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Introduction: Chronic obstructive pulmonary disease (COPD), an incurable chronic respiratory disease, has become a major public 
health problem. The relationship between the composition of intestinal microbiota and the important clinical factors affecting COPD 
remains unclear. This study aimed to identify specific intestinal microbiota with high clinical diagnostic value for COPD.
Methods: The fecal microbiota of patients with COPD and healthy individuals were analyzed by 16S rDNA sequencing. Random 
forest classification was performed to analyze the different intestinal microbiota. Spearman correlation was conducted to analyze the 
correlation between different intestinal microbiota and clinical characteristics. A microbiota-disease network diagram was constructed 
using the gut MDisorder database to identify the possible pathogenesis of intestinal microorganisms affecting COPD, screen for 
potential treatment, and guide future research.
Results: No significant difference in biodiversity was shown between the two groups but significant differences in microbial 
community structure. Fifteen genera of bacteria with large abundance differences were identified, including Bacteroides, Prevotella, 
Lachnospira, and Parabacteroides. Among them, the relative abundance of Lachnospira and Coprococcus was negatively related to 
the smoking index and positively related to lung function results. By contrast, the relative abundance of Parabacteroides was 
positively correlated with the smoking index and negatively correlated with lung function findings. Random forest classification 
showed that Lachnospira was the genus most capable of distinguishing between patients with COPD and healthy individuals 
suggesting it may be a potential biomarker of COPD. A Lachnospira disease network diagram suggested that Lachnospira decreased 
in some diseases, such as asthma, diabetes mellitus, and coronavirus disease 2019 (COVID-19), and increased in other diseases, such 
as irritable bowel syndrome, hypertension, and bovine lichen.
Conclusion: The dominant intestinal microbiota with significant differences is related to the clinical characteristics of COPD, and the 
Lachnospira has the potential value to identify COPD.
Keywords: chronic obstructive pulmonary disease, intestinal microbiota, 16S rDNA sequencing, Lachnospira, gut-lung axis

Introduction
Chronic obstructive pulmonary disease (COPD) is an incurable chronic respiratory disease, characterized by persistent 
respiratory symptoms and airflow restriction due to airway or alveolar abnormalities.1 The morbidity and mortality of 
COPD are rising every year worldwide and the World Health Organization estimates that COPD will be the third leading 
cause of death in the world by 2030.2 Although our understanding of COPD is improving, the pathological mechanism of 
COPD has not been fully elucidated. Existing evidence shows that in addition to smoking, which is the main risk factor 
for COPD,3,4 other environmental factors, age, and infection are associated with low lung function.5–7 In recent years, the 
fecal microbiome is thought to differ between patients with COPD and healthy individuals,8 and intestinal microbiota 

International Journal of Chronic Obstructive Pulmonary Disease 2024:19 873–886                    873
© 2024 Lai et al. This work is published and licensed by Dove Medical Press Limited. The full terms of this license are available at https://www.dovepress.com/terms.php 
and incorporate the Creative Commons Attribution – Non Commercial (unported, v3.0) License (http://creativecommons.org/licenses/by-nc/3.0/). By accessing the work 

you hereby accept the Terms. Non-commercial uses of the work are permitted without any further permission from Dove Medical Press Limited, provided the work is properly attributed. For 
permission for commercial use of this work, please see paragraphs 4.2 and 5 of our Terms (https://www.dovepress.com/terms.php).

International Journal of Chronic Obstructive Pulmonary Disease           Dovepress
open access to scientific and medical research

Open Access Full Text Article

Received: 14 September 2023
Accepted: 5 March 2024
Published: 5 April 2024

http://orcid.org/0000-0001-9921-3425
http://orcid.org/0000-0002-2305-1519
http://orcid.org/0009-0003-4028-7202
http://www.dovepress.com/permissions.php
https://www.dovepress.com/terms.php
http://creativecommons.org/licenses/by-nc/3.0/
https://www.dovepress.com/terms.php
https://www.dovepress.com


composition is closely interacted with lung immunity.9 However, the relationship between the composition of intestinal 
microbiota and important clinical factors related to COPD remains to be further studied.

The intestinal microbiota is the largest and most complex microecosystem of the human body and participates in 
many physiological and pathological activities, including an important role in lung function.10 In recent years, intestinal 
microbiota imbalance has been recognized as a risk factor for COPD.11 In COPD patients, an increase in gram-negative 
bacteria can aggravate the release of intestinal endotoxin, cause indirect lung injury, and accelerate the progress of the 
disease,12 whereas intestinal mucosal hypoxia and ischemia caused by metabolic abnormalities in patients with COPD 
lead to the loss of intestinal integrity and ultimately an imbalance of intestinal microbiota.13 These studies reveal that 
COPD and intestinal microbiota bidirectionally influence each other. Moreover, the structure of intestinal microbiota can 
be changed by COPD risk factors (smoking and gender) in normal/pathological conditions.14–16 It can be inferred that 
there must be a causal relationship between intestinal microbiota imbalance and the development of COPD. Herein, 
understanding the correlation between intestinal microbiota and these clinical features is conducive to the early 
identification of patients requiring intervention and improving their prognosis. Here, we used high-throughput 16S 
rDNA sequencing to analyze the intestinal microbiota and correlate these data with the clinical characteristics of patients 
with COPD to help identify specific intestinal microbiota with high clinical diagnostic value. This may help to develop 
new and advanced methods to control intestinal microbiota to prevent the deterioration and progression of COPD.

Methods
Cohort Design and Sample Collection
This study was carried out in the Department of Respiratory Medicine, Affiliated Hospital of Guangdong Medical 
University from October 2019 to May 2021. The study was approved by the Ethics Committee of the Affiliated Hospital 
of Guangdong Medical University (approval No. PJ2015101KT). We recruited 35 healthy control participants and 37 
patients with COPD treated in the outpatient department. Patients who met the inclusion criteria were enrolled after 
signing the informed consent form. All procedures were implemented in accordance with the Declaration of Helsinki. 
The inclusion criteria were: (1) findings in line with the diagnostic criteria of the Global Initiative on Chronic Obstructive 
Pulmonary Disease (GOLD; revised in 2019) based on pulmonary function tests (after inhalation of bronchodilators), eg, 
first forced expiratory volume (FEV1)/forced vital capacity (FVC)<0.7 and (2) stable condition. The exclusion criteria 
were: (1) existence of primary intestinal diseases; (2) pregnancy; (3) presence of active pulmonary tuberculosis and other 
diseases; (4) use of antibiotics, systemic intravenous hormones, or probiotics in the last 4 weeks; and (5) incomplete data.

The names, gender, age, medical history, and medication history of all participants were collected. Vital capacity was 
measured after the administration of bronchodilators to assess airway obstruction. We collected blood samples for clinical 
chemical analysis after fasting for at least 8 h and measured the proportion of white blood cells and neutrophils with an 
automatic analyzer (Sysmex XN3000). We collected fresh fecal samples (1 g of each sample) from the middle and inside parts 
of each participant’s feces. During the sampling process, we avoided touching the inner surface of the container and ensured to 
avoid contamination (such as from urine). Fecal samples were stored in a freezer at −80°C until further processing.

Specimen Collection and 16S rDNA Sequencing
The total bacterial DNA was isolated from fecal samples using the HiPure stool DNA kit (No. D3141; Guangzhou, China). 
In brief, 150–200 mg fecal sample was diluted in 1.2 mL Buffer SSL and bathed in 70°C water for 10 minutes. After 
centrifugation, the supernatant was collected and incubated with 20 µL Proteinase K and 250 µL Buffer AL at 70°C for 10 
minutes. DNA of the mixture was isolated by the bead-beating method and stored at −20°C before 16S rDNA sequencing.

The V3+V4 region of 16S rDNA was amplified with Q5® High-Fidelity DNA Polymerase (New England Biolabs, 
USA) using specific primers with barcodes. 16S rDNA underwent two rounds of amplification procedures. The first 
round of amplification procedures was initial denaturation at 95 °C for 5 minute, followed by 30 cycles at 95 °C for 
1 minute, 65 °C for 1 minute, and 72°C for 1 minute and extension at 72°C for 7 minute. The second round of 
amplification procedures was the same as in the first round except that the cycle number was changed to 12. The primer 
sequence was 341F: CCTACGGGNGGCWGCAG,806R: GGACTACHVGGGTATCTAAT. The PCR amplification 
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products were cut, recycled, and quantified with the ABI StepOnePlus Real-Time PCR System (Life Technologies). We 
mixed equal amounts of purified amplification products, connected the sequencing connector, constructed the sequencing 
library, and sequenced the samples using a Hiseq2500 PE250.

Analysis of 16sDNA Sequencing Data
Raw reads were filtered using FASTP (version 0.18.0)17 according to the following rules: reads containing more than 
10% of unknown nucleotides (N) and reads containing less than 50% of bases with quality (Q-value)>20 were removed. 
Paired-end clean reads were merged as raw tags using FLASH (version 1.2.11)18 with a minimum overlap of 10 bp and 
mismatch error rates of 2%. Noisy sequences of raw tags were filtered under specific filtering conditions (raw tags with 
the default quality threshold is ≤3 were broken and tags with continuous high-quality base length are less than 75% were 
filtered) to obtain the high-quality clean tags. The obtained clean tags clustered the SILVA database (version 138.1) into 
operational taxonomic units (OTUs) of ≥ 97% similarity using the UPARSE (version 9.2.64)19 pipeline. All chimeric tags 
were removed using the UCHIME algorithm20 and finally obtained effective tags for further analysis. The tag sequence 
with the highest abundance was selected as a representative sequence within each cluster. The Mothur software was used 
to remove redundant tag sequences and select unique tag sequences (each unique sequence represented a group of 
identical tag sequences, and the number of tags represented by each unique tag was defined as the abundance of this tag). 
To study the intestinal microbiota composition and diversity of samples, UPARSE software was used to cluster all 
effective tags of all samples. By default, it clustered the sequences into OTUs with 97% identity and calculated the 
absolute abundance and relative information of each OTU in each sample. In the process of building OTUs, UPARSE 
selected representative sequences (the tag sequence with the highest abundance in OTUs) and used the naïve Bayesian 
assignment algorithm of the RDP Classifier to annotate intestinal microbiota using the Greengenes database with 
a confidence threshold of 0.8–1).

After obtaining the intestinal microbiota annotation of each OTU, to study the systematic relationship among OTUs, 
KRONA (version 2.6) was used to visually display the intestinal microbiota annotation results, and the change in 
intestinal microbiota abundance of different samples at each classification level was displayed in the form of a stacked 
bar chart. For clarity and readability, we only showed the top 10 intestinal microbiota whose expression abundance 
reaches 2% in at least one sample. The remaining intestinal microbiota were uniformly classified as “Other”, and the tags 
that could not be annotated at this level were classified as “Unclassified”. We used QIIME software (version 1.9.1)21 to 
calculate the alpha diversity index and draw the corresponding curves. When comparing the two study groups, we used 
the Wilcoxon rank sum test. We used the R package vegan (version 2.5.3) (https://cran.r-project.org) to analyze the beta 
diversity, performed a nonmetric multidimensional scale (NMDS) analysis based on the unweighted_unifrac distance 
between samples to show differences in microbial community structure, and used the analysis of similarities (ANOSIM) 
test to determine significant differences in distances between and within groups. Intestinal microbiota comparison 
between control and COPD groups was calculated by the Wilcoxon rank test in R Project Vegan package (version 
2.5.3) (https://cran.r-project.org). Bonferroni correction was used to obtain the q-value of the p value after comparison 
between the two groups. The significance was set as q-value≤ 0.05, and the differential intestinal microbiota was 
screened according to q-value ≤ 0.05.

Random Forest Analysis of the Different Intestinal Microbiota
Based on the R package random Forest (version 4.6.12),22 15 differential intestinal microbiota were trained using 
a random forest classifier. The training and test sets were randomly assigned at 7:3. Cross-validation grid search was used 
for hyperparameter tuning and a random forest model was built. After parameter debugging, when the number of trees 
included in the random forest was set to 500 (ntree=500), the error decreased significantly in the early stage with the 
growth of each tree and stabilized in the later stage, indicating that the ntree setting during model fitting was reasonable. 
When the number of variables included in each decision tree was 6 (mtry=6), and the accuracy of cross validation was 
the highest. The confidence interval (CI) of each area under the receiver operating characteristic (ROC) curve (AUC) was 
calculated using the R package pROC (1.10.0)23 to analyze ROC curves, and ggplot2 (version 2.2.1)24 was used to plot 

International Journal of Chronic Obstructive Pulmonary Disease 2024:19                                                https://doi.org/10.2147/COPD.S436551                                                                                                                                                                                                                       

DovePress                                                                                                                         
875

Dovepress                                                                                                                                                               Lai et al

Powered by TCPDF (www.tcpdf.org)

https://cran.r-project.org
https://cran.r-project.org
https://www.dovepress.com
https://www.dovepress.com


the graphs. Based on the Gini index and mean decrease accuracy, the intestinal microbiota was ranked according to the 
weight of their contributions to the random forest model.

Correlation Analysis Between Different Intestinal Microbiota and Clinical 
Characteristics
The R package psych (version 1.8.4) was used for Spearman correlation analyses. The correlation coefficient was calculated 
based on the relative abundance of intestinal microbiota and clinical characteristics, and correlations were displayed using 
a heat map. p<0.05 was considered statistically significant. A correlation coefficient r of 0–0.2 was considered as 
uncorrelated or very weak, 0.2–0.4 as weak, 0.4–0.6 as medium, 0.6–0.8 as strong, and 0.8–1 as very strong.

Disease-Related Network Analysis of Key Intestinal Microbiota
gutMDisorder25 is a database related to intestinal microorganisms, which provides information on the correlation of 
intestinal microorganisms with human/murine diseases, drugs, food, and other intervention factors. This is of great 
convenience for the research on the pathogenesis of host diseases, as well as their diagnosis and treatment, based on the 
regulation of intestinal microorganisms. We used this database to understand the network of associations between key 
intestinal microbiota and disease phenotypes, explore the possible pathogenesis of intestinal microbes regarding their 
impact on COPD, screen potential therapeutic measures, and guide future research.

Results
Patients’ Baseline Characteristics
37 patients with COPD and 35 healthy control participants were enrolled. Patients were all assessed during periods of 
stable disease. The smoking status, medication history, CAT scores, vital capacity measurements (FEV1% and FEV1/ 
FVC% predicted value), and blood cell counts were recorded and compared between COPD patients and healthy 
controls. Compared with healthy control, the proportion of smokers in patients with COPD was significantly higher 
(p<0.01), the proportions of total leukocytes and neutrophils in patients with COPD were significantly increased 
(p<0.01) and FEV1% and FEV1/FVC% predicted value were significantly decreased (both p<0.01; Table 1).

Table 1 Characteristics of the Study Participants

Parameters Healthy Controls  
(n=35)

Patients with COPD  
(n=37)

P-value

Female/Male 17/18 15/22 0.636
Age, years 64.6 ± 1.16 66.4 ± 1.25 0.289

Smoking, pack-years 5.0 ± 1.6 30.1 ± 3.9 <0.01

FEV1, %predicted 94.9 ± 2.38 41.1 ± 2.44 <0.01
FEV1/FVC, % 84.1 ± 1.92 46.4 ± 1.68 <0.01

WBC (×109) 6.8 ± 0.23 8.5 ± 0.50 <0.01

Neutrophils (%) 59.3 ± 1.39 68.9 ± 2.06 <0.01
CAT scores NA 15.8 ± 1.0 NA

Treatment regimens, n (%)
ICS/LABA NA 21 (56.7) NA
LAMA/LABA NA 16 (43.2) NA

SABA NA 20 (54.1) NA

Theophylline NA 31 (83.7) NA

Notes: Data are presented as mean ± SEM unless stated otherwise. 
Abbreviations: CAT, COPD assessment test; WBC, white blood cells; FEV1, forced expiratory volume in 1 s; 
FVC, forced vital capacity; COPD, chronic obstructive pulmonary disease; ICS, inhaled corticosteroid; LABA, long- 
acting β agonist; SABA, short-acting β2 agonist; LAMA, long-acting muscarinic agonist; NA, not applicable.
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16S rDNA Sequencing Data Quality Assessment
To compare the compositions of intestinal bacterial communities between patients with COPD and healthy individuals, 
we sequenced 16S rDNA of 72 fecal samples. After sequencing to obtain raw readings, we filtered low-quality readings, 
merged them, and filtered them to ensure that they were aggregated into OTUs using the most valid data. A total of 
7,143,756 available raw tags were obtained from all 72 fecal samples, and the tag sequences were checked for 
redundancy using the software package Mothur to generate 7,109,296 unique tags. Finally, 3301 OTUs were obtained 
at a similar level of 97%. To verify whether the sequenced data of this study were large enough to reflect the diversity of 
the original intestinal microorganisms, the Shannon sparse curve analysis was conducted on the sequencing results. The 
Shannon sparse curve of all samples showed a plateau, indicating that the 16S rDNA sequence sampling was sufficient 
and that the samples in this study covered most of the intestinal microbiota information (Figure 1).

Alpha Diversity Analysis
The alpha diversity of the samples was represented by serval indexes in Table 2. Sobs (characterize the actual number of 
OTU), Chao1 richness estimator, and ACE (an index that estimates the number of OUT in a community) indexes were 
used to measure the intestinal microbiota diversity of the sample, and the Pielou index was used to assess intestinal 
microbiota evenness. Simpson index and Shannon index comprehensively reflected the intestinal microbiota diversity 
and evenness. The results showed no significant difference in Sobs, Chao1, ACE, Shannon, Simpson, and Pielou indexes 
between the two study groups. We concluded that the two groups were not significantly different regarding intestinal 
microbiota diversity and evenness between the two groups.

Beta Diversity Analysis
NMDS analysis is based on the fact that the gut microbial species information is reflected in the multidimensional space 
in the form of points and the degree of difference between different samples is reflected by the distance between points. 
Stress value (range from 0 to 1) is used to represent NMDS and to indicate a better representation of the true distances at 
lower values. We used NMDS to test the clustering model of sample OTUs of different samples according to the 
unweighted_unifrac distance metric. The results showed a difference in the overall community composition between 
COPD and healthy intestinal microbiota (Figure 2A), and the NMDS intensity index stress (stress value=0.158) was able 
to explain the significance of the model. The differences between the two groups were compared using the ANOSIM test 
based on the unweighted_unifrac distance. The ANOSIM results illustrated that the difference between the two groups 

Figure 1 Shannon sparse curve of each sample OTU operational taxon unit.
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was greater than that within each group, and the difference between the two groups was significant (r=0.2706, P=0.001; 
Figure 2B). These findings suggested that the bacterial communities differed from each other.

Differences in Intestinal Microbiota
The distributions of the bacterial populations were analyzed using a stacked bar chart. The microbial communities of the two 
groups of samples at different classification levels showed some changes. At the phylum level, the dominant bacterial 
communities of the two groups were Bacteroidetes, Firmicutes, Proteobacteria, Actinobacteria, and Fusobacteria (Figure 3A). 
For intestinal microbiota with highly abundant OTUs in the top 1000 and a relative abundance (number of intestinal 
microbiota tags in the sample/total number of tags in the sample) of at least one sample reaching more than 0.1% in the 
group, we used the R package vegan to carry out Wilcoxon testing. P-values for comparison were corrected using Bonferroni 
to obtain q-values, and the significance level was set to q-value≤ 0.05 to compare the differences between the two groups of 
samples. The results showed no significant difference in the mean OTU abundance of these dominant bacterial communities at 
the phylum level (Supplementary Table 1). The distribution of dominant bacterial communities at the genus level of the two 
groups was listed in Figure 3B and included Bacteroides, Prevotella, Faecalibacterium, Roseburia, Lachnospira, 
Parabacteroides, etc. By Wilcoxon testing, we found 15 bacterial communities at the genus level with significant mean 
abundance changes in the COPD group compared with the healthy controls, among which Faecalibacterium, Roseburia, 
Lachnospira, and Coprococcus, etc. were significantly reduced but Parabacteroides, etc. were significantly increased 
(Figure 3C, Supplementary Table 2). Given that gender is a factor affecting gut microbiota, we analyzed the difference in 
gut microbiota between males and females in COPD populations. The results showed no significant differences in intestinal 
microbiota between men and women (Supplementary Tables 3 and 4).

Figure 2 Beta diversity analysis. (A) NMDS of the unweighted_unifrac distance metric. (B) ANOSIM of the unweighted_unifrac distance. Between represents the 
distribution of two-sample distances between health and COPD. Each scatter point represents the distance between two samples.

Table 2 Description of methods and Results of Microbial Diversity and Evenness Assessment

Sobs Shannon Simpson Chao1 ACE Pielou

COPD 614.4864865 4.876082167 0.900774647 892.8842121 871.4961703 0.526382406
Healthy control 603.8571429 5.137543605 0.922601047 876.6779727 870.4104571 0.556407099

P-value (Wilcoxon) 0.946097 0.125986 0.156596 0.796765 0.875444 0.093333
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Associations Between Differential Intestinal Microbiota and Clinical Characteristics
To determine the relationship between the two groups of different intestinal microbiota and clinical characteristics, we 
conducted Spearman correlation analyses. As shown in Figure 4A, the relative abundance of several kinds of intestinal 
microbiota (Rosebunia, Lachnospira, Coprococcus, Klebsiella, Anserostipes, Clostridium, Dialister, Citrobacter, and 
Haemophilus) were negatively correlated with the smoking index and positively correlated with FEV1%predicted and 
FEV1/FVC (%). The relative abundance of Parabacteroides was positively correlated with the smoking index 
(Parabacteroides r=0.352, p<0.01) and negatively correlated with FEV1%predicted (Parabacteroides r=−0.235, p<0.05) 
and FEV1/FVC (%) (Parabacteroides r=−0.317, p<0.01). The relative abundance of Pseudoramibacter_Eubacterium was 
negatively correlated with serval base characteristics (age, Leukocyte, Neutrophils proportion, and smoking) of COPD 

Figure 3 Differences in intestinal microbiota. (A) A stacked bar chart showed the distribution of dominant intestinal microbiota at the phylum level. (B) A stacked bar chart 
showed the distribution of dominant intestinal microbiota at the genus level. (C) Wilcoxon test results showed the relative OTU abundance of 15 genus intestinal 
microbiotas in COPD patients was significantly different from healthy controls. Each scatter represents the relative abundance of this bacterium in each sample.
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patients. No significant correlation was observed between gender and different intestinal microbiota (p>0.05). We also 
investigated the correlation between different intestinal microbiota and treatment regimens and found a positive or negative 
correlation between them. Of particular note was that Lachnospira and Coprococcus were negatively correlated with the 
LAMA/LABA (Lachnospira r=−0.414, p<0.01; Coprococcus r=−0.397, p<0.01), and negatively correlated with the 
Theophylline (Lachnospira r=−0.536, p<0.01; Coprococcus r=−0.251, p<0.05) (Figure 4B). Parabacteroides positively 
correlated with LAMA/LABA and Theophylline (r=0.380, p<0.01; r=0.367, p<0.01) (Figure 4B). Actinomyces and 
Pseudoramibacter_Eubactenium positively correlated with four COPD indexes (ICS/LABA, LAMA/LABA, SABA and 
Theophylline) (Figure 4B). The p value of correlation analysis was shown in the Supplementary Tables 5 and 6.

Identification of Intestinal Microbiota in Distinguishing the COPD Group from the 
Control Group
To determine whether 15 differentiated intestinal microbiota compositions can distinguish between patients with COPD 
and healthy participants and to identify key intestinal microbiota with the ability to predict COPD, we used the machine 
learning random forest classifier to analyze the intestinal microbiome in relation to clinical characteristics of the two 
groups, as well as ROC curve analyses to evaluate the diagnostic value of candidate bacteria in distinguishing between 
healthy individuals and patients with COPD. After parameter debugging, when the number of decision trees included in 
the random forest was set to 500, with the growth of each tree, the error decreased significantly in the early stage and 
tended to be stable in the later stage, suggesting that the setting of tree in the model fitting process is reasonable 

Figure 4 Heat map of Spearman correlation analysis regarding differential intestinal microbiota and clinical characteristics (A) and treatment regimens (B). The correlation 
index in COPD or health samples is indicated by the color bar on the right side of the heat map.
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(Figure 5A). When the number of variables included in each tree was equal to 5, the accuracy of cross-validation was the 
highest (Figure 5B). The AUC of ROC curve evaluation in the training set and testing set were 1.000 and 0.973, 
respectively (Figure 5C). The AUC of the testing set was not significantly reduced relative to the training set suggesting 
no overfitting was considered. The ROC curve evaluation AUC of the random forest model was 0.867 suggesting good 
prediction efficiency (Figure 5D). The mean decrease accuracy plot showed that among those 15 differentiated intestinal 
microbiotas, Lachnospira has the most important ability to distinguish COPD and the mean decrease in Gini coefficient 
showed that Lachnospira contributed the most to this random forest (Figure 5E).

Disease-Related Network of Key Intestinal Microbiota Based on the gutMDisorder 
Database
The microbial disease network diagram based on the gutMDisorder database showed the association between 
Lachnospira and various diseases. Lachnospira decreases in some diseases, such as asthma, diabetes mellitus, and 
coronavirus disease 2019 (COVID-19), and increases in other diseases, such as irritable bowel syndrome, hypertension, 
and bovine lichen. Lachnospira changes in anorexia nervosa and ulcerative colitis are controversial; however, no 
information on the relationship between Lachnospira and COPD was found (Figure 6A and B). Plantain seed, exercise, 
dietary fiber, and other measures can increase the abundance of Lachnospira, while cefprozil, short-chain galactooligo-
saccharides, obesity, proton pump inhibitors, and other measures can reduce the abundance of Lachnospira (Figure 6C 
and D).

Discussion
The regulation of lung immune responses by the intestinal microbiota is called the “gut-lung axis”, which may be 
involved in the pathogenesis of COPD26 and contributes to the frequency of acute COPD attacks.8 However, the gut 

Figure 5 The ability of intestinal microbiota to identify patients with COPD. (A) The illustration of the error changed with the number of trees. (B) Illustration of the tuning 
of the mtry hyperparameters. (C) ROC curve of the training set and testing set of the Random Forest Model . (D) ROC curve of the Random Forest Model of differential 
intestinal microbiota. (E) The mean decreases in the Gini coefficient and accuracy plot. 
Abbreviations: AUC, the area under the curve; ROC, receiver operating curve.
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microbial populations associated with the pathogenesis of COPD and their pathways of action are not well understood. In 
the present study, we found that the fifteen genera intestinal microbiota of intestinal microbiota in COPD patients were 
significantly different from healthy controls and showed negative and positive correlations with COPD clinical char-
acteristics indicating the potential importance of intestinal microbiota in COPD pathology. Consistent with a previous 
study,8 our findings suggest that the difference in intestinal microbiota between COPD patients and healthy individuals is 
mainly reflected in the dominant microbiota.

The dominant population in the intestinal microbiota of COPD patients and healthy people was very similar at both 
phylum and genus levels. But at the genus level, compared with healthy people, the abundance of dominant intestinal 
microbiota in COPD patients was increased or decreased (Bacteroides, Prevotella, Faecalibacterium, Roseburia, 
Lachnospira, Parabacteroides, etc. were reduced, and Parabacteroides, etc. were increased). The phenomenon of trade- 
off at the genus level makes the difference between intestinal microbiota unable to be reflected at the phyla level (at the 
phylum level, no significant difference was in the relative abundance of dominant bacteria.). COPD-related abundance 
changes of the genus of intestinal microbiota in our study are both consistent and inconsistent between our study and 
other studies. For example, in a study of 16S rRNA gene sequencing of COPD patients’ faeces,8 similarly, they also 
found that Roseburia and Lachnospira reduced in abundance in COPD; while the genera species with increased 
abundance identified by them were not found in our study. Chiu et al found that Bacteroidetes were more abundant in 
controls and Firmicutes were more abundant in COPD patients with reduced lung function.27 Although we observed 
changes in the relative abundance of Bacteroidetes and Firmicutes in COPD patients (both with mild decreases), no 
significant change was observed between-group comparisons. The differences between the results of these studies and 
our results may be related to the different parameters of included COPD patients such as disease status, dietary factors, 
medication use, and geographical factors of the included patients. Therefore, the specific intestinal microbiota associated 
with COPD remains to be discovered.

Figure 6 Disease-related network of key intestinal microbiota. (A and B) Diseases types associated with Lachnospira based on Literature-based associations (A) and Raw 
data-based associations (B). (C and D) Interventions change the abundance of Lachnospira based on Literature-based associations (C) and Raw data-based associations (D). 
Notes: A circle node represents an intervention-related comparison, a square a gut microbe, and a triangle a phenotype-related comparison. A red link indicates an increase 
in gut microbes, a green link indicates a decrease in gut microbes, a blue link indicates the presence of a gut microbe, and an orange link indicates the absence of a gut 
Supplementary microbe.
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Interestingly, we found that the differential gut microbiota between COPD and healthy controls had significant 
positive and negative correlations with risk factors in COPD patients. Age and gender are risk factors for COPD, and the 
gut microbiota is different across age or gender.28,29 However, our correlation analysis showed that age and gender were 
not significantly correlated with gut microbiota, suggesting that the effects of age and gender on COPD progression were 
independent of gut microbiota. We focused on the relationship between smoking and gut microbiota. So far, whether 
smoking affects the progress of COPD through an influence on intestinal microbiota remains controversial. In a study 
with healthy subjects as the study target, smokers had changes in the gut microbiota compared with nonsmokers, 
predictive of changes in the gut microbiota with smoking status.30 The research of Bowerman et al showed that no 
significant changes in intestinal microbiota composition were observed in COPD patients with and without smoking.8 

A previous study observed that smoking cessation altered the composition of the microbiota, such as increased 
abundance of Actinomycetia and Chlamydia and decreased abundance of Bacteroidetes and Proteobacteria.31 We, 
therefore, analyzed the correlation between smoking and the abundance of different intestinal microbiota to explore 
the specific intestinal microbiota affected by smoking, and several kinds of intestinal microbiota (Rosebunia, 
Lachnospira, Coprococcus, Klebsiella, Anserostipesc, etc.) were found to be negatively correlated with the smoking 
index. We paid particular attention to Lachnospira. In a study in mice,32 smoke exposure induced dramatic changes in 
bacterial activity and microbiota composition, in particular, a significant increase in Lachnospiraceae activity was 
observed. In a cigarette smoking-induced COPD mouse model, an increased abundance of Lachnospiraceae was 
positively correlated with the severity of COPD.33 Contrary to animal experiments, the abundance of Lachnospiraceae 
seems to be reduced in COPD patients and smokers.8,34 Consistent with these human experiments, we found that 
Lachnospira was negatively correlated with the smoking index and moderately or positively correlated with pulmonary 
function indexes in COPD patients. Up to now, the correlation network among smoking, Lachnospira, and COPD has not 
been identified and needs further research. In addition to gut microbiota, a previous study found that oral and nasal 
microbiota, such as Actinomyces, Megasphaera and Corynebacterium, etc. were significantly elevated by smoking in 
COPD subjects.16 Overall, as the most important risk factor for COPD, smoking affects the activity of microbiota, but the 
elaboration of the relationship between this effect and the development of COPD needs more research.

Machine learning is often used as a data analysis method to evaluate the correlation between biological parameters, 
especially random forest models, which are used to predict target variables according to various explanatory variables.35 

In recent years, some cohort studies have used random forest classifications to illustrate the predictive contribution and 
discriminatory ability of explanatory variables (such as microbial metabolites) to target variables (such as disease-related 
factors).36,37 Based on random forest machine learning, we constructed a model to distinguish COPD patients from 
healthy individuals by combining data from fifteen intestinal microbiotas at the genus level. According to the ROC 
results, our classification model achieved good results in discriminating patients with COPD from healthy participants, 
suggesting that intestinal microbiota can effectively distinguish COPD patients from the general population. Based on its 
model contribution, we found that Lachnospira played the most important role in identifying patients with COPD. 
Considering the close correlation between Lachnospira and the clinical phenotype of COPD, we believe that 
Lachnospira has a strong diagnostic potential in identifying COPD.

We obtained the association network between Lachnospira and diseases from a gut MDisorder database.25 

Lachnospira belongs to the family Lachnospiraceaes and is considered to be involved in a variety of inflammatory 
diseases, such as ulcerative colitis,38 irritable bowel syndrome,39 and asthma.40 Like other intestinal microbiota, 
Lachnospira actively participates in the metabolism of a variety of carbohydrates and produces short-chain fatty acids 
such as acetic acid and butyric acid from carbohydrate fermentation,41–44 which affects the activity and function of 
immune cells. Several studies have demonstrated that butyrate affects immune cell function. For example, Yip et al 
elaborated on the extensive effects of butyrate on immune cells in allergic asthma.43 In COPD, butyrate was proven to 
mediate pulmonary inflammation via the gut-lung axis.45 This evidence indicates that Lachnospira and its metabolic 
short-chain fatty acids are closely related to immune regulation. Although we did not find an association between 
Lachnospira and COPD based on the database gutMDisorder analysis, our results showed that Lachnospira was 
associated with clinical features of COPD, and its related information had a good ability to identify COPD patients. 
The reason for this discrepancy does not exclude the fact that the failure of the gutMDisorder database to fully cover 
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recent advances. In any case, there is a potential link between Lachnospira and its metabolism of short-chain fatty acids 
and the development of COPD. Our findings provide new evidence for the role of the gut-lung axis in COPD, which 
needs to be verified by further studies.

This study has several limitations. First, the number of participants was small, so further research with a larger sample 
size is needed to confirm our results. Second, because most patients in the COPD group were smokers, we cannot 
confirm differences in intestinal microbiota between smokers and non-smokers among COPD patients, so the causal 
relationship between the three factors remains to be further studied. Finally, since this is not an intervention study, we 
cannot fully understand some factors that may affect intestinal microbiota and COPD disease status. Therefore, it is 
necessary to conduct further intervention studies to determine the relationship between COPD and the intestinal 
microbiome. In conclusion, more research is needed to clarify the causal relationship between gut microbiota and COPD.
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