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This study explored the comorbid mechanisms between Crohn’s disease (CD) and chronic obstructive 
pulmonary disease (COPD) using bioinformatics analysis. From the Gene Expression Omnibus (GEO) 
microarray dataset, 349 common differentially expressed genes (coDEGs) were identified, and 8 
shared hub genes were found: CCL2, CXCL1, TLR2, ICAM1, PTPRC, ITGAX, PTGS2, and MMP9, which 
were vital for immune function and regulation of inflammatory responses. In addition, the study also 
analyzed the association between coDEGs and immune cell infiltration using the single-sample gene 
set enrichment algorithm (ssGSEA). Potential drugs related to these genes were identified using the 
connectivity map (CMap). These findings provided new perspectives for understanding the interaction 
between CD and COPD.
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Chronic obstructive pulmonary disease (COPD) is the leading cause of death among chronic lung diseases, 
ranking third globally, with increasing morbidity and mortality rates1. COPD is characterized by persistent 
respiratory symptoms and progressive airflow obstruction2. Studies show that COPD is significantly more lethal 
than asthma, with a mortality rate about eight times higher3. According to the latest epidemiological projections, 
the overall prevalence of COPD and mortality is expected to increase by 8% by 20304. COPD pathogenesis arises 
from multiple factors, including smoking, genetics, oxidative stress, and inflammation5–7. With the increasing 
research on the pathogenesis of COPD, multiple biological processes such as cellular senescence and immune 
imbalance are now covered8,9. Studies have found that gut microbiota imbalances are prevalent in the COPD 
patient population10.

Crohn’s disease (CD) is a chronic inflammatory bowel disease affecting the gastrointestinal tract, causing 
abdominal pain, diarrhoea, weight loss, and other symptoms11,12. The main pathogenesis of Crohn’s disease 
includes immune dysregulation, intestinal barrier dysfunction, and intestinal microbial imbalance13,14. Genetics, 
environmental factors, and alterations in gut microbiota are thought to influence the risk of developing and 
worsening CD15. Furthermore, the mesenteric lymphatic system connects the gut and lungs, enabling bacteria, 
their fragments, or metabolites to cross the intestinal barrier and enter systemic circulation, affecting the 
pulmonary immune response16. Previous studies found that patients with CD had an increased risk of causing 
death from COPD17. The comorbidity rate of CD also tends to be higher in patients with COPD18,19.

Recent studies suggest a potential link between the lung and gut environments in COPD, indicating that 
these organ systems may interact. This has heightened interest in the the complex interactions among the host, 
microbial communities, and respiratory disease20. It had been shown that gut microbiota imbalance might 
modulate the TLR4/NF-kB signalling pathway in the pulmonary immune system, activate pulmonary oxidative 
stress, and mediate lung injury by modulating the intestinal barrier21. According to Budden et al.22, bidirectional 
communication between the gut and lungs played a crucial role in the development and progression of COPD.
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Mahmud et al.23 used bioinformatics and systems biology to identify shared molecular pathways and 
biomarkers among COPD, IPF, and COVID-19, indicating that patients with these chronic lung diseases may 
face a higher risk of COVID-19 infection.

Huang et al.24 used bioinformatics to identify immune cell infiltration and potential diagnostic biomarkers 
for CD.

Despite evidence indicated that intestinal diseases were closely associated with COPD, the underlying 
mechanisms are unclear. Further research is needed to explore their interactions. In this study, the connection 
between COPD and CD were investigated by searching for common differentially expressed genes (coDEGs) 
in COPD lung tissues and CD intestinal tissues with the help of bioinformatics technology. The identified 
shared gene signatures hold promise for elucidating biological mechanisms associated with the disease. In-
depth exploration of these common biological pathways provided new perspectives for subsequent research and 
treatment.

Results
GSEA analysis in COPD and CD
In GSEA analysis, 165 pathways were enriched in COPD and 126 in CD, with 85 pathways common to both 
diseases (Supplementary 1). Immune response, infectious diseases, and signaling pathways were predominant. 
Enriched pathways in human diseases included leishmaniasis, systemic lupus erythematosus, malaria, 
tuberculosis, amoebiasis, and viral myocarditis (Fig.  1A,C). In bioorganic systems, pathways enriched for 
hematopoietic cell lineage, osteoclast differentiation, TNF signaling, toll-like receptor signaling, cytokine–
cytokine receptor interaction, and NOD-like receptor signaling were identified, all related to the immune system 
(Fig. 1B,D).

Identification of differentially expressed genes
2221 DEGs were identified between COPD patients and healthy controls according to the GSE148004 dataset 
(882 up regulated, 1339 down regulated) (Fig.  2A,C). In the GSE75214 dataset, 2338 DEGs were identified 
between CD patients and healthy controls (974 up regulated, 1364 down regulated) (Fig. 2B,D). Additionally, 349 
coDEGs were shared between COPD and CD, with 81 up regulated and 268 down regulated coDEGs (Fig. 2E). 
This suggested that similarities in molecular mechanisms might exist between COPD and CD (Supplementary 
2). Figure 3 showed the boxplots and PCA plots of COPD and CD. The absence of outliers in the boxplots for 
patient and normal samples indicated high quality.

Functional enrichment analysis of CoDEGs
In order to understand the biological functions of shared genes, 349 coDEGs identified earlier were analyzed 
using GO and KEGG pathway annotation. The top 10 significantly different BP, CC and MF entries were identified 

Fig. 1.  GSEA analysis for GSE148004 (COPD) and GSE75214 (CD). (A,C) The genes of COPD and CD were 
both enriched in terms of human diseases. (B,D) The genes of COPD and CD were both enriched in terms of 
biological organic systems.
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through GO analysis (P < 0.05). Additionally, the top 10 significantly enriched pathways were annotated using 
KEGG (P < 0.05).

GO/KEGG entries were mostly enriched and associated with immune responses. In the BP category, genes 
were mainly concentrated in positive regulation of cytokine production, regulation of inflammatory response, 
response to molecule of bacterial origin, positive regulation of defense response, response to lipopolysaccharide, 
leukocyte migration, cellular response to biotic stimulus, cellular response to molecule of bacterial origin, 
leukocyte apoptotic process and regulation of leukocyte apoptotic process. For the CC ontology, they were 
mainly enriched in pathways such as secretory granule membrane, tertiary granule and external side of plasma 
membrane. For MF ontology, they were mainly located in cytokine receptor activity, chemokine binding, cytokine 
binding and immune receptor activity (Fig.  4A). KEGG pathway was mainly located in the TNF signaling 
pathway, NF-kappa B signaling pathway, cytokine-cytokine receptor interaction, viral protein interaction with 
cytokine and cytokine receptor, C-type lectin receptor signaling pathway and B cell receptor signaling pathway. 

Fig. 2.  CoDEGs in COPD and CD compared to control (healthy subjects). (A) Volcano plots of DEGs from 
GSE148004. (B) Volcano plots of DEGs from GSE75214. (C) Heatmap of DEGs from GSE148004, including 7 
tissues from COPD and 9 tissues from healthy individuals. (D) Heatmap of DEGs from GSE75214, including 
8 CD tissues and 11 healthy tissues. (E) Venn diagram of coDEGs extracted from DEGs of GSE148004 and 
GSE75214.
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Fig. 4.  Functional annotation for coDEGs. (A) Biological process, cellular component and molecular function. 
(B) KEGG analysis. The size of the circle represented the number of enriched genes, and the larger the circle, 
the more genes were enriched.

 

Fig. 3.  Boxplots and PCA plots of COPD and CD datasets. (A) Boxplot of dataset GSE148004. (B) Boxplot of 
dataset GSE75214. (C) PCA diagram of dataset GSE148004. (D) PCA diagram of dataset GSE75214.
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These pathways were closely related to immune responses, cell differentiation, and metabolic processes (Fig. 4B) 
(Supplementary Table 2).

Construction of protein-protein interaction network of CoDEGs and acquisition of key gene 
modules
The 349 coDEGs analysed in the above steps were located in the PPI interaction network to further explore 
interactions between overlapping DEGs in the STRING database, with a total of 345 nodes and 1728 edges. 
Pink nodes were up regulated coDEGs and the blue nodes were down regulated coDEGs. Node sizes were 
scaled according to the degree value. The higher the node’s degree, the higher the node’s weight in the PPI 
network graph (Fig. 5A). The MCODE plug-in (https://apps.cytoscape.org/apps/mcode) was used to screen and 
analyze the key modules of PPI. Clusters with a Score greater than 4 were displayed, and a total of 4 clusters 
were screened. Cluster 1 included 24 nodes and 195 edges (Fig.  5B), featuring 1 up regulated gene and 23 
down regulated genes. The identified pathways in GO enrichment were regulation of inflammatory response, 
chemokine-mediated signaling pathway, regulation of innate immune response, and regulation of adaptive 
immune response, all linked to inflammatory and immune responses. Cluster 2 consisted of 24 nodes and 76 
edges (Fig. 5C), consisting of 1 up regulated gene and 23 down regulated genes. GO enrichment was associated 
with immune processes including leukocyte migration, regulation of leukocyte migration, myeloid leukocyte 
migration, immune receptor activity. Cluster 3 consisted of 5 nodes and 10 edges (Fig. 5D). GO enrichment was 
related to biosynthetic and metabolic pathways including chondroitin sulfate biosynthetic process, chondroitin 
sulfate proteoglycan biosynthetic process, proteoglycan metabolic process, and mucopolysaccharide metabolic 
process. Cluster 4 consisted of 7 nodes and 13 edges (Fig. 5E), and these pathways were mainly related to fatty 
acid metabolic process.

CytoHubba central gene identification and functional enrichment analysis
Eight hub genes (CCL2, CXCL1, TLR2, ICAM1, PTPRC, ITGAX, PTGS2, and MMP9) were identified using 
the CytoHubba plug-in of Cytoscape software (Fig.  6A,B). GO and KEGG enrichment analysis of the hub 
genes yielded that biological processes (BP) was mainly focused on the immune response, including pathogen 
recognition, immune cell activation, inflammatory response to cell death. cellular components (CC) was 
primarily concentrated in cell granule-associated regions, associated with cell secretory function, signaling, 
and immune response. molecular functions (MF) was mainly involved in cell signaling, immune response, 
metabolic regulation, and intercellular communication (P < 0.05) (Fig. 6C). KEGG analysis showed enrichment 
in pathways related to human diseases such as Rheumatoid arthritis, Malaria, Legionellosis, and Leishmaniasis 
(P < 0.05) (Fig. 6D) (Supplementary 3).

Fig. 5.  Visualization of the PPI network and the important modules. (A) PPI network. (B–E) cluster 1–4.
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Validation of hub genes
The diagnostic potential of eight hub genes for COPD and CD diseases was evaluated through ROC analysis. 
In the COPD dataset, each of the eight hub genes had an area under the curve (AUC) exceeding 0.8413 for 
distinguishing patients from healthy controls (Fig. 7A). Similarly, in the CD dataset, the AUC values for the hub 
genes exceeded 0.8068 (Fig. 7B). The ROC curve analysis showed that the eight hub genes have potential value 
in predicting the risk of COPD and CD, offering a foundation for new targeted therapies for both diseases. To 
validate the accuracy and reliability of the findings, the expression levels of the eight hub genes were verified 
using the COPD and CD external validation datasets. The results revealed that the expression levels of gene 
TLR2 in the COPD dataset samples were significantly higher than those in the healthy control group (Fig. 7C, 
P < 0.05). The expression levels of genes CCL2, CXCL1, ICAM1, ITGAX, and PTGS2 in the CD dataset samples 
were significantly higher than those in the healthy control group (Fig.  7D, P < 0.001). These results suggest 
that these key genes could serve as powerful diagnostic biomarkers for predicting COPD and CD in patients 
(Supplementary 4). Figure 8 showed the boxplots and PCA plots of COPD and CD validation datasets. The 
absence of outliers in the boxplots for patient and normal samples indicated high quality.

Assessment and visual analysis of immune infiltration
In this study, the ssGSEA algorithm was used to quantitatively analyze the distribution of relative infiltration 
levels (Fig. 9A,B) and assess the relative proportions (Fig. 10A,B) of 18 immune cells out of the 28 immune cells 
screened in the GSE148004 and GSE75214 datasets. Additionally, the correlation between 8 key hub genes and 
immune cell infiltration levels was systematically analyzed (Fig. 11A,B). These findings offered a foundation for 
a deeper understanding of the interaction of the gut-lung axis immune pathway in disease and healthy controls.

Compared to healthy controls, patients with COPD and CD showed significant differences in the distribution 
and proportion of various immune cells. In COPD, several immune cells were up regulated, including activated 
CD4 T cell, activated dendritic cell, plasmacytoid dendritic cell, natural killer cell, neutrophil, effector memory 
CD8 T cell, immature B cell, and eosinophil. Conversely, natural killer T cell, CD56dim natural killer cell, type 
2 T helper cell, and regulatory T cell were down regulated in COPD. Some immune cells like central memory 
CD4 T cell, effector memory CD4 T cell, t follicular helper cell, myeloid derived suppressor cell, immature 
dendritic cell, and mast cell did not show statistically significant differences. In CD, up regulated immune cells 
included activated CD4 T cell, effector memory CD4 T cell, regulatory T cell, natural killer cell, myeloid derived 
suppressor cell, natural killer T cell, activated dendritic cell, immature dendritic cell, and mast cell. Conversely, 
effector memory CD8 T cell, type 2 T helper cell, CD56dim natural killer cell, plasmacytoid dendritic cell, and 

Fig. 6.  Hub genes and functional enrichment analysis. (A) Hub genes formed four algorithms. (B) PPI 
network of hub genes. (C) GO enrichment analysis of hub genes. (D) KEGG enrichment analysis of hub genes.
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eosinophil were down regulated in CD. Central memory CD4 T cell, T follicular helper cell, immature B cell, and 
neutrophil did not show statistically significant differences.

Biomarker analysis of 8 hub genes and infiltration analysis of 28 immune cells in COPD revealed a negative 
correlation between type 2 T helper cells and several hub genes, particularly CXCL1, TLR2, ICAM1, PTGS2, 
PTPRC, ITGAX, and MMP9 (P < 0.05). Conversely, plasmacytoid dendritic cells showed a positive correlation 
with all hub genes (P < 0.05), indicating enhanced immune cell infiltration in COPD.

Among the CD gene concentrations, all central genes showed significant negative correlations with 
CD56dim natural killer cells and effector memory CD8 T cells (P < 0.05), and significant positive correlations 
with natural killer cells (P < 0.05). These findings offer crucial evidence of immune pathways linking COPD and 
CD, highlighting the potential for exploring common pathogenesis and pharmacological targets through the 
lung-gut axis.

CMap analysis reveals potential drugs based on common genetic features
In this study, we selected the top 10 up and down regulated genes from the coDEGs based on the |log2(Fold 
Change)| for CMap analysis. The norm_cs score predicted the top 10 potential drugs: RG-7388, irinotecan, 
orlistat, ryuvidine, LE-135, ubenimex, JTC-801, puromycin, dapagliflozin, and ARRY-334,543 (Table 1). These 
drugs show potential as possible therapies for chronic obstructive pulmonary disease and Crohn’s disease.

Discussion
COPD is a common chronic respiratory disease with varying epidemiological characteristics varied among 
different age groups25. The gut microbiota plays a significant role in COPD, with a bidirectional interaction 
between the intestines and lungs that requires further study. Integrative bioinformatics analysis and machine 
learning tools were increasingly used to explore novel genes, potential diagnostic/prognostic biomarkers, 
underlying mechanisms, and therapeutic targets based on big data, shed light on diseases26,27. Research indicated 
a close relationship between chronic respiratory diseases like COPD, asthma, and idiopathic pulmonary 
fibrosis, and changes in gut microbiota composition28. Slyepchenko et al.29. discussed that imbalances in the gut 
microbiota led to a series of complications, including the growth of harmful bacteria and increased intestinal 
permeability.

Genome-wide expression data analysis could enhance our understanding of disease mechanisms and provide 
a basis for studying the gut-lung axis system. The study identified 85 common pathways between GSE148004 

Fig. 7.  ROC analysis and validation. (A) ROC curves of the hub genes in COPD. (B) ROC curves of the hub 
genes in CD. (C) Validation of expression values in COPD inflammation datasets. (D) Validation of expression 
levels in COPD inflammation datasets. This is a statistically significant marker, *P < 0.05, **P < 0.01 and 
***P < 0.001.
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(COPD) and GSE75214 (CD), mainly related to immune and infectious diseases, suggesting a potential link 
between the two conditions. Secondly, GO and KEGG enrichment analyses were performed on 349 selected 
coDEGs. GO analysis showed that BP functions were mainly concentrated in leukocyte-mediated immune 
responses, cytokine-mediated immune regulation, and molecular immunity to pathogens, while KEGG 
functional enrichment was mainly concentrated in pathogen recognition, immune cell activation, and regulation 
of immune responses. The study suggested that the mechanism linking COPD and CD might be closely related 
to the regulation of the immune system, especially in the regulation of immune and inflammatory responses. 
Some relevant studies had shown that gut microbes enhance resistance to bacterial infections in the lungs 
by modulating intestinal immune cells30. According to research, beneficial bacteria such as Parabacteroides 
goldsteinii could improve COPD symptoms by modulating the immune response31. To explore coDEGs in 
depth, eight shared hub genes were selected for GO/KEGG enrichment analysis. The BP functions of GO were 
mainly focused on including pathogen recognition, immune cell activation, and inflammatory response to 
cell death. After validating the hub genes’ function, their significance were confirmed in patients with COPD 
and CD by analyzing the COPD versus CD validation dataset. Eight shared hub genes (CCL2, CXCL1, TLR2, 
ICAM1, PTPRC, ITGAX, PTGS2, and MMP9) were found to play a crucial role in both conditions. Since gut 
microbes can directly influence the characteristics of the immune system, immune activation might be the 
pathway through which gut microbes act on the respiratory system. Finally, 349 coDEGs were analysed for 
immune infiltration and immune relevance of 8 hub genes. The results further confirmed the association of 
coDEGs and hub genes between COPD and CD and the presence of 18 immune cells in the immune activity. 
This suggested that intestinal inflammatory diseases may impact respiratory function through specific immune 
systems, especially in relation to COPD. However, other potential factors required further exploration.

CCL2 belonged to the chemokine superfamily and exhibited higher expression in M2-polarized macrophages, 
while its receptor CCR2 was predominantly expressed on macrophages32,33. Studies had shown a significant link 
between high CCL2 levels and COPD. Elevated CCL2 encouraged monocyte accumulation in the lungs, increasing 
the number of macrophages and exacerbating lung inflammation in COPD34. CCL2 played a key regulatory role 
in inflammatory and immune responses by binding to the CCR2 receptor and activating cell signalling and 
migration35. In intestinal inflammation, CCL2 promotes the polarization of regulatory macrophages, exerting 
a protective effect that may be crucial in the pathogenesis of CD36. Carcinogens induced CXCL1 expression, 
promoting neutrophil recruitment and worsening the inflammatory response37. In COPD, alveolar macrophages 
increased secretion of inflammatory proteins, and cigaretted smoke exposure exacerbates the release of these 

Fig. 8.  Boxplots and PCA plots of COPD and CD validation dataset datasets. (A) Box line diagram for data 
sets GSE55962 and GSE112811. (B) Box line diagram for data set GSE102133. (C) PCA diagram for data sets 
GSE55962 and GSE112811. (D) PCA diagram for data set GSE102133.
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mediators38. TLR2 was type I transmembrane receptor expressed on the cell surface39. The association of TLR2 
activation with chronic respiratory disease suggests its significant role in the T-assisted immune response in 
COPD, offering a new treatment approach for COPD with lung infections39,40. Hausmann et al.41. found that 
TLR2 expression was increased in the intestinal mucosa of CD patients using immunohistochemistry and RT-

Fig. 10.  Relative proportions of relative degrees of infiltration in COPD and CD. (A) Relative proportions in 
COPD. (B) Relative proportions in CD. This was a statistically significant marker: *P < 0.05, **P < 0.01 and 
***P < 0.001.

 

Fig. 9.  Analysis of immune cell infiltration in COPD and CD. (A) Hierarchical clustering of the distribution of 
the 18 immune cells in COPD. (B) Hierarchical clustering of the distribution of the 18 immune cells in CD.
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PCR. They observed elevated mRNA expression of TLR2 in macrophages associated with inflammation in 
CD patients, and immunohistochemistry confirmed a significant rise in TLR2 protein in inflamed mucosa. 
ICAM1 played a key role in leukocyte transendothelial migration (TEM), which regulated leukocyte rolling 
and adhesion to the vascular wall and directed leukocytes to penetrate the endothelial layer, thereby causing 
inflammation42. Leukocyte migration and interactions between fibroblasts and inflammatory cells lead to a 
notable rise in ICAM1 expression in lung fibroblasts of COPD patients43. Studies had shown that PTPRC was 
an important regulator of T-cell and B-cell antigen receptor-mediated activation and was widely involved in the 
regulation of the immune system, affecting cell proliferation, apoptosis, and signalling pathways44,45. ITGAM 
and ITGAX encoded integrins alphaM and alphaX, forming CR3 and CR4 receptors on leukocytes. These 
receptors were involved in neutrophil and monocyte adherence to endothelial cells and in the phagocytosis of 
complement-coated particles46. Ye et al.47. found that PTGS2 might be a potential diagnostic biomarker for CD. 
In addition, PTGS2 expression was increased in inflamed mucosa of CD patients, activating the prostaglandin 
D2 (PGD2) metabolic pathway48. The study by Wang et al.49. revealed the association between reduced SFTPB 
expression and the inflammatory response in COPD, which may promote PTGS2 expression and further 
inflammation. A study by Wells et al.50 found that elevated MMP9 levels were associated with an increased 
risk of acute exacerbation of COPD. An imbalance between MMP9 and TIMP1 levels could lead to abnormal 
ECM degradation or accumulation of ECM proteins in alveolar and small airway walls, potentially contributing 
to COPD development51. Thus, CCL2, TLR2, ICAM1, PTPRC, ITGAX, PTGS2, and MMP9 molecules played 

pert_type pert_id pert_iname raw_cs fdr_q_nlog10 norm_cs

trt_cp BRD-K62627508 RG-7388 − 0.8358 15.6536 − 1.869

trt_cp BRD-K08547377 Irinotecan − 0.8296 15.6536 − 1.8554

trt_cp BRD-K63343048 Orlistat − 0.8195 15.6536 − 1.8326

trt_cp BRD-K06426971 Ryuvidine − 0.7996 15.6536 − 1.7881

trt_cp BRD-K06593056 LE-135 − 0.7994 15.6536 − 1.7877

trt_cp BRD-K59574735 Ubenimex − 0.7893 15.6536 − 1.7651

trt_cp BRD-K17705806 JTC-801 − 0.7882 15.6536 − 1.7626

trt_cp BRD-K36007650 Puromycin − 0.7867 15.6536 − 1.7593

trt_cp BRD-K46604138 Dapagliflozin − 0.783 15.6536 − 1.751

trt_cp BRD-K46386702 ARRY-334,543 − 0.781 15.6536 − 1.7466

Table 1.  Potential drugs predicted by the CMAP database.

 

Fig. 11.  Relationship between hub genes and immune cell infiltration in COPD and CD. (A) Heatmap of 
correlation analysis in COPD. (B) Heatmap of correlation analysis in CD.
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important roles in both inflammatory response and immune regulation in COPD and CD, which was consistent 
with the results of this study. Despite identifying shared genetic markers through bioinformatics, the specific 
mechanisms of action in the gut-lung axis were not fully understood. Further studies were required to clarify the 
interactions and relationships among these molecular markers in the gut-lung axis. Tang et al.21. demonstrated 
the regulatory effect of gut microbiota on lung diseases via the gut-lung axis. Short-chain fatty acids, particularly 
butyrate, produced by gut bacteria, inhibited the mevalonate pathway and potentially reduced lung damage 
in chronic obstructive pulmonary disease (COPD) by modulating the systemic innate immune response52,53. 
Animal studies, as referenced in the work by Dickson et al.54. have demonstrated that alterations to the gut 
microbiota through antibiotics or dietary modifications can significantly influence allergic airway inflammation 
triggered by CD4 T cells in the host. Numerous data suggested that short-chain fatty acids played an important 
immunomodulatory function in peripheral tissues through the regulation of the gut-lung axis55–57. Therefore, 
gut microbiome interventions were another promising target for improving lung disease, which was consistent 
with the evidence provided in this study for COPD and CD.

The immune infiltration of eight hub genes suggested that intestinal diseases might affect the respiratory 
system and trigger respiratory immunity through specific immune cells. Further experiments were required to 
confirm this hypothesis. Analysis of the top 10 up- and down-regulated genes in both diseases using the CMap 
database revealed small molecule drugs associated with the expression of these shared genes. In particular, 
Dapagliflozin can regulate the composition and abundance of intestinal microbes, impacting intestinal 
function58. Studies had shown that Orlistat altered the metabolic activity of gut microorganisms by inhibiting 
the activity of gastrointestinal lipases, which further affected the inflammatory response and barrier function of 
intestinal epithelial cells59.

The study’s limitations stemmed from its limited sample size. Among the eight hub genes identified, only 
ITGAX and TLR2 showed differential expression in the COPD external validation dataset, with TLR2 being 
overexpressed in two datasets, which may limit its biomarker potential. Nonetheless, the diagnostic and 
prognostic significance of these core genes was confirmed using an independent dataset, which bolsters the 
reliability of our findings. Future experimental validation was crucial for confirming these results. Challenges 
persist in fully understanding disease mechanisms despite insights gained from gene and pathway analyses. To 
precisely elucidate the complex relationships between COPD, CD, and their phenotypes, expanding the sample 
size and conducting diverse studies are necessary.

Materials and methods
The design flowchart of the study was shown in Fig. 12.

Data collection
Gene expression for (chronic obstructive pulmonary disease) COPD and Crohn’s disease (CD) was downloaded 
from the GEO (http://www.ncbi.nlm.nih.gov/geo/) database. COPD GSE148004 was an independent dataset 
that included tissues from 7 COPD patients and 9 healthy individuals. The independent dataset GSE75214 
included 8 CD tissues and 11 healthy tissues. The COPD validation dataset GSE55962 contained tissues from 24 
COPD tissues and 82 normal controls, and GSE112811 contained tissues from 20 COPD tissues and 44 normal 
controls. The CD validation dataset GSE102133 contained tissues from 62 CD tissues and 12 normal controls. 

Fig. 12.  Flow chart of research design.
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(Supplementary Table 1). After obtaining the gene expression data, gene annotation was performed using R 
software (version 4.3.2, June 11, 2024).

Gene set enrichment analysis in COPD and CD
Gene set enrichment analysis (GSEA) was conducted for COPD and CD using the ClusterProfiler package in 
R software (version 4.3.2, June 16, 2024). The analysis utilized the gseKEGG function with specific parameters: 
minGSsize = 3, maxGSSize = 500, pvalueCutoff = 0.05, and pAdjustMethod = ‘BH’.

Identification of differentially expressed genes in COPD and CD
The GEO database data was normalized using the ‘limma’ package in R software (version 4.3.2, June 11, 2024). 
We found that when COPD and CD were selected |log2(FoldChange)| >0.5 or |log2(FoldChange)| >1.0, the 
subsequent analyses were unsatisfactory. Therefore, screening criteria for COPD differentially expressed genes 
were: adjusted p-value < 0.05 (p.adj < 0.05) and |log2(FoldChange)| > 1, and for CD differentially expressed 
genes: adjusted p-value < 0.05 (p.adj < 0.05) and |log2(FoldChange)| >0.5. Volcano plots visualized the DEGs 
for COPD and CD, created using the ‘ggplot2’ package in R software (version 4.3.2, June 11, 2024). Common 
DEGs for up and down regulation in COPD and CD were termed up coDEGs and down coDEGs. The overlap 
of the DEGs between the two diseases was identified by drawing “ComplexHeatmap” and “VennDiagram” using 
bioinformatics tools on the Xiantao academic website (https://www.xiantaozi.com/).

Functional enrichment analysis
Gene ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses were 
performed on selected coDEGs using the R ClusterProfiler package. Statistically significant coDEGs were 
identified with thresholds of qvalue < 0.01, pvalue < 0.05, and pAdjustMethod = ‘BH’.

Constructing protein-protein interaction networks to access key modules and hub genes
The STRING database (https://string-db.org/) was used to perform searches for molecular interactions and to 
predict protein interactions. The protein-protein interaction (PPI) network of 349 coDEGs in COPD and CD 
were constructed by setting the reference value to a confidence score greater than 0.4. The PPI network graphs 
were further visualised with the help of Cytoscape (version 3.9.1) software. The Molecular Complex Detection 
(MCODE) plug-in in Cytoscape was used to screen the core gene clusters for PPI interactions in coDEGs. The 
screening criteria for the key modules included MCODE degree cutoff > 2, node score cutoff = 0.2, maximum 
depth = 100, and k-score = 2. The maximum correlation (MCC) algorithm, maximum neighbourhood 
component (MNC) algorithm, degree algorithm, and edge penetration component (EPC) algorithm were used 
to filter core gene clusters from 349 coDEGs using the CytoHubba plug-in in Cytoscape software. Subsequently, 
the pivotal genes were screened using the Xiantao academic website.

Enrichment analysis, expression level verification and diagnostic value of hub genes
GO and KEGG enrichment analysis of hub genes was performed using the ClusterProfiler package and the 
results were visualised using the ggplot2 package. Receiver operating characteristic (ROC) curves were plotted 
to assess the diagnostic value of the centromeric genes using the qROC package in R software (version 4.3.2, 
June 29, 2024). Area under the curve (AUC) and 95% confidence interval (CI) were used to assess the levels of 
hub genes on COPD and CD, respectively. In addition, the shared hub genes were externally validated using 
the validation datasets GSE112811, GSE55962, and GSE102133, and the expression levels of the diagnostic 
biomarker genes were further validated by performing the Mann–Whitney U test (Wilcoxon rank-sum test) for 
the hub genes based on the expression profile data characteristics.

Immune cell infiltration analysis
By using Single Sample Gene Set Enrichment Analysis (ssGSEA) in the GSVA package, this study aimed to 
validate bioinformatics results and explore the link between COPD and CD. The study calculated infiltration 
levels of 28 immune cells in COPD and CD gene sets, focusing on 18 specific immune cells. Data on immune 
cells and immune function were combined to create heat maps with immune cell clustering. Box plots were 
generated using the ggplot2 package in R software (version 4.3.2, July 5, 2024) to compare expression levels 
of immune cells in disease and control samples. The Wilcoxon rank sum test was used to identify statistically 
significant differences (P < 0.05). Correlation coefficients and P-values were calculated for pivotal genes and 
immune cell abundance profiles, with P-values < 0.05 considered significant. A heatmap showing the correlation 
between immune cells and pivotal genes was created using the pheatmap package in R software (version 4.3.2, 
July 5, 2024).

CMap database for drug response prediction studies on the basis of common genes
Connectivity Map (CMap) (https://clue.io/query) was a gene expression profiling database used to identify 
potential therapeutic targets or drugs submitted to gene signatures. 10 up regulated genes and 10 down regulated 
genes were loaded into the CMap online tool. The proximity between the query signature and the compound was 
estimated using the score from norm_cs. Drugs with negative scores were usually interpreted as having potential 
therapeutic effects and will be selected as drug candidates.

Conclusion
In this study, the common molecular pathogenesis of COPD and CD was investigated, revealing their connection 
through the gut-lung axis. The study found that COPD and CD could interact through the innate and adaptive 
immune systems. Analysis of immune infiltration identified eight hub genes involved in the immunopathological 
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processes of both diseases. This offered new insights into their pathogenesis, molecular mechanisms increasing 
their morbidity, and potential therapeutic targets. Using CMAP to predict potential drugs enhanced our 
understanding of these diseases and offered new avenues for therapeutic strategies.

Data availability
The original data used in this study are all publicly available. This data can be found here: ​h​t​t​p​s​:​/​/​w​w​w​.​n​c​b​i​.​n​l​m​.​
n​i​h​.​g​o​v​/​g​e​o​/​​​​ under the accession numbers GSE148004, GSE75214, GSE55962, GSE112811, and GSE102133. My 
data is provided within the supplementary information files.
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