn diagram (Fig.  4A, Dataset 9) shows 18 AECOPD 

with P. aeruginosa infection differentially expressed pro-
teins (PACDEPs), highlighting the robustness and rel-
evance of our findings. A heatmap (Fig.  4B) illustrates 
the expression patterns of PACDEPs across control and 
COPD P.A. groups, revealing clear distinctions in pro-
tein expression. Boxplots (Fig.  4C) further quantify the 
expression levels of PACDEPs, including ITIH4, PLS3, 
MNDA, LCN2, AZU1, MPO, and others, confirming 
their significant differential expression between the two 
groups.

Functional enrichment analyses provide deeper 
insights into the biological roles of PACDEPs (Dataset 
10). GO and KEGG analysis (Fig.  4D) shows significant 
enrichment in processes such as negative regulation of 
peptidase activity, response to reactive oxygen species, 
and neutrophil-mediated killing of bacteria. The cellu-
lar component analysis indicates enrichment in vesicle 
lumens, cytoplasmic vesicle lumens, and azurophil gran-
ules, suggesting alterations in intracellular transport and 
immune responses. Molecular function analysis high-
lights enzyme inhibitor activity, peptidase regulator activ-
ity, and antioxidant activity, underscoring the importance 
of protease regulation and oxidative stress management 
in the disease. Circular plots (Fig. 4E) provide a compre-
hensive view of the interactions between these proteins 
and their associated GO and KEGG terms. AZU1, MPO, 
RETN and other proteins were found to be important 
in multiple pathways. The emphasis on oxidative stress 
pathways and neutrophil extracellular traps is consistent 
with clinical observations of elevated neutrophil levels.

Immune cell profiling and correlation with differentially 
expressed proteins in BALF of AECOPD with P. aeruginosa 
infection
To explore the immune landscape in BALF of AECOPD 
with P. aeruginosa infection, we performed an in-depth 
analysis of immune cell populations and their correla-
tion with DEPs. Bar plots (Fig.  5A, Dataset 11) quanti-
fied the relative expression levels of various immune cell 
types, showing significant differences in cell populations, 
particularly in macrophages, neutrophils, and T cells, 
between the two groups.

The correlation heatmap (Fig.  5B) illustrated the rela-
tionships between various immune cell types, reveal-
ing significant correlations that provide insights into the 
immune network alterations in AECOPD with P. aerugi-
nosa infection. Notably, there is a strong positive corre-
lation between NK cells and macrophages (both M1 and 
M2 types), a positive correlation between neutrophils 
and T-cells, but a negative correlation between neutro-
phils and macrophages (both M1 and M2 types). These 
interactions suggest a coordinated response between 
NK cells and macrophages, neutrophils and T-cells to 
fight the bacterial infection. The correlations between T 
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Fig. 3  Weighted Gene Co-expression Network Analysis (WGCNA) in AECOPD with P. aeruginosa Infection. (A) Cluster dendrogram displaying modules of 
co-expressed proteins, identified by dynamic tree cut. (B) Heatmap showing the correlation between module eigengenes and sample traits, with correla-
tion coefficients and p-values. (C) GO and KEGG pathway enrichment analyses for the yellow module, highlighted the critical roles of acute inflammatory 
responses. (D) Neutrophil extracellular trap formation and the Leukocyte transendothelial migration pathway were highlighted in the blue module. (E) 
The brown module’s exploration illuminated processes essential for maintaining structural and functional integrity under infection. (F) Analyses for the 
grey module, indicating cell mediated cytotoxicity
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cell subsets, such as CD8 + T cells and regulatory T cells 
(Tregs), highlighting the role of complex immune regula-
tory mechanisms.

Detailed correlation analyses (Supplementary Figures 
S2) between specific DEPs and immune cell types further 
elucidated the immune response dynamics. For instance, 
AZU1, MPO, MMP9, and RETN showed significant posi-
tive correlations with activated NK cells and M1 macro-
phages, suggesting their roles in enhancing the immune 

response against P. aeruginosa. Conversely, proteins such 
as RAP1B and STOM were more closely associated with 
neutrophils and T cell subsets, indicating their involve-
ment in modulating specific aspects of the immune 
response. The expression of MPO, a marker for neutro-
phils, was significantly elevated in the COPD P.A. group, 
aligning with the increased neutrophil levels observed 
in these patients. Similarly, elevated levels of CSTA and 

Fig. 4  Integrative Analysis of Differentially Expressed Proteins and Co-expression Modules in AECOPD with P. aeruginosa infection. (A) Venn diagram 
showing the overlap between differentially expressed proteins (DEPs) and WGCNA modules. (B) Heatmap illustrating expression patterns of common 
proteins across control and COPD P.A. groups. (C) Boxplots of selected DEPs, confirming significant differential expression. (D) Gene Ontology (GO) and 
Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses: Biological processes, Cellular components, and Molecular functions and Kyoto 
Encyclopedia of Genes and Genomes. (E) Circular plots mapping protein interactions and associated GO terms. *, P < 0.05. **, P < 0.01.***, P < 0.001
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Fig. 5  Immune Cell Profiling and Correlation with Differentially Expressed Proteins in BALF of AECOPD with P. aeruginosa infection. (A) Bar plots quantify-
ing the relative expression levels of various immune cell types, highlighting significant differences in cell populations. (B) Correlation heatmap illustrating 
relationships between different immune cell types, revealing significant correlations and network alterations. *, P < 0.05. **, P < 0.01.***, P < 0.001
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S100A4 in macrophages further highlight the activation 
state of these cells in response to bacterial infection.

Circulating biomarkers and immune landscape in AECOPD 
with P. aeruginosa infection
We detected 592 valid proteins in the plasma proteomics 
dataset (Dataset 12). To further elucidate the molecu-
lar landscape of AECOPD with P. aeruginosa infection, 
plasma proteomics analysis identified 25 upregulated 
and 15 downregulated proteins in the COPD P.A. group 
compared to controls, based on our predefined crite-
ria of an absolute log2 fold change greater than 1 and 
an adjusted p-value less than 0.05 (Fig. 6A, Dataset 13). 
GO and KEGG enrichment analyses of these differen-
tially expressed proteins revealed key pathways (Fig. 6B, 
Dataset14), including inflammatory responses and neu-
trophil-mediated immunity. Cellular component analy-
sis highlighted the enrichment of azurophil granules and 
lysosomes, both essential for neutrophil activity, while 
molecular function analysis showed significant enrich-
ment in serine-type endopeptidase activity, further 
supported by KEGG’s identification of neutrophil extra-
cellular trap formation as a critical pathway, which exac-
erbates tissue damage.

We detected 20,504 valid RNAs in the peripheral blood 
transcriptomic dataset (Dataset 15). Transcriptomic 
analysis of peripheral blood identified 821 upregulated 
and 422 downregulated genes, based on our selection 
criteria of an absolute log2 fold change greater than 1.5 
and an adjusted p-value less than 0.05 (Fig.  6C, Data-
set 16). Functional enrichment analysis of these differ-
entially expressed genes revealed significant biological 
processes, particularly those related to leukocyte migra-
tion, regulation of inflammatory responses, and defense 
against bacterial molecules (Fig.  6D, Dataset 17). Addi-
tionally, pathways related to granulocyte and neutrophil 
migration, chemotaxis, and macrophage activation were 
notably enriched, suggesting that these immune cells are 
not only more numerous but also more active in the dis-
ease state. Cellular component analysis revealed signifi-
cant involvement of vesicle lumens, cytoplasmic vesicle 
lumens, and specific granules, all of which are critical 
to immune cell function and pathogen response, further 
contributing to tissue damage. Immune infiltration analy-
sis demonstrated a significant increase in neutrophils and 
macrophages in the COPD P.A. group (Fig.  6E, Dataset 
18). The correlation matrix further elucidated the rela-
tionships between various immune cell types, revealing 
a complex network of interactions that are significantly 
altered in AECOPD with P. aeruginosa infection patients. 
There was a significant positive correlation between neu-
trophils, T cells gamma delta, and monocytes, indicating 
a coordinated immune response to bacterial infection 
(Fig. 6F).

Integration of plasma proteomics and peripheral blood 
transcriptomics identified six overlapping biomarkers 
(Fig.  6G, Dataset 19): C1QA, AZU1, ELANE, RETN, 
MPO, CTSG. GO and KEGG enrichment analyses of 
these biomarkers showed significant associations with 
antimicrobial responses and neutrophil-mediated bacte-
rial killing, with NET formation being notably enriched, 
emphasizing its damaging role in AECOPD with P. aeru-
ginosa infection (Fig. 6H-I, Dataset 20).

Integration of BALF proteomics and plasma proteomics in 
AECOPD with P. aeruginosa infection
To identify key molecular targets in AECOPD with P. 
aeruginosa infection, we integrated DEPs from BALF 
proteomics with DEPs from plasma proteomics. The 
Venn diagram (Fig.  7A, Dataset 21) shows the overlap 
between the DEPs, revealing 7 common targets. Pro-
tein-protein interaction network analysis using STRING 
(Fig.  7B) was performed on these 7 common targets, 
highlighting a highly interconnected network. Com-
mon targets such as AZU1, MPO, RETN, and CTSG 
emerged as central nodes, suggesting their pivotal roles 
in the pathophysiology of AECOPD with P. aeruginosa 
infection.

Functional enrichment analyses provided insights into 
the biological processes, cellular components, molecu-
lar functions, and pathways associated with these com-
mon targets (Dataset 22). GO analysis (Fig. 7C) revealed 
significant enrichment in processes such as defense 
response to bacteria, humoral immune response, neutro-
phil-mediated killing of bacterium and defense response 
to Gram-negative bacterium. Additionally, there was a 
substantial enrichment of pathways related to oxidative 
stress (Fig. 7D). These processes were critical for the host 
defense against bacterial infections and underline the 
heightened immune activity in COPD P.A. patients. Cel-
lular component analysis (Fig.  7F) identified significant 
enrichment in vesicle lumen, cytoplasmic vesicle lumen, 
and specific granules, highlighting the involvement of 
these components in immune cell functions and antimi-
crobial activities. Molecular function analysis (Fig.  7G) 
revealed enrichment in activities such as glycosamino-
glycan binding, endopeptidase activity, peroxidase activ-
ity and serine-type peptidase activity, indicating the roles 
of these proteins in extracellular matrix degradation and 
immune modulation.

KEGG pathway analysis emphasized the critical 
involvement of neutrophil-related pathways, including 
Neutrophil extracellular trap formation. The enrichment 
of pathways related to neutrophil activation and func-
tion aligns with clinical observations of increased neu-
trophil levels and activity in COPD P.A. group patients, 
highlighting their contribution to disease pathology and 
potential as therapeutic targets.
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Fig. 6  Plasma proteomics and peripheral blood transcriptomics analyses in AECOPD with P. aeruginosa infection. (A) Plasma proteomics identified 25 
upregulated and 15 downregulated proteins. (B) GO analysis showed enrichment in inflammatory responses and neutrophil-mediated immunity. Azuro-
phil granules and lysosomes were enriched in cellular component analysis. Molecular function and KEGG analysis highlighted serine-type endopeptidase 
activity and NET formation. (C) Transcriptomics identified 821 upregulated and 422 downregulated genes. (D) Enrichment analyses indicated pathways 
related to leukocyte migration, neutrophil chemotaxis, and macrophage activation. (E) Immune infiltration analysis revealed increases in neutrophils and 
macrophages. (F) The correlation matrix showed interactions between immune cell types. (G) Six overlapping biomarkers were identified. (H-I) GO and 
KEGG analysis highlighted antimicrobial responses and NET formation. *, P < 0.05. **, P < 0.01.***, P < 0.001
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Validation and functional analysis of key proteins in BALF 
proteomics of AECOPD with P. aeruginosa infection
We conducted an in-depth proteomic analysis of BALF 
from AECOPD with P. aeruginosa infection patients, 
focusing on DEPs. Using STRING for PPI network analy-
sis, we identified interacting proteins. This network was 
further analyzed using Cytoscape to perform MCC and 
MCODE analyses, identifying highly interconnected 
clusters of proteins (Fig.  8A, B). By intersecting these 

clusters with BALF-proteome, plasma-proteome and 
proteins of WGCNA, we identified three key proteins: 
AZU1, MPO, and RETN (Fig. 8C, Dataset 23). Functional 
enrichment analyses of these proteins highlighted signifi-
cant GO terms related to defense responses to bacteria, 
aging, oxidative stress, and neutrophil activity (Fig.  8D, 
Dataset 24). KEGG pathway analysis revealed enrich-
ment in pathways involving NETs formation (Fig. 8E).

Fig. 7  Integration of BALF Proteomics and Plasma Proteomics in AECOPD with P. aeruginosa Infection. (A) Venn diagram showing the overlap between 
DEPs from BALF proteomics and DEPs from plasma proteomics, identifying 7 common targets. (B) STRING network analysis of the 15 common targets, 
illustrating their interactions and highlighting key proteins. (C-F) Functional enrichment analyses: (C, D) Biological processes highlighting immune re-
sponses, neutrophil-mediated killing of bacterium, defense response to Gram-negative bacterium and oxidative stress pathways (E) Cellular components 
involved in immune functions and antimicrobial activities, and (F) Molecular functions indicating roles in extracellular matrix degradation and immune 
modulation. KEGG pathway analysis further emphasizes neutrophil-related pathways, including neutrophil extracellular trap formation, crucial for under-
standing the immune response in AECOPD with P. aeruginosa infection
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For validation, we analyzed an independent cohort of 
20 AECOPD with P. aeruginosa infection patients and 
10 controls (Dataset 25). Box plots confirmed the dif-
ferential expression of these proteins in the validation 

cohort, with significant upregulation in the COPD P.A. 
group (Fig.  8F-H, Dataset 26). The diagnostic value of 
these proteins was assessed using ROC curves (Fig. 8I-K), 
which demonstrated high AUC values for each protein: 

Fig. 8  Validation and Functional Analysis of Key Proteins of AECOPD with P. aeruginosa Infection. (A) MCC analysis using Cytoscape, identifying key pro-
tein clusters. (B) MCODE analysis highlighting densely interconnected proteins. (C) Venn diagram showing intersection of MCC, MCODE, Balf-proteome, 
Plasma-proteome and WGCNA analyses, identifying three key proteins. (D) GO enrichment analysis of the three key proteins, highlighting immune 
response and oxidative stress-related processes. (E) KEGG pathway analysis showing enrichment in vesicle lumen an NET formation pathway. (F-K0 Box 
plots and ROC curves for AZU1, MPO, and RETN, confirming their differential expression and diagnostic value. *, P < 0.05. **, P < 0.01.***, P < 0.001
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AZU1 (AUC = 0.830), MPO (AUC = 0.760), and RETN 
(AUC = 0.912). These results suggested these proteins as 
robust biomarkers for distinguishing AECOPD with P. 
aeruginosa infection patients from healthy controls.

Molecular Docking and drug screening for key proteins in 
AECOPD with P. aeruginosa infection
To predict potential therapeutic agents for AECOPD 
with P. aeruginosa infection, we constructed an interac-
tion network for the three key proteins (AZU1, MPO, 
and RETN) identified in our previous analyses (Fig. 9A). 

Fig. 9  Molecular Docking and Drug Screening for 3 Key Proteins. (A) Interaction network of the three key proteins (AZU1, MPO, and RETN). (B) Top 10 
candidate molecules identified from the DSigDB database for potential therapeutic interaction with the key proteins, with Pioglitazone and Rosiglitazone 
highlighted. (C-E) Molecular docking simulations showing the binding of Pioglitazone to AZU1 ((C)) with a binding energy of -8.1 kcal/mol, MPO (D) 
with a binding energy of -9.2 kcal/mol, and RETN (E) with a binding energy of -8.1 kcal/mol. (F-H) Molecular docking simulations showing the binding 
of Rosiglitazone to AZU1 (F) with a binding energy of -7.4 kcal/mol, MPO (G) with a binding energy of -8.7 kcal/mol, and RETN (H) with a binding energy 
of -7.7 kcal/mol
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Using the DSigDB database, we screened for small mol-
ecules that could interact with these proteins, resulting 
in the identification of the top 10 candidate molecules 
(Fig. 9B, Dataset 27). A review of the literature identified 
Pioglitazone and Rosiglitazone as having potential thera-
peutic value for lung diseases, and they were also the top 
two candidates in our screen.

Molecular docking simulations were performed to 
evaluate the binding affinities of Pioglitazone and Rosigli-
tazone with each of the three key proteins. The 3D struc-
tures of Pioglitazone and Rosiglitazone were obtained 
from the PubChem database and converted to PDB for-
mat using Open Babel 2.3.2. Protein structures in PDB 
format were sourced from the Protein Data Bank. Using 
PyMOL 2.5.1, water molecules and unrelated small mol-
ecule ligands were removed from these structures. The 
protein and ligand files were then converted to PDBQT 
format using AutoDockTools 1.5.6. Docking simulations 
were performed using AutoDock Vina 1.1.2 within the 
Discovery Studio (version 2016) environment. Binding 
energies below − 6 kcal/mol were considered indicative of 
strong affinity, signifying energetically favorable ligand-
receptor interactions.

The docking results demonstrated strong binding affin-
ities for Pioglitazone with the three key proteins. The 
binding energy for AZU1 was − 8.1  kcal/mol (Fig.  9C), 
for MPO was − 9.2  kcal/mol (Fig.  9D), and for RETN 
was − 8.1 kcal/mol (Fig. 9E). Similarly, Rosiglitazone also 
showed strong binding affinities, with binding energies 
of -7.4  kcal/mol for AZU1 (Fig.  9F), -8.7  kcal/mol for 
MPO (Fig.  9G), and − 7.7  kcal/mol for RETN (Fig.  9H). 
These binding energies indicate strong and energetically 
favorable interactions between these drugs and the key 
proteins.

Discussion
The primary aim of this study was to unravel the molec-
ular mechanisms driving AECOPD with P. aeruginosa 
infection through an integrative multi-omics approach. 
By combining proteomic analyses of BALF and plasma 
with transcriptomic profiling of peripheral blood, we 
sought to provide a comprehensive view of both local 
lung-specific responses and systemic immune activation. 
This approach has allowed us to identify key differentially 
expressed proteins and genes involved in the disease pro-
cess. Our findings not only enhance the understanding of 
the pathogenesis of AECOPD with P. aeruginosa infec-
tion but also highlight potential biomarkers and thera-
peutic targets, which could lead to improved strategies 
for managing and treating the condition.

Functional enrichment analyses provided deeper 
insights into the biological processes and pathways asso-
ciated with these key proteins. GO analysis revealed 
significant enrichment in processes such as defense 

response to bacteria, oxidative stress management, and 
neutrophil activity. These findings align with previous 
studies showing that neutrophils play a central role in 
the pathogenesis of AECOPD with P. aeruginosa infec-
tion by contributing to chronic inflammation and tissue 
damage through the release of proteases and reactive 
oxygen species [24, 25]. The KEGG pathway analysis 
further highlighted critical pathways, including neutro-
phil extracellular trap formation, emphasizing the cen-
tral role of neutrophils in mediating immune responses 
and pathogen clearance in AECOPD with P. aeruginosa 
infection. While significant pathways were identified, the 
relatively low small sample sizes in some categories sug-
gest caution in interpreting these findings, especially in 
complex diseases like COPD. To mitigate this limitation, 
we employed stringent statistical methods and correc-
tions, including false discovery rate (FDR) adjustments, 
to reduce the likelihood of false positives in the enrich-
ment analyses. Additionally, we cross-validated key find-
ings with external datasets and performed validation in 
an independent cohort, thereby increasing confidence in 
the biological significance of our results.

The integrative analysis combining BALF, plasma and 
peripheral blood underscores the significance of local 
and systemic responses in AECOPD with P. aeruginosa 
infection. Identifying both lung-specific and blood-
specific targets provides a comprehensive view of the 
disease’s molecular landscape. The overlap of targets 
between BALF and plasma datasets highlight the coor-
dinated immune response across different biological 
compartments. This systemic cross-talk suggests that the 
identified proteins may serve as biomarkers for diagnosis 
and potential therapeutic targets. At the same time, we 
focus on exploring therapeutic targets in the lungs by dis-
covering and validating the BALF in the cohort. Among 
the identified proteins, Azurocidin 1 (AZU1), Myeloper-
oxidase (MPO), and Resistin (RETN) emerged as central 
players in the host defense mechanisms. AZU1 is stored 
in neutrophil granules and exhibits potent antimicrobial 
properties, including the ability to attract immune cells 
to sites of infection [26, 27]. The upregulation of AZU1 
in AECOPD with P. aeruginosa infection suggests its 
involvement in reinforcing the innate immune response. 
MPO, an enzyme found abundantly in neutrophils, gen-
erates reactive oxygen species essential for bacterial kill-
ing [28, 29]. Elevated MPO levels in AECOPD with P. 
aeruginosa infection patients highlight the critical role of 
oxidative stress and neutrophil activation in the patho-
genesis of the disease. RETN, a cytokine associated with 
inflammation and metabolic regulation [30, 31], was also 
significantly upregulated in COPD P.A. group, indicating 
its potential role in linking metabolic disturbances and 
inflammatory responses in AECOPD with P. aeruginosa 
infection patients. Although the expression for some 
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DEPs and DEGs were relatively low, the identification of 
these biomarkers in multiple datasets lends greater confi-
dence to their biological relevance.

It is true that there are currently no well-established 
biomarkers specifically for AECOPD with P. aeruginosa 
infection, which is a key innovation of our study. The 
identified proteins—AZU1, MPO, and RETN—dem-
onstrated strong diagnostic value, with AUC values 
of 0.830, 0.730, and 0.912, respectively. These findings 
underscore their potential as robust biomarkers for dis-
tinguishing AECOPD with P. aeruginosa infection from 
healthy controls. Compared to conventional inflamma-
tory markers such as CRP and PCT, which are generally 
associated with broader inflammation but lack specificity 
for pathogen-induced exacerbations [32], AZU1, MPO, 
and RETN are more directly involved in bacterial defense 
and immune regulation in the context of AECOPD with 
P. aeruginosa infection.

Peroxisome proliferator-activated receptors (PPARs) 
hold significant promise as therapeutic agents for treating 
lung inflammation [33, 34]. In particular, PPARγ ligands 
can inhibit the release of proinflammatory cytokines 
from airway epithelial cells [35]. Beyond their well-estab-
lished anti-inflammatory actions, PPAR agonists play 
a crucial role in the resolution phase of inflammation, a 
process vital for restoring tissue homeostasis [36]. This 
phase involves not only the suppression of proinflam-
matory signals but also actively promotes reparative and 
restorative processes in inflamed tissues. PPARγ agonists 
contribute to the resolution of inflammation through 
multiple mechanisms. They promote the polarization 
of macrophages towards the M2 phenotype, which are 
anti-inflammatory and essential for tissue repair and the 
resolution of inflammation [37]. Furthermore, PPARγ 
agonists modulate the recruitment of immune cells to 
sites of inflammation by regulating the expression of 
adhesion molecules and chemokines, thereby influenc-
ing the immune cell population towards an anti-inflam-
matory environment [38]. Noteworthy examples are 
Pioglitazone and Rosiglitazone, PPARγ agonists known 
not only for their roles in maintaining glucose and lipid 
homeostasis but also for their capacity to attenuate air-
way inflammation [39].

A study showed that Pioglitazone alleviates acute lung 
injury induced by lipopolysaccharide (LPS) by reducing 
the recruitment and activation of neutrophils [40]. Fur-
thermore, Pioglitazone possesses potent anti-inflamma-
tory properties, inhibiting the activation of nucleotide 
oligomerization-like receptor protein 3 (NLRP3) inflam-
masomes and ferroptosis [41], thus demonstrating its 
potential therapeutic benefits in pulmonary disorders. 
In COPD, alveolar macrophages exhibit a skewed M2 
phenotype, and treatment with Rosiglitazone inhibits 
LPS-induced TNF-α and CCL-5 production [42]. It also 

increased the expression of CD36, HO-1, and PPARγ, key 
elements in the phagocytosis of apoptotic neutrophils 
and the resolution of inflammation [43]. In a subchronic 
tobacco smoke mouse model, rosiglitazone significantly 
reduced inflammatory cells in bronchoalveolar lavage, 
further illustrating its role in resolving pulmonary 
inflammation [44]. Molecular docking is a widely recog-
nized and accepted method in drug discovery, frequently 
used to predict drug-target interactions and guide fur-
ther experimental studies [45, 46]. Our study’s molecular 
docking simulations demonstrated strong binding affini-
ties of Pioglitazone and Rosiglitazone with key proteins 
identified in our analysis, suggesting their ability to mod-
ulate inflammatory pathways and oxidative stress. This 
understanding not only sheds light on the potential ther-
apeutic applications of Pioglitazone and Rosiglitazone in 
managing AECOPD with P. aeruginosa infection but also 
unveils the underlying molecular mechanisms that gov-
ern these therapeutic effects.

This study has several limitations. The cross-sectional 
design inherently limits our ability to establish temporal 
relationships or causality between P. aeruginosa infec-
tion and the observed molecular changes. While our 
study identifies associations between AECOPD with P. 
aeruginosa infection and molecular alterations, it does 
not allow us to draw definitive cause-and-effect conclu-
sions. Furthermore, although the primary focus was on 
AECOPD with P. aeruginosa infection, it is important 
to acknowledge that some of the observed molecu-
lar changes may also be influenced by COPD alone or 
AECOPD without P. aeruginosa infection. Nevertheless, 
we have made efforts to minimize the impact of patho-
gen-related variability on AECOPD, though the findings 
may not fully represent the specific molecular alterations 
driven by P. aeruginosa in COPD exacerbations. Addi-
tionally, COPD is a highly heterogeneous condition, and 
the observed immune responses may differ across patient 
subgroups [47, 48]. Future studies should consider strati-
fying patients based on comorbidities and infection 
status to refine therapeutic strategies. Lastly, while the 
multi-omics approach provided a comprehensive view of 
the molecular landscape, the integration of such diverse 
datasets requires careful consideration of batch effects 
and technical variability, which could influence the detec-
tion of low-abundance proteins.

Despite these limitations, our study provides valu-
able insights into the molecular mechanisms underlying 
AECOPD with P. aeruginosa infection. By integrating 
BALF, plasma, and peripheral blood data, we identified 
key proteins involved in oxidative stress and NET for-
mation that are pivotal in disease progression. These 
findings improve the management of AECOPD with 
P. aeruginosa infection. Furthermore, we advocate for 
extending this research to AECOPD patients with other 
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bacterial pathogens to broaden the applicability of our 
conclusions and enhance the generalizability of these 
findings across different infection profiles.

Conclusion
This study utilized a multi-omics approach to elucidate 
the molecular mechanisms underlying AECOPD with P. 
aeruginosa infection, integrating proteomic analysis of 
BALF and plasma with transcriptomic analysis of periph-
eral blood. We identified three key proteins (AZU1, 
MPO, and RETN) highlighting their roles in oxidative 
stress and NETs formation, which are pivotal in the dis-
ease process. These proteins demonstrated significant 
diagnostic value and strong interactions with the thera-
peutic agent Pioglitazone and Rosiglitazone. The inte-
gration of local and systemic analyses provided a holistic 
view, revealing how pulmonary infections lead to sys-
temic effects. Our findings advance the understanding of 
AECOPD with P. aeruginosa infection and suggest poten-
tial biomarkers and therapeutic targets, paving the way 
for improved diagnosis and treatment strategies.
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