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Abstract
Background

Chronic obstructive pulmonary disease (COPD) has become the fourth most lethal disease in the world
and is expected to rise to the third most lethal disease in the world after 2030.COPD is complex and has
clinical heterogeneity. However, identifying the subgroup characteristics of chronic obstructive pulmonary
disease has become a challenge.

Objectives

The ultimate goal of studying these different subgroups is to �nd patients with unique treatment goals
and formulate targeted treatment plans to improve the prognosis of the disease and improve the quality
of life of patients.

Methods

We obtained the relevant gene chip by searching the gene expression omnibus (GEO) database.
According to the gene expression pro�le, 151patients with chronic obstructive pulmonary disease were
divided into three subgroups, which showed different expression patterns. Therefore, we used weighted
gene coexpression analysis (WGCNA) to identify the differences between different subgroups and
identi�ed �ve subgroup speci�c weighted gene coexpression analysis modules.

Results

The characteristics of WGCNA module showed that subjects in subgroup I showed airway remodeling
characteristics; Subjects in subgroup II showed metabolic activity; Subjects in subgroup III showed
in�ammatory characteristics.

Conclusions

This study obtained the clinical subgroup classi�cation of chronic obstructive pulmonary disease
through consensus clustering, and found that patients in different subgroups may have unique gene
expression patterns, which can help researchers explore new treatment strategies for COPD according to
the characteristics of clinical subgroups.

1 Background
Chronic obstructive pulmonary disease (COPD), referred to as COPD for short, is a chronic airway
in�ammatory disease characterized by persistent respiratory symptoms and air�ow restriction.
Macrophages, neutrophils and in�ammatory cells including Tc1, Th1, Th17 and ilc3 lymphocytes in
peripheral airways, lung parenchyma and pulmonary vessels increase signi�cantly and release a variety
of in�ammatory mediators(1).COPD has been more than 250 million worldwide, which the incidence rate
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is over 8.6%, 13.7% and 27.4% in 20, 40, 60 yeras old. It has become the main cause of global morbidity
and mortality with be expected that it will become the third largest cause of death in 2030(2–4).Since the
classic research of Fletcher C and Peto R, spirometry has been introduced into the diagnosis of diseases.
In clinical practice, FEV1 / FVC < 70% after inhalation of bronchodilators is used to judge the existence of
continuous air�ow restriction, which is used as the pulmonary function standard for the diagnosis of
COPD(5–6).FEV1 is often used to evaluate the severity of air�ow restriction in clinic and FEV1 accounted
for 80%, 50% and 30% of the expected value is corresponding to mild, moderate, severe and very severe
COPD,after using bronchodilators(7–8).The study found that smoking can lead to the frequent and acute
exacerbation of COPD. With the increase of smoking history, the increase of smoking times and the
increase of "package / year" index, the frequency of bronchial obstruction in patients with chronic
obstructive pulmonary disease increases, which can be used as a predictor of the increase of mortality of
such diseases(9).Moreover, smoke stimulation (CSE) can promote the progress of COPD by down
regulating growth differentiation factor 11 (Gdf11) and activating the expression of Akt signal
transduction pathway(10).However, in the study of disease progression and adverse prognosis of
oligomyosis and COPD, it was found that the incidence of COPD in the low BMI group (7.6%) was
signi�cantly higher than that in other groups (3.4–4.1%, P < 0.0001), while the incidence of COPD in the
low BMI group (20.1%) was higher than that in other groups (8.4–12.4%) among participants with
smoking history ≥ 30 years, Therefore, it can be found that BMI index is signi�cantly correlated with the
risk of COPD occurrence and death(11).

High throughput sequencing (HTS) is a representative innovative technology in the emerging biological
�eld in recent years. It is used to study the biomarkers of genes and proteins in human tissue or blood,
and can re�ect the progress of diseases at the level of genome, epigenome, transcriptome, proteome and
metabolome(12–13). Through the transmission process of genetic data such as transcription, translation
and protein modi�cation,high throughput gene sequencing can also analyze the disease risk and
response to treatment which is the phenotype of the disease(14–15).Through genome sequencing, it was
found that the expression of IL-1β TNFα and IL-17 of neutrophils and eosinophils in different subgroups
of COPD was different(16).Genome wide association analysis (GWAS) found that 37 genetic variants
were associated with COPD (P < 0.05), in which the C allele of the synonymous variant rs8040868
decreased the cholinergic gene receptorα 5 (CHRNA5) expression and was associated with nicotine
addiction in chronic obstructive pulmonary disease(17–18).Genome wide association analysis (GWAS)
found that rs2013701 can speci�cally regulate the allele of fam13a in 16HBE cells, which is related to the
decline of lung function, and the expression of fam13a can increase the risk of COPD(19).However, most
studies only pay attention to the differential genes between COPD and control group and rarely pay
attention to the differential genes between COPD patients.In cancer research, tumor samples are usually
divided into several subtypes according to gene expression patterns, which can reveal the heterogeneity
between tumors,predict clinical endpoints and guide treatment(20).In order to promote the understanding
of the classi�cation of chronic obstructive pulmonary disease, we divided the cases of chronic
obstructive pulmonary disease into three subgroups according to the gene expression pro�le, and
screened the functions of speci�c genes related to subgroups by annotating the corresponding
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coexpression function modules with the path of Kyoto Encyclopedia of genes and genomes database
(KEGG).

2 Materials And Methods
2.1 Data collection

2.1.1 Download data

We used R/Bioconductor package GEOqueryt(201)to extract "Gene Expression Omnibus" (GEO) objects.
Searched the GEO database (https://www.ncbi.nlm.nih.gov/geo/), the search term was "Chronic
obstructive pulmonary disease", the gene chip that meets the requirements was included in this study,
and the platform �les and sequence probe matrix were downloaded separately document. According to
the annotation information of the platform �le, converted the probe matrix into a gene matrix. Extracted
the information about the clinical features in the probe matrix �le into the newly created EXCEL as the
clinical data �le for the research.

2.1.2  inclusion and exclusion criteria

Inclusion criteria: (1) patients with chronic obstructive pulmonary disease, including clinical gender, age,
smoking time, BMI index, FEV1 value and other basic clinical information; (2) The type of study was
contralateral gene expression pro�le; (3) The input type is series; (4) The study included samples from the
COPD group and the normal control group. Exclusion criteria: (1) there was no comparison between the
disease group and the normal group; (2) The sample size of each group is less than 20.

2.2   Removal of batch effect

Firstly, "limma" package and "SVA" package in R / Bioconductor are used to merge the expression data
and perform batch correction 22 . When the data of Log1 is converted, only the data of log2 is taken as
the mean value, and the data of Log1 is retained. When there is differential batch effect in the data,
combat SEQ can obtain better statistical ability and control the false positive rate compared with other
available methods. Therefore, we choose the combat method to eliminate the batch effect between
platforms. Finally, the R / ggplot2 package is used for principal component analysis to evaluate whether
the batch effect is removed.

2.3 Consensus clustering

Firstly, the "limma" package and "consensus cluster plus" package in R / Bioconductor package were used
for consensus clusteringt(23), and the included COPD cases were divided into different subgroups. K-
means algorithm with Spearman distance is used for clustering. Set the maximum cluster number to 10,
and the �nal cluster number is determined by the consistency matrix and cluster consistency score (>
0.8).
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2.4 Compare the clinical characteristic subgroups of the three groups

The paired Wilcoxon rank sum test was performed on the data in the three subgroups to detect whether
there were differences in the clinical indexes of COPD patients between the age and the number of years
of smoking in each subgroup (* represents P < 0.05, * * represents P < 0.01, * * * represents P < 0.001).

2.5 Extraction of speci�c up-regulated genes in subtypes

Subgroup speci�c up-regulated genes were determined by comparing cases in a speci�c subgroup with
cases in other subgroups. It should be noted that Wilcoxon is adopted ʼ S ‐ sum rank test was used to test
the differential expression. After correction, the threshold of P value was less than 0.05 and the absolute
value of mean difference was more than 0.2. For a given gene, the difference in the mean is calculated by
subtracting the expression mean of the normal control group from the cases of a speci�c subgroup.

2.6 gene set enrichment analysis

Whether there are differences in gene enrichment between each gene set and the normal gene set was
also observed by gene analysis. Gene set enrichment analysis is implemented in GSEA 4.1.0 in GSEA
prerank mode. Gene set �les (genotyping speci�c gene �les) are composed of subgroup speci�c up-
regulated genes. The gene list of each subgroup is sorted by the p value of t-test, which is calculated by
comparing the COPD cases of each subgroup with the normal control group.

2.7 Weighted gene coexpression network analysis

Weighted gene Co ‐ expression analysis (WGCNA) was used to analyze typing speci�c genes in
subgroups. WGCNA has been proved to be an effective method to detect multiple coexpression modules
and can be used to �nd clustering (modules) of highly related genest(24). Find the optimal power value
through the power value scatter diagram and calculate the distance between genes. In addition, the
average method and dynamic method are used for hierarchical cluster analysis, the cluster diagram is
established respectively, the genes are classi�ed, and the similar modules are combined. We �nally
determine �ve functional modules, calculate the cor function by using the Spearman method in WGCNA,
and calculate the Spearman correlation coe�cient and its corresponding relationship, and the p value
between clinical characteristics and functional modules. At the same time, the labeled heat map function
option in WGCNA package is used to draw the heat map, visualize the data, and set the low expression of
gene to blue, the middle expression to white, and the high expression to red.

2.8 KEGG enrichment analysis

Each functional module of WGCNA is enriched and analyzed in the Kyoto Encyclopedia of genes and
genomes database (KEGG), which is a reference knowledge base for the biological interpretation of
genome sequences and other high-throughput data. The genome of KEGG pathway is downloaded from
msigdb, and the gene species are selected as human (25). During KEGG enrichment analysis, set the p-
value �ltering condition to < 0.05. Visualize the enrichment results and draw bubble diagram.
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3 Results
3.1 microarray data characteristics

Three independent microarray information were included in this study, involving three independent
clinical trials, which were taken from geo database, including 277 samples of gse37768, gse76925 and
gse130928 (including 151 patients with chronic obstructive pulmonary disease and 126 healthy
subjects). All provided clinical information such as age, lung function, smoking and body mass index.

3.2 Eliminate batch effect through cross platform standardization

In order to eliminate the batch effect from different platforms and different batches, we use the combat
method to eliminate the batch effect between data sets. A total of 15326 genes were detected on three
microarray platforms. Before eliminating the batch effect, the samples were clustered by batch according
to the �rst two main components (PCS) of the non standardized expression value (Fig. 1a). In contrast,
the scatter diagram is standardized based on principal component analysis. The results show that the
samples of three batches are mixed together, indicating that the batch effect caused by different
platforms has been thoroughly understood (Fig. 1b). The results show that cross platform
standardization successfully eliminates the batch effect after batch correction.

3.3 Consensus clustering of COPD cases

The expression �les corrected by batch effect and the sample information of disease group were used for
cluster analysis. 151 patients with COPD were divided into subgroups.According to the consistency
scoring in data statistics, the consistency cluster analysis of gene expression pro�le is divided into three
subgroups, in which the number of cases in subgroups I, II and III are 55, 49 and 47 respectively, which
have signi�cantly different expression patterns (Fig. 2a).On the contrary, based on the consistency matrix,
a high similarity of gene expression patterns was observed in each subgroup. Generally speaking, the
higher the consistency score, the more stable the high score type is.In the results of this study, when
divided into 2 groups and 3 groups, the cluster consistency score of each subgroup is higher than 0.8,
which indicates that these classi�cations are more robust than other clusters, and it is better when
considering more groups (Fig. 2b). Therefore, 151 patients with chronic obstructive pulmonary disease
were divided into 3 subgroups.By describing the clinical characteristics of the three subgroups and
analyzing the data of 151 cases of chronic obstructive pulmonary disease, it was found that the age of
subgroup I was younger (Fig. 3a), and the age of subgroup II and III was older. Smoking time in
subgroups II and III was signi�cantly longer than that in subgroup I (Fig. 3b), indicating that subjects in
subgroups II and III were heavier in subgroup I, while subgroup I developed earlier. However, no
differences were found in age and smoking time in subgroups II and III.

Table 1 The number of differentially expressed genes by case-control and case‐case comparisons and
weighted gene co‐expression analysis modules in each subgroup
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Transciptome
classi�cation

#of upregulated
genes by case-
control
comparison

#of downregulated
genes by case-
control comparison

#of subgroup-speci�c
upregulated genes by
case-control comparison

Modules

74 5220 1076 Brown

418 1257 4271 Blue and
Yellow

562 28 2339 Turquoise

3.4 Identi�cation of gene coexpression modules of subgroups

In order to reveal the gene differences between COPD subgroups, WGCNA analysis was carried out under
the expression level of speci�cally up-regulated genes in each subgroup.Through the paired differential
expression analysis between each two subgroups, 1076, 4271 and 2339 genes were speci�cally up-
regulated in subgroups I, II and III respectively (the corrected threshold was p < 0.05, and the absolute
difference of the average value was > 0.2).Differential expression analysis was performed by comparing
the gene expression pro�les of each subgroup with those of the normal control group.The results of
GSEA enrichment analysis showed that there was also signi�cant difference between the speci�c up-
regulated genes in the subtypes and the normal samples (Fig. 4a-c, FDR < 0.05). It is worth noting that the
number of up-regulated genes in each subgroup I is relatively less than that in the control group.

Based on the expression levels of 7686 speci�cally up-regulated genes in the subgroup, a gene heat map
expression network was constructed, which identi�ed �ve WGCNA modules (Fig. 4D Table 1).By
analyzing the relationship between WGCNA module and corresponding subgroups and KEGG enrichment,
it was found that PPAR signaling pathway, regulation of actin cytoskeleton and platelet activation
pathway were signi�cantly enriched only in brown module (Fig. 5a), and brown module was signi�cantly
enriched in sub I, indicating that subjects in sub group I showed airway remodeling characteristics;
Glycerol phospholipid metabolism, peroxisome and neuroactive ligand receptor interaction are only
signi�cantly enriched in the blue module, trap interaction in vesicle transport and bacterial invasion of
epithelial cells are only signi�cantly enriched in the Yellow module, vascular smooth muscle contraction
is only signi�cantly enriched in the blue and yellow modules, and yellow and blue modules are
signi�cantly enriched in subgroup II, The results showed that the subjects in subgroup II showed the
characteristics of metabolic activity; JAK-STAT signal pathway, PI3K Akt signal pathway and HIF-1 signal
pathway are signi�cantly enriched in the green module, and the green module is signi�cantly enriched in
subgroup III, indicating that the subjects in subgroup III show in�ammatory characteristics.However, the
gray module did not �nd signi�cant enrichment in the corresponding subgroups.These �ndings suggest
that each subgroup has its speci�c functional modules or pathways that can regulate the occurrence or
progression of COPD.

3.5 Clinical features and WGCNA module discussion
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Through the correlation module, correlation coe�cient and corresponding p value of clinical features and
WGCNA, the relationship between the characteristic genes of each module and BMI index or FEV1 is
analyzed and calculated. It is found that the characteristic genes are represented by the characteristic
vector of gene expression matrix.Brown and gray modules were not associated with BMI index or FEV1
(Fig. 5b), indicating that the airway remodeling process in subgroup I was not signi�cantly correlated with
BMI index or FEV1. In contrast, blue and yellow modules were negatively correlated with BMI index or
FEV1, and the difference was statistically signi�cant, indicating that patients with low BMI index and high
FEV1 were metabolically active in subgroup II; The green module was positively correlated with BMI index
or FEV1, and the difference was statistically signi�cant, indicating that patients in subgroup III showed a
continuously enhanced in�ammatory response with the increase of BMI index and the decrease of
FEV1.Our results further suggest that the WGCNA module is associated with some clinical features, such
as BMI index or FEV1.

4. Discussion
In recent years, subgroup analysis has been widely used to screen biomarkers related to clinical traits in
cancer, which is conducive to analyze the molecular function of biomarkers in different subgroups in
cancer. In addition, the association between gene differences between subgroups and internal or external
factors can also be analyzed.For example, subgroup analysis found that HNF4α can activate the
classical gene expression program and inhibit the expression of Six4 and Six1 to inhibit tumor growth in
the growth and molecular subtype of pancreatic ductal carcinoma (26).In addition to cancer research,
other diseases can also be analyzed by clinical variables and transcriptional differences or subtypes,
such as preeclampsia, psoriasis, coronary heart disease and other diseases (27–28).Although these
studies have some limitations, they have improved our new understanding of disease research methods.
The clinical manifestations of COPD are very complex and have obvious clinical heterogeneity. Different
from the previous studies that simply analyzed the gene expression of COPD and normal control group,
this study further divided the cases of COPD into subgroups. The results showed that different subgroups
showed different clinical characteristics.For example, according to the comparison of onset age and
smoking time, it is found that patients in subgroup I have an earlier onset, while patients in subgroup II
and III have a later onset. However, the smoking time of subgroups II and III was longer, and the decline of
FEV1 was faster, suggesting that the patients in subgroups II and III were faced with severe disease.In
addition, we not only proved the subgroup speci�c functional modules and pathways and the regulatory
pathways related to COPD, but also constructed the relationship between speci�c pathways and speci�c
subgroups.For example, peroxisome proliferator activated receptor (PPAR) is a receptor in the nucleus,
and its family member PPAR γ Agonists can inhibit the proliferation of human airway smooth muscle
cells and reduce airway remodeling(29). In our study, PPAR signaling pathway was most signi�cantly
enriched in subgroup I.In addition, PPAR- γ It can also inhibit the activation of TGF- β 1-smad2 / 3
pathway, which plays an important role in epithelial mesenchymal transformation and airway
remodeling(30).Studies have shown that artesunate can signi�cantly intervene airway in�ammation
induced by CSE through PPAR- γ/ TGF- β 1 / Smad2 / 3 signaling pathway to inhibit cell proliferation and
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improve airway remodeling in rats in vivo and in vitro(31).Pioglitazone (PGZ), an agonist of PPAR γ, can
regulate the expression of its downstream protein G protein signal regulator and inhibit airway
remodeling induced by ovalbumin in asthmatic mice, accompanied by IL-4, IL-13, IL-17 and IFN- γ and the
decrease of serum IgE level(32).At the same time, the regulatory signal pathway of actin cytoskeleton
was also signi�cantly enriched in subgroup I.Fam13a is a modi�ed gene of cystic �brosis lung disease
phenotype, which can regulate RhoA activity, actin cytoskeleton dynamics and epithelial mesenchymal
transformation to change the remodeling of cytoskeleton in many lung diseases such as COPD, asthma
and pulmonary hypertension, which is related to the assembly of focal adhesion and F-actin stress �bers
(33–34).However, subgroup II showed signi�cant enrichment of glycerol phospholipid metabolism,
peroxisome, neuroactive ligand receptor interaction and other pathways, and showed the characteristics
of active metabolism. Glycerol phospholipids (mainly including LPA, LPS, LPG and LPC) are the main
components of cell membrane and play an important role in cell growth, migration, signal recognition and
apoptosis.Recent studies have shown that glycerophosphate is involved in the pathogenesis of lung
diseases such as pulmonary infection, asthma and COPD, and is related to the disorder of lipid
metabolism of alveolar surfactant. Cigarette smoke can induce alveolar surfactant dysfunction, alveolar
epithelial cell apoptosis and emphysema (35–36).The study found that
lysophosphatidylcholinyltransferase (lpcat) can participate in the conversion of LPC and acyl CoA into
PC and free COA, thereby reducing the concentration of endogenous LPC, while lpcat gene is highly
expressed in COPD patients, which is related to the severity of FEV1% PRED lung function (37).In
subgroup III, we found that JAK-STAT signal pathway, PI3K Akt signal pathway and HIF-1 signal pathway
were signi�cantly enriched and showed signi�cant in�ammatory characteristics.Among them,
phospholipase A2 receptor 1 (pla2r1) in COPD patients can promote in�ammatory response and
accelerate the formation of emphysema, pulmonary �brosis and pulmonary hypertension through Janus
kinase (JAK) / signal transducer and activator of transcription (STAT) signal transduction. Rusotinib, an
inhibitor of Jak1, can alleviate this process (38).Chemokine (CCR1) can regulate JAK / STAT3 / NF- κ B
signaling pathway in mediating the in�ammatory response caused by smoking and can induce IL-8, IL-
6,TNF- α and other chronic in�ammatory factors (39).Recent studies have shown that HIF-1α
overexpressed in the serum of patients with COPD can raise the expression of in�ammatory factors by
activating EGFR / PI3K / Akt pathway.Meanwhile, pulmonary in�ammation can activate EGFR / PI3K /
Akt pathway to feedback up regulate HIF-1α thus aggravate the in�ammatory response of COPD
(40).Finally, studies have demonstrated that environmental particles (PM) can regulate amphiregulin
(areg) and epidermal growth factor receptor (EGFR) through PI3K-Akt pathway to promote in�ammation
and mucus hypersecretion in COPD and asthma (41).Combined with the analysis of clinical
characteristics, it can be found that the subjects in subgroup I smoked for a short time, had a young age
of onset, and showed the characteristics of early airway remodeling; Subjects in subgroups II and III
smoked for a longer time, had a later age of onset, showed active metabolism and in�ammatory
characteristics, and could cause more severe COPD subgroups.

In summary, through the above results, this paper further proves that different subgroups represent
different development stages and internal biological characteristics of COPD. We look forward to large
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sample prospective trials in the future.

In conclusion, inspired by the study of cancer subgroups, we adopted a similar strategy to reveal the
molecular subgroups of COPD. The ultimate goal of studying these different subgroups is to �nd patient
groups with unique treatment characteristics and formulate targeted treatment plans.Our study suggests
that patients in different subgroups may have unique gene expression patterns. This new classi�cation
method is helpful for researchers to explore new treatment strategies for COPD according to the
characteristics of clinical subgroups, improve the prognosis of the disease and improve the quality of life
of patients.
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Figures

Figure 1

PCA of gene expression data set. scatters of different colors represent samples from three different data
sets. A, PCA diagram before batch correction; B, PCA diagram
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Figure 2

Consensus clustering of gene expression pro�les in patients with COPD. A, the consistency matrix, when
the number of clusters, is 3 that is determined by the minimum consistency score (> 0.8) of the subgroup;
B, consistency scores for subgroups with cluster numbers between 2 and 10.
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Figure 3

Paired comparison of clinical features between subgroups. (a) The relationship between the age of onset
in each subgroup and the subgroup. (b) The relationship between each subgroup and smoking time was
shown separately.
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Figure 4

The expression patterns of subgroup‐speci�c upregulated genes. The enrichment plots of (a), (b), and (c)
illustrate the subgroup‐speci�c upregulated genes are also expressed higher in the corresponding
subgroup than the normal controls. (d) The scaled expression values of genes that comprise each of the
�ve weighed gene co‐expression network analysis modules are displayed in the heat‐map.
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Figure 5

Functional characterization and clinical association of WGCNA modules. (a) The heat‐map shows the
negative log10 p‐value signi�cance of top 20 of the signi�cantly enriched Kyoto Encyclopedia of Genes
and Genomes (KEGG) pathways for each WGCNA module. Overrepresentation of WGCNA modules in
KEGG pathways was evaluated by overrepresentation enrichment analysis. (b) The negative correlation
coe�cients of positive and WGCNA modules with clinical characteristics, BMI index and FEV1 were
expressed in red and green; WGCNA: weighted gene coexpression network analysis.


