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The acute exacerbation of chronic obstructive pulmonary disease seriously affects the respiratory system function and quality of life of patients. This study employed 16S rRNA sequencing and metabolomics techniques to analyze the respiratory microbiota and serum metabolites of COPD and AECOPD patients. The results showed that the microbial diversity in the respiratory tract of AECOPD patients was significantly lower than that of COPD patients, and the relative abundance of Bacteroidetes, Prevotella and Neisseria in the respiratory tract of AECOPD patients was significantly lower than that of COPD patients. However, the relative abundance of Haemophilus_D, Veillonella_A and Pseudomonas_E, in AECOPD patients was significantly higher than that of COPD patients, and the ability of respiratory microbiota in AECOPD patients to participate in alanine metabolism was significantly lower than that of COPD patients. Metabolome results further revealed that the serum alanine levels in AECOPD patients were significantly lower than those in COPD patients, and these differential metabolites were mainly involved in linoleic acid metabolism, protein digestion and absorption and regulation of lipolysis in adipocytes. In summary, the structural characteristics of respiratory microbiota in COPD and AECOPD patients are different from those in healthy populations, and their microbiota diversity decreases and microbial community structure and function will also undergo changes when acute exacerbations occur. In addition, the predicted microbial community function and metabolomics results indicate that the onset of AECOPD is mainly related to energy and amino acid metabolism disorders, especially alanine metabolism.

Keywords
 COPD; AECOPD; respiratory microbiota; metabolite; maker


1 Introduction

Chronic obstructive pulmonary disease (COPD) is a heterogeneous lung disease characterized by chronic respiratory symptoms such as dyspnea, cough, and sputum production, which are related to abnormalities in the airway and alveoli and present as persistent and progressively worsening airflow obstruction (Devadoss et al., 2019). When its symptoms worsen rapidly, it is called acute exacerbation of chronic obstructive pulmonary disease (AECOPD), which is a critical event in COPD management. It has serious adverse effects on individual health status and disease progression, often requiring additional treatment, and is an independent risk factor for death in the vast majority of COPD patients (Ritchie and Wedzicha, 2020; Christenson et al., 2022). In clinical practice, there are many causes and triggers of acute exacerbation, with over 80% of AECOPD cases related to bacterial or viral infections (Ko et al., 2016). It has a significant impact on patients’ quality of life, disease progression, mortality rate, and medical costs. Early intervention treatment can help reduce mortality rate, readmission rate, and socio-economic burden (Ismail, 2009; Suissa et al., 2012; Zhou et al., 2015; Bai et al., 2022).

In recent years, with the continuous deepening of research on microbial communities, the relationship between respiratory and intestinal microbiota in COPD and AECOPD patients has also become a research hotspot (Lai et al., 2022; Qu et al., 2022; Russo et al., 2022). After using classical cultivation techniques, it was found that the lower respiratory tract and lungs of healthy individuals are sterile, while the respiratory tract of COPD patients is colonized by opportunistic pathogens (Kahn and Jones, 1987). However, 16S rRNA gene sequencing indicates the presence of a large microbial community in both healthy and diseased states in the lower respiratory tract. Early genetic sequencing research mainly focused on gut microbiota. Recent studies have shown that the respiratory tract, like the intestine, also contains a large number of colonized bacteria. The sputum microbiome of COPD and AECOPD patients is increasingly recognized for its clinical relevance (Yuksel et al., 2023). The use of sputum specimens for respiratory microbiome research has gradually become a clinical research hotspot (Hilty et al., 2010; Erb-Downward et al., 2011). Early biomarkers are a class of biological molecules or cellular features that can assist in diagnosis in the pre- or early stages of disease occurrence. Metabolomics can detect early metabolic changes in the disease by measuring differential metabolites between the disease group and the control group, making it useful for identifying early biomarkers of COPD and AECOPD (Yu et al., 2019).

Despite increasing evidence suggesting the role of microorganisms and related metabolites in COPD and AECOPD, there are still some unresolved issues regarding their clinical relevance (Chen and Qiu, 2019). So far, most studies have focused on the gut microbiome. This study analyzed the respiratory microbiota and serum metabolites using 16S rRNA sequencing and metabolomics techniques, with a focus on the similarities and differences in respiratory microbiota of COPD and AECOPD patients, changes in microbiota and serum metabolites related to disease progression. The purpose is to improve the overall understanding of AECOPD, prevent its acute attack early and alleviate the pain of patients, which is also of great significance to reduce its incidence rate and mortality.



2 Materials and methods


2.1 Ethical approval and informed consent

This study was approved by the Ethics Committee of the First Affiliated Hospital of Henan University of Traditional Chinese Medicine in accordance with the Helsinki Declaration (2019HL-016-02). Notify patients participating in this study of relevant information and obtain their consent, and sign an informed consent form.



2.2 Research subjects and enrollment process


2.2.1 Research subjects

18 COPD patients (COPD group), 36 AECOPD patients (AECOPD group), and 10 healthy volunteers (HC group) admitted to the First Affiliated Hospital of Henan University of Traditional Chinese Medicine from June 2022 to June 2023 were selected as the study subjects. Collect basic and main clinical information of three groups of research subjects, including basic information (age, gender, height, weight, smoking history) and clinical data (previous number and degree of acute exacerbations, comorbidities, blood routine, liver and kidney function, inflammatory indicators, lung function, Modified Medical Research Council respiratory distress scale (mMRC) and GOLD grading, etc.). The basic information and main clinical information of all research subjects are shown in Table 1. The severity of AECOPD, mMRC, and GOLD grading were shown in Supplementary Tables S1–S3.



TABLE 1 Clinical data of healthy volunteers, COPD and AECOPD patients.
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2.2.2 Enrollment process

Inclusion criteria: (1) Diagnosis of COPD: According to the Global Initiative for Chronic Obstructive Lung Disease (GOLD) guidelines, after using bronchodilators, all COPD patients have a forced expiratory volume in 1 s (FEv1)/forced vital capacity (FVC) of less than 0.7. (2) AECOPD is defined as acute exacerbation of respiratory symptoms that have not been treated with antibiotics in the previous month prior to enrollment. (3) All patients have no consciousness disorders or hemodynamic disorders.

Exclusion criteria: (1) Exclude individuals with a history of bronchial asthma, allergic rhinitis, or hereditary allergies. (2) Excluding conditions such as pulmonary fibrosis, atelectasis, and pulmonary embolism. (3) Exclude individuals with severe cardiovascular and cerebrovascular diseases or renal failure. (4) Long term oral administration of glucocorticoids or immunosuppressive drugs. (5) Individuals aged over 90 or unable to cooperate with the examination.




2.3 Peripheral blood and sputum samples collection

Take 5 mL of fasting venous blood from 7:00 to 9:00 in the morning, centrifuge at 3000 rpm for 10 min, take the upper serum, place it in an EP tube, and store it at −80°C for subsequent metabolite identification. By guiding the research subjects to cough correctly and effectively, collect deep airway sputum spontaneously coughed up as sputum specimens. Collecting the phlegm in a disposable sterile sputum cup. Immediately after packaging, freeze the sample at −80°C for subsequent DNA extraction.



2.4 Serum metabolome

Thermo Scientific Hypersil ACE3C18 chromatographic column (150 mm × 3.0 mm × 3 μm) was used to chromatographic analysis. TOF/MS was performed on both positive and negative ion modes. The conditions of chromatography and mass spectrometry, as well as the metabolomics data analysis, referred to Zhang et al. (2023).



2.5 Sputum microbiome


2.5.1 DNA extraction and quality inspection

Tiangen (Beijing, China) efficient oral swab genomic DNA extraction kit (DP362) was used for DNA extraction, and follow the instructions for all operations. DNA purity and quality were detected by Nano Drop2000 and 1% agarose gel electrophoresis, respectively.



2.5.2 Construction and quality inspection of DNA library

Illumina’s TruSeq Nano DNA LT Library Prep Kit was used for library construction. After the library construction is completed, take 1 μL of the library and perform a quality check on the library using the Agilent High Sensitivity DNA Kit on an Agilent Bioanalyzer 2,100. Quantify the library using Quant iT PicoGreen dsDNA Assay Kit on Promega QuantiFluor, and the qualified library should have a calculated concentration of 2 nM or higher.



2.5.3 High throughput sequencing

The V3-V4 variable region of 16S rDNA gene was selected as the target for PCR amplification. The universal primers used are as follows: F341 (5’-ACTCC-TACGGGRSGCAGCAG-3′), 806R (5’-GACTACHV-GGGTWTCTAAT-3′). Illumina Novaseq6000 SP PE250 was used to detect the microbial community diversity.



2.5.4 Bioinformatics analysis

Alpha and beta diversity: By randomly selecting a certain number of sequences from each sample, it is possible to predict the total number of species that the sample may contain and the relative abundance of each species at a given sequencing depth, that is, to perform species accumulation curve analysis. Using the flattened ASV/OTU table, called the “QIIME diversity core metrics phylogenetic” or “QIIME diversity core metrics” command based on the presence or absence of the tree file, calculate the Bray Curtis distance matrix, and perform PCoA analysis on these distance matrices. Species composition: By statistically analyzing the feature table after removing singletons, visualize the composition distribution of each sample at the phylum and genus classification levels, and present the analysis results in a bar chart. Species differences and marker species analysis: Venn plots were created using ASV/OTU abundance tables. According to the presence or absence of ASV/OTU in each sample (group), the number of members in each set is counted separately, that is, the number of ASV/OTU unique to each group and shared between groups. Draw a heatmap using the abundance data of the top 20 genera with average abundance. LEfSe analysis: 1. For species that show significant differences through Kruskal-Wallis test, if the abundance of all groups is different, they become the test differential species. 2. Wilcoxon test: After identifying the differentially expressed species, Wilcoxon test can be used to determine the significance of inter group differences. The testing strategy should be consistent with the comparison strategy, and the significantly expressed species are the differentially expressed species. 3. LDA threshold: Perform LDA analysis on the identified differential species to estimate the magnitude of the effect of each differential component abundance on inter group differences. Set the threshold to 3.5, and only differential species that pass this threshold are considered as marker species. Functional potential prediction: Annotate the 16S rRNA gene sequence in the Kyoto Encyclopedia of Genes and Genomes (KEGG) database to predict the function of microbial communities.




2.6 Correlation analysis between microbial community and metabolites

The correlation analysis between differential respiratory microbiota and serum metabolites was performed using the spearman algorithm through the genescloud tools.1



2.7 Statistical methods

All data were processed using SPSS 24.0 statistical software. One way analysis of variance (ANOVA) was used for data that followed a normal distribution, while non parametric tests (Kruskal Wallis) were used for data that did not follow a normal distribution. Measurement data is expressed as mean ± standard deviation (± s). p < 0.05 is considered statistically significant.




3 Results


3.1 Clinical data

The basic information and clinical data of the subjects was shown in Table 1. There were no statistically significant differences among the three groups in terms of age, gender, BMI, current smoking, smoking volume, allergy history and past history of aggravation (p-value >0.05). However, the mMRC scoring, CAT scoring and Sputum neutrophil proportion in the AECOPD group were higher than those in the COPD group, and the difference was statistically significant (p-value <0.01 or p-value <0.05). The common indicators of lung function in COPD group, such as FEV1/FVC, FEV1% predicted values and 6MWD were higher than those in AECOPD group, and the difference was statistically significant (p-value <0.01).



3.2 Diversity of sputum microbiota

The results of the alpha diversity of sputum microbiota showed that the Chao1, Observed species, Shannon, Simpson, Faith’s PD and Pielou’s e indexes in HC group were significantly higher than those in AECOPD group. The Shannon, Simpson and Pielou’s e indices in the alpha diversity indexes of HC group are significantly higher than those of COPD group. The Chao1, Faith’s PD, Shannon and Observed species indices in the alpha diversity index of COPD group were significantly higher than those of AECOPD group (Figure 1A). As the sample size increases, the curve will show a sharp upward trend. When the sample size reaches 60, the total number of ASV/OTUs in the community will no longer significantly increase with the addition of new samples, and the curve will also tend to flatten, indicating that 66 sample sizes are sufficient to reflect the species composition of the community (Figure 1B). The projection distance of each sample among the three groups on the coordinate axis is relatively far, indicating that the community composition of each sample among the groups is not similar in the corresponding dimension, while the projection distance of each sample within the three groups on the coordinate axis is relatively close, indicating that the community composition of each sample within the groups is similar in the corresponding dimension (Figure 1C).

[image: Figure 1]

FIGURE 1
 Alpha and beta diversity results. (A) Alpha diversity indexes (Simpson, Chao1, Pielou-e, Faith_pd, Shannon and Observed_specific indexes). (B) Species cumulative curve. (C) Principal co-ordinates analysis.




3.3 Composition and distribution of sputum microbiota

At the phylum level, there was no significant difference in the relative abundance of Bacteroidetes in sputum of healthy individuals and COPD patients, while the relative abundance of Bacteroidetes in sputum of healthy individuals and COPD patients was significantly higher than that in AECOPD patients. In addition, the relative abundance of Actinobacteria, Proteobacteria and Firmicutes-C in sputum of healthy individuals was significantly lower than that of COPD patients and AECOPD patients, while the relative abundance of Proteobacteria in sputum of COPD patients was not significantly different from that of AECOPD patients. There was no significant difference in the relative abundance of Firmicutes-D among the three groups (Figures 2A,B). At the genus level, there was no significant difference in the relative abundance of Prevotella and Neisseria in sputum of healthy individuals and COPD patients, while the relative abundance of Prevotella and Neisseria in sputum of healthy individuals and COPD patients was significantly higher than that in AECOPD patients. In addition, the relative abundance of Veillonella_A, Haemophilus_D, and Pauljensonia in sputum of healthy individuals was significantly lower than that of COPD and AECOPD patients, while the relative abundance of Veillonella_A, Haemophilus_D and Pauljensonia in sputum of COPD patients was not significantly different from that of AECOPD patients. There was no significant difference in the relative abundance of Streptococcus among the three groups (Figures 2C,C).
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FIGURE 2
 Composition and distribution of microbial communities at the phylum and genus levels. (A,B) Composition and distribution of microbial communities at the phylum level. (C,D) Composition and distribution of microbial communities at the genus level.




3.4 Analysis of species differences and marker species

The Venn diagram results showed that the HC group, COPD group and AECOPD group had 8,268, 14,509, and 16,913 ASVs, respectively, and shared 1,090 ASVs (Figure 3A). The species composition heatmap results showed that both the COPD group and the AECOPD group significantly increased the relative abundance of Rothia, Haemophilus_D and Pauljensonia, while significantly decreased the relative abundance of Fusobacterium and Moraxella compared with the HC group. The AECOPD group significantly increased decreased the relative abundance of Streptococcus, AlloPrevotella, Capnocytophaga, Veillonella, Bordetella, Lautropia, Pseudomonas_E, Actinobacteria, Haemophilus_D and Pauljensenia, while significantly decreased the relative abundance of Prevotella, Granulicatella, Neisseria, Porphyromonas_A and Gemella compared with the COPD group (Figure 3B). The LEfSe analysis results showed that compared with the COPD group and AECOPD group, p_Firmicutes, c_Clostridia and o_Peptostatocccales were significantly different microbial communities in the HC group. Compared with the HC group and AECOPD group, g_Prevotella, o_Bacteroidales and p_Bacteroidota were significantly different microbial communities in the COPD group; Compared with the HC group and COPD group, p_Firmicutes, c_Negativicutes and o_Veillonellales were significantly different microbial communities in the AECOPD group (Figure 3C).

[image: Figure 3]

FIGURE 3
 Species differences and marker species. (A) Venn diagram based on ASV level. (B) Species composition heatmap (Genus level). (C) LefSe analysis.




3.5 Prediction of microbial community functional potential

The KEGG metabolic pathway results showed that the microbiota is mainly involved in metabolism (metabolism of cofactors and vitamins, carbohydrate metabolism and amino acid metabolism), genetic information processing (replication and repair, translation and folding, sorting and degradation) and environmental information processing (membrane transport and signal transmission) (Figure 4A). The analysis of metabolic pathway differences showed that both the COPD group and the AECOPD group significantly downregulated the KO00460 pathway (cyanide amino acid metabolism) compared with the HC group (Figures 4B,C). The AECOPD group significantly downregulated the KO00410 pathway (β-alanine metabolism) compared with the COPD group (Figure 4D).
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FIGURE 4
 PICRUSt2 Functional potential prediction. (A) Microbial communities participate in the metabolic pathways of KEGG. (B–D) Significant differences in metabolic pathways among the three groups.




3.6 Quality control, identification, and analysis of metabolites

The PCA results of quality control show that the distance between samples in the QC group is close, indicating that the higher the stability of the method, the better the data quality, and the data is reliable. In addition, the sample dispersion among the HC group, COPD group and AECOPD group was relatively large, indicating significant differences among the groups. The clustering of samples within the group, with close proximity indicating high similarity among samples (Figures 5A,B). In the positive ion mode, lipids and lipid like molecules (32.3%), organic acids and derivatives (20.9%), organoheterocyclic compounds (17.1%), benzoids (11.2%), phenylpropanoids and polyketides (5.8%), organic oxygen compounds (4.6%), organic nitrogen compounds (3.9%), nucleosides, nucleotides, and analogs (1.7%), alkaloids and derivatives (1.5%), lignans, neolignans, and related compounds (0.3%) were detected (Figure 5C). In negative ion mode, lipids and lipid like molecules (47.7%), organic acids and derivatives (17.9%), benzoids (13.2%), organoheterocyclic compounds (8.5%), phenylpropanoids and polyketides (6.2%), organic oxygen compounds (4.9%), nucleosides, nucleotides, and analogs (0.6%), alkaloids and derivatives (0.3%), organohalogen compounds (0.3%), lignans, neolignans and related compounds (0.1%) were detected (Figure 5D). In positive and negative ion modes, the expression abundance of metabolites was statistically analyzed, and the results showed that the expression abundance patterns of all substances in each sample were relatively close, indicating that the overall substance spectra of the samples were closer, that is, more similar (Figures 6A,B). Display the abundance changes of the same substance in different samples through a heatmap, with each column representing a group and each row representing a substance. In both positive and negative ion modes, the same metabolite has a high metabolic level in the HC group, a lower metabolic level in the COPD and AECOPD groups, a low expression metabolite in the HC group, and a high expression metabolite in the COPD and AECOPD groups (Figures 6C,D).

[image: Figure 5]

FIGURE 5
 Metabolome data quality control and overall metabolite identification. (A) PCA analysis of the overall samples in positive ion mode. (B) PCA analysis of the overall samples in negative ion mode. (C) Identification results of metabolites in positive ion mode. (D) Identification results of metabolites in negative ion mode.
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FIGURE 6
 Expression abundance analysis. (A) Statistical results of expression abundance of metabolites in each sample under positive ion mode. (B) Statistical results of expression abundance of metabolites in each sample under negative ion mode. (C) Overall material clustering heatmap in positive ion mode. (D) Overall material clustering heatmap in negative ion mode.




3.7 Differential metabolites analysis

In Merge mode (positive and negative ion merging mode), there are a total of 270 differential metabolites between AECOPD and COPD, including 168 upregulated metabolites and 102 downregulated metabolites; There are a total of 272 differential metabolites between AECOPD and HC, including 121 upregulated metabolites and 151 downregulated metabolites; There are a total of 349 differential metabolites between COPD and HC, including 124 upregulated metabolites and 225 downregulated metabolites (Figure 7A). In Merge mode, the Venn plot results showed that AECOPD vs. COPD, AECOPD vs. HC, and COPD vs. HC independently shared 56, 27, and 162 metabolites, respectively, and collectively shared 76 metabolites (Figure 7B). Further analysis of differential metabolites revealed that AECOPD significantly downregulated the relative abundance of metabolites such as indole-3-lactic acid, indole-3-acetic acid, indole-3-butyric acid, and L-3-alanine and phthalal-DL alanine compared to the COPD and HC groups, and significantly upregulated the relative abundance of metabolites such as isovanillic acid, 10,13-dihydroxystearic acid, homovanillic acid and methyldienone (Figures 7C–K). The KEGG metabolic pathway results showed that differential metabolites were mainly annotated to metabolic pathways such as linoleic acid metabolism, long-term depression, central carbon metabolism in cancer, protein digestion and absorption, regulation of lipolysis in adipocytes and aminoacyl-tRNA biosynthesis (Figure 7L).
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FIGURE 7
 Differential metabolite analysis. (A) Differential substance screening in positive and negative ion merging mode. (B) Differential substance Venn analysis in positive and negative ion merging mode. (C–K) Metabolites with significant differences in AECOPD compared to HC and COPD in positive and negative ion combination mode. (L) KEGG enrichment analysis of differential substances in positive and negative ion merging mode.




3.8 Correlation analysis between microbial community and metabolites

The correlation analysis results revealed that Prevotella was significantly positively correlated with indole-3-lactic acid, indole-3-acetic acid, indole-3-butyric acid, phthaloyl-DL alanine and L-3-alanine, and significantly negatively correlated with 10, 13-Dihydroxystearic acid, homovanillic acid, isovanillic acid and methyldienone. However, Haemophilus_D showed completely opposite results from Prevotella, with significant negative correlations with indole-3-lactic acid, indole-3-acetic acid, indole-3-butyric acid, phthaloyl-DL alanine, and L-3-alanine, and significant positive correlations with 10, 13-Dihydroxystearic acid, homovanillic acid, isovanillic acid, and methyldienone. (Figure 8).

[image: Figure 8]

FIGURE 8
 The Correlation analysis between microbiota and metabolites. The legend displays the correlation coefficient values, where red represents positive correlation, blue represents negative correlation, and the depth of color indicates the strength of correlation. * or ** indicates significant correlation between microorganism and metabolite (p < 0.05 or p < 0.01).





4 Discussion

The respiratory microbiota plays an important role in maintaining normal airway immune responses and balancing the relationship among the host, microbiota, and environment. It not only protects the host from pathogen invasion (Budden et al., 2019), but also regulates the immune system and nutrient absorption (Shah et al., 2021). The role of microbial infections in the occurrence and development of COPD is a hot topic in respiratory microbiome research (Sethi, 2014). According to reports, respiratory microbiota colonization increases the risk of chronic obstructive pulmonary disease (COPD) lung infection and poor prognosis (O'Shaughnessy et al., 2023; Li et al., 2024). As microbiota colonization induces the expression of inflammation in the body, it triggers immune inflammatory responses, induces the occurrence of AECOPD, promotes disease progression, and damages lung function (Leung et al., 2017; Liu et al., 2021). In recent years, research on respiratory microbiota has focused on postoperative and critical care areas (Wang et al., 2021; Zheng et al., 2023). The role of respiratory microbiota in the occurrence and development of AECOPD needs further clarification. Therefore, this study aims to provide references for clinical guidance of treatment strategies, prediction of acute exacerbation risk, evaluation of disease prognosis, and guidance of microbial therapy by assessing the diversity of respiratory microbiota and serum metabolites in healthy individuals, COPD patients, and AECOPD patients.

The difference in alpha diversity of respiratory microbiota among the three research groups is mainly characterized by the lowest in the AECOPD group and the highest in the healthy population, other studies have also found that the diversity of respiratory microbiota in patients with acute exacerbation of chronic obstructive pulmonary disease (COPD) is significantly reduced compared to stable patients (Huang et al., 2014; Sun et al., 2020; Su et al., 2022). These results suggest that the occurrence and development of AECOPD seem to be related to the reduction of microbial diversity. The study by Wang et al. is similar to the results of this experiment, which also found that compared to the stable phase, the microbiota of AECOPD patients showed a decrease in microbial composition toward the phylum Bacteroidetes and an increase toward the Proteobacteria (Wang et al., 2016). Pragman et al. by sequencing samples from bronchoalveolar lavage fluid of moderate and severe COPD patients, found that the microbial community structure in the lungs of these two patient groups had changed, and Firmicutes, Proteobacteria and Actinobacteria were abundant in the lower respiratory tract of these patients (Pragman et al., 2012). PCoA analysis shows significant differences between healthy individuals and COPD patients. The composition of respiratory microbiota in stable COPD and AECOPD patients is more similar and there is significant overlap. Considering that the respiratory microbiota is susceptible to interference from multiple factors, this result may be due to the small sample size in stable COPD and cross-sectional studies. Subsequent research needs to consider adding samples at different time points and expanding the sample size.

The above research indicates that the composition and diversity of respiratory microbiota community structure show certain differences at different stages of the disease. With the occurrence of acute attacks, the alpha diversity of respiratory microbiota decreases, specifically manifested as changes in the abundance of existing species in the respiratory tract, with few new species being discovered. Studies have shown that COPD, AECOPD, and healthy populations have similar species composition in their communities, but the difference lies in the relative abundance of microorganisms between the two groups (Diao et al., 2018). Therefore, the reason for this result may be the proliferation of pathogenic microorganisms in the respiratory tract of patients with acute exacerbation, especially the increase in the number of pathogenic Proteobacteria. At the genus level, this is manifested as a decrease in the relative abundance of Prevotella and Neisseria, accompanied by an increase in the relative abundance of Haemophilus_D, but rarely the emergence of new species, resulting in a decrease in microbial diversity and evenness. The relative abundance of Prevotella and Neisseria in the respiratory tract of COPD patients is significantly higher than that of AECOPD patients, while their relative abundance of and Haemophilus_D is significantly lower than that of AECOPD patients. Neisseria and Prevotella are one of the important members of the respiratory microbiota, widely distributed in the oral cavity, respiratory tract, and other parts, with a relatively large number. As a symbiotic bacterium, Prevotella plays an important role in maintaining the balance of respiratory microbiota. Research has shown that the increase in abundance of certain species in Prevotella, such as melanogenic Prevotella, is associated with a decrease in infection with pathogens such as Streptococcus pneumoniae, indicating that Prevotella may be an important part of respiratory immune protection. They work together with other microorganisms to resist the invasion of foreign pathogens and protect respiratory health. This study found that the Prevotella and Neisseria in AECOPD patients were lower than those in COPD patients, suggesting that their reduction is related to the deterioration of severe COPD. Therefore, it is believed that Prevotella and Neisseria may play a beneficial role in chronic obstructive pulmonary disease.

In addition, compared with the healthy population, the relative abundance of Pseudomonas and Haemophilus_D in COPD and AECOPD increased significantly, moreover the relative abundance of these microbiota in the AECOPD group was higher than that in the COPD group. Millares et al.’s study also found that in COPD patients, the relative abundance of Pseudomonas increased with the degree of airflow restriction (Millares et al., 2019). Pseudomonas is a common opportunistic pathogen belonging to the Proteobacteria. Based on the changes in relative abundance of bacteria among the three groups, it can be inferred that the changes in the respiratory microbiome associated with severity are due to a decrease in specific bacterial genera, which may be replaced by Pseudomonas (Nakamoto et al., 2019). Sethi et al. reported that inflammatory cells such as neutrophils and lymphocytes in the sputum of COPD patients infected with Haemophilus parainfluenzae were significantly higher than those in COPD patients without infection, confirming the association between Haemophilus and COPD and its acute exacerbations (Sethi and Murphy, 2001). In patients with AECOPD, the composition of the respiratory tract microbial community changes significantly. The numbers of common pathogenic bacteria such as Haemophilus influenzae, Streptococcus pneumoniae, and Pseudomonas aeruginosa increase (Euba et al., 2017; Leung et al., 2017; Rodrigo-Troyano et al., 2016). This imbalance in the microbial community may lead to a decline in local immune function of the respiratory tract, increase the risk of infection, and thus induce AECOPD. After pathogenic bacteria invade the respiratory tract, they activate the host’s immune system and trigger an inflammatory response. Inflammatory cells such as neutrophils and macrophages release multiple inflammatory mediators, leading to respiratory tract mucosal edema, increased mucus secretion, airway narrowing, and exacerbation of symptoms such as dyspnea (Ko et al., 2016; Hogea et al., 2020; Ritchie and Wedzicha, 2020).

Through serum metabolomics research, it has been found that amino acid metabolism and lipid metabolism are closely related to AECOPD. Research has shown that metabolite scores based on the weighted sum of serum metabolite concentrations of pyruvate, isoleucine, L-methylhistidine, and glutamine are associated with an increased risk of AECOPD (Peng et al., 2023). Labaki et al. also found that low concentrations of tryptophan, isoleucine, valine, and branched chain amino acids were independently associated with the incidence of acute exacerbation of respiratory symptoms within 1 year (Labaki et al., 2019). In addition to amino acid metabolism, lipid metabolism has always been a focus of metabolomics. A recent study further found that the glycerophospholipid metabolic pathway is significantly downregulated in patients with severe COPD, which is associated with the severity of the disease (Zhu et al., 2020). In addition, it was found that the decreased expression of three phospholipids, lysophosphatidylcholine, lysophosphatidylethanolamine, and phosphatidylinositol, may be related to AECOPD (Gai et al., 2021).

The changes in amino acid metabolism and lipid metabolism are closely related to AECOPD, but due to differences in sample size and source among various studies, the above research conclusions still need to be further validated by expanding the sample size or increasing the types of samples. Zhang et al. used LC–MS technology to detect serum samples from 60 AECOPD patients and found significant differences in metabolites such as lactate, succinic acid, and glucose between the two groups compared to healthy individuals. Additionally, AECOPD patients exhibited specific changes in amino acid, energy, and fat metabolism (Zhang et al., 2020). Yang et al. found through research that compared with stable COPD patients, the levels of serum 3-hydroxybutyric acid, lysine, glutamate, glutamine, and pyruvate in AECOPD patients were significantly increased, while the levels of valine, leucine, isoleucine, VLDL, and LDL were significantly decreased. The levels of serum pyruvate, 3-hydroxybutyric acid, lysine, glutamate, and glutamine in AECOPD patients were significantly increased, while the levels of valine, leucine, isoleucine, alanine, choline, 1-methylhistidine, histidine, and others were significantly decreased (Yang et al., 2016). The correlation analysis results showed a significant negative correlation between Haemophilus and alanine. Haemophilus can express an enzyme UDP-N-acetylmuramylalanine ligase (MurC), which is an enzyme that catalyzes the addition of L-alanine to the UDP-acetylmuramyl nucleotide precursor in Haemophilus. This enzyme is a prerequisite for the biosynthesis of peptidoglycan in Haemophilus (Mol et al., 2003; Deva et al., 2006; Isa, 2020). That is to say, the overproliferation of Haemaphilus requires more alanine for the biosynthesis of peptidoglycan in the bacteria itself, which may be one of the important factors causing amino acid (alanine) metabolism disorders in the body. Therefore, alanine may be used as a biomarker for AECOPD for disease diagnosis, monitoring, and prognosis evaluation. However, the role of abnormal alanine metabolism in the occurrence and development of AECOPD requires further research. Microorganisms and metabolites play important mechanistic and functional roles in the occurrence and development of AECOPD. In-depth study of changes in microbial communities and metabolites will help better understand the pathogenesis of AECOPD and provide new ideas and methods for the diagnosis, treatment, and prevention of the disease.



5 Conclusion

In summary, the structural characteristics of respiratory microbiota in COPD and AECOPD patients are different from those in healthy populations, and their microbiota diversity decreases when acute exacerbations occur. Changes in respiratory microbiota are related to pulmonary function, mMRC scoring, CAT scoring and GLOD grading, but not significantly correlated with smoking, gender, age, and some other clinical indicators. In addition, both the predicted microbial community function and metabolomics results indicate that the onset of AECOPD is mainly related to energy and amino acid metabolism disorders, especially alanine metabolism. Subsequent longitudinal studies with multiple centers and large samples are needed, while integrating bacteria, viruses, and fungi into a holistic study to reveal new diagnostic tools and define new diagnosis and treatment models. This will be of great significance for the clinical diagnosis, individualized standardized diagnosis and treatment, and pulmonary function rehabilitation of COPD/AECOPD patients.



Data availability statement

The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found at: https://www.ncbi.nlm.nih.gov/, PRJNA1148836.



Ethics statement

The studies involving humans were approved by the Ethics Committee of the First Affiliated Hospital of Henan University of Traditional Chinese Medicine in accordance with the Helsinki Declaration (2019HL-016-02). The studies were conducted in accordance with the local legislation and institutional requirements. The participants provided their written informed consent to participate in this study. Written informed consent was obtained from the individual(s) for the publication of any potentially identifiable images or data included in this article.



Author contributions

YS: Writing – original draft, Data curation. JY: Writing – review & editing, Methodology, Data curation. TT: Writing – review & editing, Visualization. SL: Writing – review & editing, Supervision, Resources, Funding acquisition. YX: Writing – review & editing, Supervision, Resources, Funding acquisition.



Funding

The author(s) declare that financial support was received for the research, authorship, and/or publication of this article. This study was supported by the Special Scientific Research of Chinese Medicine in Henan Province (2022ZY1037); Henan Province Science and Technology Research and Development Plan Joint Fund (Advantageous Discipline Cultivation Category) Project (232301420088); National Natural Science Foundation of China (82374416); National Key Research and Development Program (2018YFC1704806). National Key Research and Development Program of China (2023YFC3502600).



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher’s note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



Supplementary material

The Supplementary material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fmicb.2024.1487393/full#supplementary-material



Abbreviations


COPD, Chronic obstructive pulmonary disease; AECOPD, Acute exacerbation of chronic obstructive pulmonary disease; PICRUST2, Phylogenetic investigation of communities by reconstruction of unobserved states; KEGG, Kyoto encyclopedia of genes and genomes; PCoA, Principal co-ordinates analysis; ESI, Electric spray ionization source; QC, Quality control; PCA, Principal component analysis; GOLD, Global initiative for chronic obstructive lung disease; mMRC, modified Medical Research Council.




Footnotes

1   https://www.genescloud.cn




References

 Bai, J. S., Liu, J. X., Zhang, Q., Wang, J. M., Fu, A. S., Liu, R. X., et al. (2022). A predictive model based on blood indicators for admission to the ICU with AECOPD. Clin. Lab. 68. doi: 10.7754/Clin.Lab.2022.220145

 Budden, K. F., Shukla, S. D., Rehman, S. F., Bowerman, K. L., Keely, S., Hugenholtz, P., et al. (2019). Functional effects of the microbiota in chronic respiratory disease. Lancet Respir. Med. 7, 907–920. doi: 10.1016/S2213-2600(18)30510-1

 Chen, X., and Qiu, C. (2019). Respiratory tract mucous membrane microecology and asthma. Ann. Transl. Med. 7:495. doi: 10.21037/atm.2019.09.06 

 Christenson, S. A., Smith, B. M., Bafadhel, M., and Putcha, N. (2022). Chronic obstructive pulmonary disease. Lancet 399, 2227–2242. doi: 10.1016/S0140-6736(22)00470-6

 Deva, T., Baker, E. N., Squire, C. J., and Smith, C. A. (2006). Structure of Escherichia coli UDP-N-acetylmuramoyl:L-alanine ligase (MurC). Acta Crystallogr. D Biol. Crystallogr. 62, 1466–1474. doi: 10.1107/S0907444906038376

 Devadoss, D., Long, C., Langley, R. J., Manevski, M., Nair, M., Campos, M. A., et al. (2019). Long noncoding transcriptome in chronic obstructive pulmonary disease. Am. J. Respir. Cell Mol. Biol. 61, 678–688. doi: 10.1165/rcmb.2019-0184TR 

 Diao, W., Shen, N., Du, Y., Erb-Downward, J. R., Sun, X., Guo, C., et al. (2018). Symptom-related sputum microbiota in stable chronic obstructive pulmonary disease. Int. J. Chron. Obstruct. Pulmon. Dis. 13, 2289–2299. doi: 10.2147/COPD.S167618 

 Erb-Downward, J. R., Thompson, D. L., Han, M. K., Freeman, C. M., Mccloskey, L., Schmidt, L. A., et al. (2011). Analysis of the lung microbiome in the "healthy" smoker and in COPD. PLoS One 6:e16384. doi: 10.1371/journal.pone.0016384 

 Euba, B., López-López, N., Rodríguez-Arce, I., Fernández-Calvet, A., Barberán, M., Caturla, N., et al. (2017). Resveratrol therapeutics combines both antimicrobial and immunomodulatory properties against respiratory infection by nontypeable Haemophilus influenzae. Sci. Rep. 7:12860. doi: 10.1038/s41598-017-13034-7 

 Gai, X., Guo, C., Zhang, L., Zhang, L., Abulikemu, M., Wang, J., et al. (2021). Serum Glycerophospholipid profile in acute exacerbation of chronic obstructive pulmonary disease. Front. Physiol. 12:646010. doi: 10.3389/fphys.2021.646010 

 Hilty, M., Burke, C., Pedro, H., Cardenas, P., Bush, A., Bossley, C., et al. (2010). Disordered microbial communities in asthmatic airways. PLoS One 5:e8578. doi: 10.1371/journal.pone.0008578 

 Hogea, S. P., Tudorache, E., Fildan, A. P., Fira-Mladinescu, O., Marc, M., and Oancea, C. (2020). Risk factors of chronic obstructive pulmonary disease exacerbations. Clin. Respir. J. 14, 183–197. doi: 10.1111/crj.13129

 Huang, Y. J., Sethi, S., Murphy, T., Nariya, S., Boushey, H. A., and Lynch, S. V. (2014). Airway microbiome dynamics in exacerbations of chronic obstructive pulmonary disease. J. Clin. Microbiol. 52, 2813–2823. doi: 10.1128/JCM.00035-14 

 Isa, M. A. (2020). Comparative modeling and dynamic simulation of UDP-N-acetylmuramoyl-alanine ligase (MurC) from Mycobacterium tuberculosis through virtual screening and toxicity analysis. Life Sci. 262:118466. doi: 10.1016/j.lfs.2020.118466 

 Ismail, T. S. (2009). Exacerbation of chronic obstructive pulmonary disease. Med J Malaysia 64, 250–5; quiz 256; quiz 256 

 Kahn, F. W., and Jones, J. M. (1987). Diagnosing bacterial respiratory infection by bronchoalveolar lavage. J. Infect. Dis. 155, 862–869. doi: 10.1093/infdis/155.5.862

 Ko, F. W., Chan, K. P., Hui, D. S., Goddard, J. R., Shaw, J. G., Reid, D. W., et al. (2016). Acute exacerbation of COPD. Respirology 21, 1152–1165. doi: 10.1111/resp.12780 

 Labaki, W. W., Gu, T., Murray, S., Curtis, J. L., Yeomans, L., Bowler, R. P., et al. (2019). Serum amino acid concentrations and clinical outcomes in smokers: SPIROMICS metabolomics study. Sci. Rep. 9:11367. doi: 10.1038/s41598-019-47761-w 

 Lai, H. C., Lin, T. L., Chen, T. W., Kuo, Y. L., Chang, C. J., Wu, T. R., et al. (2022). Gut microbiota modulates COPD pathogenesis: role of anti-inflammatory Parabacteroides goldsteinii lipopolysaccharide. Gut 71, 309–321. doi: 10.1136/gutjnl-2020-322599 

 Leung, J. M., Tiew, P. Y., Mac Aogáin, M., Budden, K. F., Yong, V. F., Thomas, S. S., et al. (2017). The role of acute and chronic respiratory colonization and infections in the pathogenesis of COPD. Respirology 22, 634–650. doi: 10.1111/resp.13032 

 Li, R., Li, J., and Zhou, X. (2024). Lung microbiome: new insights into the pathogenesis of respiratory diseases. Signal Transduct. Target. Ther. 9:19. doi: 10.1038/s41392-023-01722-y 

 Liu, J., Ran, Z., Wang, F., Xin, C., Xiong, B., and Song, Z. (2021). Role of pulmonary microorganisms in the development of chronic obstructive pulmonary disease. Crit. Rev. Microbiol. 47, 1–12. doi: 10.1080/1040841X.2020.1830748 

 Millares, L., Pascual, S., Montón, C., García-Núñez, M., Lalmolda, C., Faner, R., et al. (2019). Relationship between the respiratory microbiome and the severity of airflow limitation, history of exacerbations and circulating eosinophils in COPD patients. BMC Pulm. Med. 19:112. doi: 10.1186/s12890-019-0867-x 

 Mol, C. D., Brooun, A., Dougan, D. R., Hilgers, M. T., Tari, L. W., Wijnands, R. A., et al. (2003). Crystal structures of active fully assembled substrate- and product-bound complexes of UDP-N-acetylmuramic acid:L-alanine ligase (MurC) from Haemophilus influenzae. J. Bacteriol. 185, 4152–4162. doi: 10.1128/JB.185.14.4152-4162.2003 

 Nakamoto, K., Watanabe, M., Sada, M., Inui, T., Nakamura, M., Honda, K., et al. (2019). Pseudomonas aeruginosa-derived flagellin stimulates IL-6 and IL-8 production in human bronchial epithelial cells: a potential mechanism for progression and exacerbation of COPD. Exp. Lung Res. 45, 255–266. doi: 10.1080/01902148.2019.1665147 

 O'shaughnessy, M., Sheils, O., and Baird, A. M. (2023). The lung microbiome in COPD and lung Cancer: exploring the potential of metal-based drugs. Int. J. Mol. Sci. 24:296. doi: 10.3390/ijms241512296

 Peng, L., You, H., Xu, M. Y., Dong, Z. Y., Liu, M., Jin, W. J., et al. (2023). A novel metabolic score for predicting the acute exacerbation in patients with chronic obstructive pulmonary disease. Int. J. Chron. Obstruct. Pulmon. Dis. 18, 785–795. doi: 10.2147/COPD.S405547 

 Pragman, A. A., Kim, H. B., Reilly, C. S., Wendt, C., and Isaacson, R. E. (2012). The lung microbiome in moderate and severe chronic obstructive pulmonary disease. PLoS One 7:e47305. doi: 10.1371/journal.pone.0047305 

 Qu, L., Cheng, Q., Wang, Y., Mu, H., and Zhang, Y. (2022). COPD and gut-lung Axis: how microbiota and host Inflammasome influence COPD and related therapeutics. Front. Microbiol. 13:868086. doi: 10.3389/fmicb.2022.868086 

 Ritchie, A. I., and Wedzicha, J. A. (2020). Definition, causes, pathogenesis, and consequences of chronic obstructive pulmonary disease exacerbations. Clin. Chest Med. 41, 421–438. doi: 10.1016/j.ccm.2020.06.007 

 Rodrigo-Troyano, A., Suarez-Cuartin, G., Peiró, M., Barril, S., Castillo, D., Sanchez-Reus, F., et al. (2016). Pseudomonas aeruginosa resistance patterns and clinical outcomes in hospitalized exacerbations of COPD. Respirology 21, 1235–1242. doi: 10.1111/resp.12825 

 Russo, C., Colaianni, V., Ielo, G., Valle, M. S., Spicuzza, L., and Malaguarnera, L. (2022). Impact of lung microbiota on COPD. Biomedicines 10:1337. doi: 10.3390/biomedicines10061337 

 Sethi, S. (2014). Chronic obstructive pulmonary disease and infection. Disruption of the microbiome? Ann. Am. Thorac. Soc. 11, S43–S47. doi: 10.1513/AnnalsATS.201307-212MG

 Sethi, S., and Murphy, T. F. (2001). Bacterial infection in chronic obstructive pulmonary disease in 2000: a state-of-the-art review. Clin. Microbiol. Rev. 14, 336–363. doi: 10.1128/CMR.14.2.336-363.2001 

 Shah, T., Shah, Z., Baloch, Z., and Cui, X. (2021). The role of microbiota in respiratory health and diseases, particularly in tuberculosis. Biomed. Pharmacother. 143:112108. doi: 10.1016/j.biopha.2021.112108 

 Su, L., Qiao, Y., Luo, J., Huang, R., Li, Z., Zhang, H., et al. (2022). Characteristics of the sputum microbiome in COPD exacerbations and correlations between clinical indices. J. Transl. Med. 20:76. doi: 10.1186/s12967-022-03278-x 

 Suissa, S., Dell'aniello, S., and Ernst, P. (2012). Long-term natural history of chronic obstructive pulmonary disease: severe exacerbations and mortality. Thorax 67, 957–963. doi: 10.1136/thoraxjnl-2011-201518 

 Sun, Z., Zhu, Q. L., Shen, Y., Yan, T., and Zhou, X. (2020). Dynamic changes of gut and lung microorganisms during chronic obstructive pulmonary disease exacerbations. Kaohsiung J. Med. Sci. 36, 107–113. doi: 10.1002/kjm2.12147 

 Wang, Z., Bafadhel, M., Haldar, K., Spivak, A., Mayhew, D., Miller, B. E., et al. (2016). Lung microbiome dynamics in COPD exacerbations. Eur. Respir. J. 47, 1082–1092. doi: 10.1183/13993003.01406-2015 

 Wang, D., Cheng, J., Zhang, J., Zhou, F., He, X., Shi, Y., et al. (2021). The role of respiratory microbiota in lung Cancer. Int. J. Biol. Sci. 17, 3646–3658. doi: 10.7150/ijbs.51376 

 Yang, X., Huang, F., Zhang, Y., Li, X., Wang, Q., Wu, M., et al. (2016). Study on serum metabolomics of acute exacerbation of chronic obstructive pulmonary disease based on 1H nuclear magnetic resonance technology. Chin. J. Tuberc. Respir. Med. 39, 899–900. doi: 10.3760/cma.j.issn.1001-0939.2016.11.017

 Yu, B., Flexeder, C., Mcgarrah, R. W. 3rd, Wyss, A., Morrison, A. C., North, K. E., et al. (2019). Metabolomics identifies novel blood biomarkers of pulmonary function and COPD in the general population. Meta 9:61. doi: 10.3390/metabo9040061

 Yuksel, N., Gelmez, B., and Yildiz-Pekoz, A. (2023). Lung microbiota: its relationship to respiratory system diseases and approaches for lung-targeted probiotic Bacteria delivery. Mol. Pharm. 20, 3320–3337. doi: 10.1021/acs.molpharmaceut.3c00323 

 Zhang, Z., Wang, J., Li, Y., Liu, F., Chen, L., He, S., et al. (2023). Proteomics and metabolomics profiling reveal panels of circulating diagnostic biomarkers and molecular subtypes in stable COPD. Respir. Res. 24:73. doi: 10.1186/s12931-023-02349-x 

 Zhang, R., Zhang, F., and Huang, X. (2020). Study on serum metabolomics during acute exacerbation of COPD with phlegm turbidity obstruction based on GC-TOFMS technology traditional Chinese medicine. Information 37, 59–63. doi: 10.19656/j.cnki.1002-2406.200045

 Zheng, X., Lu, X., and Hu, Y. (2023). Distinct respiratory microbiota associates with lung cancer clinicopathological characteristics. Front. Oncol. 13:847182. doi: 10.3389/fonc.2023.847182 

 Zhou, X., Li, Q., and Zhou, X. (2015). Exacerbation of chronic obstructive pulmonary disease. Cell Biochem. Biophys. 73, 349–355. doi: 10.1007/s12013-015-0605-9 

 Zhu, T., Li, S., Wang, J., Liu, C., Gao, L., Zeng, Y., et al. (2020). Induced sputum metabolomic profiles and oxidative stress are associated with chronic obstructive pulmonary disease (COPD) severity: potential use for predictive, preventive, and personalized medicine. EPMA J. 11, 645–659. doi: 10.1007/s13167-020-00227-w 


Copyright
 © 2024 Shi, Yang, Tian, Li and Xie. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/xhtml/Nav.xhtml




Contents





		Cover



		Exploring the potential role of microbiota and metabolites in acute exacerbation of chronic obstructive pulmonary disease



		1 Introduction



		2 Materials and methods



		2.1 Ethical approval and informed consent



		2.2 Research subjects and enrollment process



		2.2.1 Research subjects



		2.2.2 Enrollment process









		2.3 Peripheral blood and sputum samples collection



		2.4 Serum metabolome



		2.5 Sputum microbiome



		2.5.1 DNA extraction and quality inspection



		2.5.2 Construction and quality inspection of DNA library



		2.5.3 High throughput sequencing



		2.5.4 Bioinformatics analysis









		2.6 Correlation analysis between microbial community and metabolites



		2.7 Statistical methods









		3 Results



		3.1 Clinical data



		3.2 Diversity of sputum microbiota



		3.3 Composition and distribution of sputum microbiota



		3.4 Analysis of species differences and marker species



		3.5 Prediction of microbial community functional potential



		3.6 Quality control, identification, and analysis of metabolites



		3.7 Differential metabolites analysis



		3.8 Correlation analysis between microbial community and metabolites









		4 Discussion



		5 Conclusion



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Conflict of interest



		Publisher’s note



		Supplementary material



		Abbreviations



		Footnotes



		References



















OPS/images/cover.jpg
, frontiers = Frontiers in Microbiology

Exploring the potential role of
microbiota and metabolites in
acute exacerbation of chronic
obstructive pulmonary disease












OPS/images/crossmark.jpg
©

2

i

|






OPS/images/logo.jpg
’ frontiers Frontiersin Microbiology






OPS/images/fmicb-15-1487393-g005.jpg
POS

v sy

. oo

reasen

posgsasn

POS

Lpit and pitka
w

Orgaic oxygen compounds: 6
Phanyiropaneids and

Organoneterocyeic
ompoumdai ik rganic acids and
ivs: 2095
i i motcies g s s seres
vl compounss B
B rdponteioes g oo compaunss
Grgane e comons e foo

" sromes
@ Uipan sigran s coponce

NEG

= e
I
& % a
g . s
- # G
» . .
etz

organoneterocyeic
‘compounds: 85

Pr———

NEG






OPS/images/fmicb-15-1487393-g006.jpg
C

B

s—






OPS/images/fmicb-15-1487393-g003.jpg
Stoptococcus I115 HE
Loptotichia_A copp
Aloprevotelia 000 || AECOPD
Capnocytophaga

Veilonolia_A 15
Bordetele_A

Loutopia

Pseudomonas_E

Actinomyces

Haemophius_0

Pauljensenia

Rothia

Acinetobacter
Provotela
Granuicatella
Neisseria

Porphyroneiss A

o
OAO

] Fsobactrion.

LefSe analysis
The current LDA threshold is 2

p_Firmicutes_C-
¢ Negativicuies

o Veillonellales

g Veillonella_A

1 Teillonellaceae
f_Burkholderiaceae A
& Lautropia

; “Actinomyces:
&_Prevotella

o_ Bactervidales

P Bacteroidota

& Bacteroidia

g Neisseria
[ Neisseriaceae

/. Enterobacteriaceae A
& Klebsiclia

Patescibacteria
o Absconditabacrerales ne
< HEDAMOT copp
a2 AECOPD

& HOT 345
p_Firmicuies A
_Clostridia
o_ Peptostreptococcales
/. Fusobacteri
& Fusobacterium_C
[ Anaerovoracacéae
1_Gemellaceae
2 _Gemella
Staphylococcales
o Lachnospirales
/. Lachnospiraceae
J_Pépiostreptococcaceae
2 Peplostreptococcus
& Eubacterium_B

o
s

LDA Score (log10)





OPS/images/fmicb-15-1487393-g004.jpg
Cyanide amino acid metabolism

COPD ¥ HC

Cyanide amino acid metabolism

AECOPD vs HC

Beta-alanine metabolism

AECOPD 15 COPD





OPS/images/fmicb-15-1487393-t001.jpg
HCn=10 COPDn AECOPD n

Age (year) 6507667 6356 + 850 6694+6.44 0253
Gender (Male %) 800 611 83 0179
BMI (kg/m?) 23954347 24972415 23.16+3.54 0243
Current smoking (%) 467 444 306 0439
Smoking volume (per year) 110.00 (0, 365.00) 0(0,465.00) 32850 (0, 527.25) 0323
mMRC scoring NA 2004034 242£087 0016
CAT scoring NA 12114643 15674525 0034
FEVI/FVC 67.93 £ 1460 58131144 475721246 <001
FEV1% predicted values 78382191 6179+ 2630 149.43£19.98 <001
6MWD 496.60 £ 78.44 37183 £9475 33722+ 1210 <0.01
Sputum neutrophil proportion (%) 12.45(10.00, 69.33) 14392(19.20,9491) 87.27 (63.54,97.31) <001
Allergy history 0343
Yes NA 1 7

No NA 17 29

Past history of aggravation 0336
0-1 NA 7 19

22 NA n 17

GLOD grading <001
1 NA 6 1

2 NA 3 15

3 NA il 15





OPS/images/fmicb-15-1487393-g007.jpg
c Indole-34actic acid Indoe-3-acetic acid

i .. ke
! . _]‘ :
- ] |
I §
5 — ] _— . o

Linolic acid metabolism-
Long-term depression-

Geniral carbon metabolism i cancer
Protein digestion and absorption
Regulaton of ipolysis in adipocytes:
Amincacyl{RNA biosyrihesis
Retrograde endocannabinoid signaling
Adosterone synthesis and secretion
Blosynthesis of unsaturated faty acids
Ferroptosis

Mineral absorption
Tryptophan metabolism-
Biosynthesis of cofactors:
Valine, leucine and isoleucine degradation
‘Serotonergic synapse

FoxO signaing pathway-

Prion disease

GoRH signaling pathwiay

Huntington disease

Leishmaniasis

Metabolism
Organismal systems

Human Diseases

Genetic Information Processing

Cellular Processes.

Environmental Information Processing

KEGG pathway

o5 1o 15 20 25 30 35
-log10{(p value)





OPS/images/fmicb-15-1487393-g008.jpg
Streptococcus
Prevotella
Neisseria

0
raomaonis. 0 Moz

Veillonella_A 0
02

Rothia 04

Paujenseria

Porphyromonas_A






OPS/images/fmicb-15-1487393-g001.jpg
— =

—
ot

1Il,

il






OPS/images/fmicb-15-1487393-g002.jpg
Rolative Abundance (%)

_' 3 CON [ COPD =3 AECOPD

ﬁﬁ_ﬁ S ol 2 pak

Relative Abundance (%)

=
— *x
-
.
= *x .
= 3






