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Dynamic microbial changes in exacerbation of chronic obstructive pulmonary disease
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Background: Microbial profiles in patients with chronic obstructive pulmonary disease (COPD) provide insights for predicting, preventing, and treating exacerbations. This study aimed to analyze the impact of microbial diversity and spectrum on COPD exacerbation.

Methods: From November 1, 2018, to May 31, 2023, we prospectively enrolled patients with stable disease (SD) and exacerbation of COPD (ECOPD). Sputum samples were collected for microbiome DNA sequencing, and amplicon sequence variants were analyzed.

Results: We collected sputum samples from 38 patients: 17 samples from patients with SD and samples from patients with ECOPD at two time points—during exacerbation (AE-1: 21 samples) and again during stabilization after 2 weeks of treatment (AE-2: 17 samples). Alpha diversity indices, specifically observed feature count and Fisher’s alpha index, were significantly higher in SD (133.0 [98.0–145.0]; 17.1 [12.7–19.6]) compared to AE-1 (88.0 [72.0–125.0], p = 0.025; 10.9 [8.5–16.1], p = 0.031). The SD showed significantly higher abundances of Neisseria (linear discriminant analysis [LDA] 4.996, adj.p = 0.021), Fusobacterium (LDA 3.688, adj.p = 0.047), and Peptostreptococcus (LDA 3.379, adj.p = 0.039) at the genus level compared to AE-1. At the species level, N. perflava (LDA 5.074, adj.p = 0.010) and H. parainfluenzae (LDA 4.467, adj. p = 0.011) were more abundant in SD. Hub genera in the microbial network included Haemophilus, Granulicatella, Neisseria, Lactobacillus, and Butyrivibrio in SD and Streptococcus, Gemella, Actinomyces, Klebsiella, and Staphylococcus in AE-1.

Conclusion: COPD exacerbations are linked to changes in specific strains of normal flora. Maintaining microbial diversity and balance within the microbial network is critical for preventing and managing COPD exacerbations.
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Introduction

Chronic obstructive pulmonary disease (COPD) is a heterogeneous lung condition characterized by chronic respiratory symptoms due to airway and/or alveolar abnormalities, leading to persistent and often progressive airflow obstruction (Celli et al., 2022). COPD exacerbation (ECOPD) is characterized by a rapid onset of worsened respiratory symptoms such as dyspnea, cough, and increased sputum within 14 days (Celli et al., 2021). These exacerbations are commonly linked to local and systemic inflammation, often triggered by infections or airway irritants (Celli et al., 2021). ECOPD not only increases patient mortality but also imposes significant economic burdens (Park et al., 2022). Therefore, developing effective preventive and treatment strategies is crucial (Park et al., 2022).

Emerging evidence indicates that respiratory tract microecological disorders play a role in COPD pathogenesis, particularly through alterations of the airway microbiome, which contributes to neutrophilic inflammation in COPD and ECOPD (Xue et al., 2023; Karakasidis et al., 2023). Additionally, the overall microbiome diversity, rather than specific strains, has been highlighted in ECOPD pathogenesis (Xue et al., 2023; Pragman et al., 2024). A diverse and balanced microbiome may be crucial in maintaining respiratory health and preventing exacerbations. Consequently, novel therapeutic strategies targeting the lung microbiome for managing and treating ECOPD have been suggested (Li et al., 2024; Sin, 2023).

This study aims to investigate alterations in the airway microbiome during ECOPD and assess their correlation with clinical outcomes.



Materials and methods


Patients and study design

From November 1, 2018, to May 31, 2023, we conducted a prospective screening of all patients who visited the outpatient clinic of Gangnam Severance Hospital. COPD was defined according to the recommendations of the Global Initiative for Chronic Obstructive Lung Disease (GOLD) 2018 as patients presenting symptoms of COPD or those with risk factors and a post-bronchodilator FEV1/FVC ratio of less than 0.7. Patients were included if they met the diagnostic criteria for COPD. The exclusion criteria were as follows: patients with asthma, those unable to provide sputum samples, and those who had already received antibiotic treatment within the previous month. Stable Disease (SD) was defined as the absence of ECOPD episodes in the past year. ECOPD was defined as an acute worsening of respiratory symptoms requiring additional therapy. Sputum samples were collected from patients with SD and ECOPD on their enrollment dates (SD and AE-1, respectively). Additionally, patients with ECOPD provided a second sputum sample (AE-2) 2 weeks after initiating treatment with antibiotics, corticosteroids, or both.

Qualified spontaneous sputum samples, based on epithelial cell counts, were collected within 24 h of enrollment before any systemic therapy (SD and AE-1). We considered samples with epithelial cells <10/LPF in sputum Gram stain grading as uncontaminated by oropharyngeal secretions. AE-2 sputum samples were collected 2 weeks after medical treatment with antibiotics, corticosteroids, or both, either at outpatient clinics or upon hospital admission for ECOPD.



Library construction and sequencing

DNA was extracted using the DNeasy PowerSoil Pro Kit (Qiagen, Hilden, Germany) following the manufacturer’s protocol. Extracted DNA was quantified using Quant-IT PicoGreen (Invitrogen).

Sequencing libraries were prepared following the PacBio Amplicon Template Preparation and Sequencing protocols, targeting the 27F and 1492R regions. Input gDNA (2 ng) was polymerase chain reaction (PCR)-amplified with 10× LA PCR Buffer II (Mg2+-free), 2.5 mM dNTP mix, 2.5 mM MgCl2, 500 nM each of forward and reverse PCR primers, and 5 U of TaKaRa LA Taq (Takara, Kusatsu, Japan). The PCR conditions were initial heat activation at 94°C for 5 min, followed by 25 cycles of 30 s at 94°C, 30 s at 53°C, and 90 s at 72°C, with a final extension at 72°C for 5 min. The primer pairs with asymmetric barcoded adapters used for the amplifications were: 27F-F: 5′- AGRGTTYGATYMTGGCTCAG −3′ and 1,492-R: 5′- RGYTACCTTGTTACGACTT -3′. PCR products were purified using SMRTbell cleanup beads, quantified using Quant-IT PicoGreen (Invitrogen), and qualified using the TapeStation D5000 Screen Tape (Agilent Technologies, Waldbronn, Germany). For PacBio Sequel IIe sequencing, 500 ng of pooled amplicon DNA was used for library preparation. A total of 10 μL of the library was prepared using the PacBio SMRTbell prep kit 3.0. SMRTbell templates were annealed using the Sequel II Bind Kit 3.1 and Int Ctrl 3.1. Sequencing was performed using the Sequel II Sequencing Kit 2.0 and SMRT cells 8 M Tray. Data acquisition involved 10-h movies captured for each SMRT cell using the PacBio Sequel IIe (Pacific Biosciences) sequencing platform, conducted by Macrogen (Seoul, Korea). Subsequent steps followed the PacBio Sample Net-Shared Protocol, which is available on the PacBio website.1



Statistical analysis

We conducted a power analysis to evaluate the required sample size. With an effect size of 0.5, an alpha error of 0.05, and a power of 0.80, we set a target of including at least 35 participants.

Categorical variables were presented as frequencies (percentages). Continuous variables were presented as mean ± standard deviation (SD) for normally distributed data and as median (interquartile range [IQR]) for non-normally distributed data. Normality assumptions for continuous variables were confirmed using the Shapiro–Wilk test. Baseline characteristics among three or more distinct patient groups were compared using one-way analysis of variance (ANOVA) or Kruskal–Wallis tests. Tukey’s Honest Significant Difference test served was used post-hoc for ANOVA, while Dunn’s test followed the Kruskal–Wallis test. Fisher’s exact test was used to analyze categorical data.

Analyses were performed using R (R Foundation for Statistical Computing, Vienna, Austria)2. Phyloseq, microbiomeMarker, and NetCoMi packages were used for ASV sequencing, linear discriminant analysis (LDA) effect size (LEfSe), and network analyses, respectively. The MaAsLin2 package was used to apply a mixed-effects linear model for paired samples to conduct a within-patient analysis. A Spearman’s correlation plot was constructed using the Corrplot package. Permutational multivariate analysis of variance (PERMANOVA) was performed using the vegan package.




Results


Baseline characteristics

Thirty-eight patients were enrolled in the study, with 17 assigned to the SD group and 21 to the AE group (Table 1). Seventeen sputum samples were obtained once from the SD group and 38 samples were obtained twice from the AE group, taken at two different time points. Four AE-2 samples were excluded from longitudinal analysis in AE due to follow-up loss.



TABLE 1 Baseline characteristics of enrolled patients.
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Although no significant differences were observed in age, sex, height, history of smoking, sputum collection season, underlying diseases, and initial chest radiographic findings between groups, weight and body mass index (BMI) were significantly lower in the AE than in SD (59.7 ± 9.6 kg vs. 67.3 ± 11.2 kg, p = 0.030; and 21.9 kg/m2 [IQR 20.6–23.0] vs. 24.0 kg/m2 [22.1–25.3], p = 0.025, respectively, Table 1). The AE group showed a higher use of antibiotics (66.7%) compared to the SD group (17.6%), with a p-value of 0.007. Similarly, steroid use was more frequent in the AE group (95.2%) than in the SD group (11.8%), with a p-value of <0.001.

AE patients had more severe COPD grades, with a higher proportion in grade 3 (52.4%) and grade 4 (23.8%), while SD patients were mostly in grade 2 (76.5%), showing a significant difference in COPD grade distribution (p = 0.003).

Additionally, in the analysis for longitudinal assessment within the AE group, there were no significant differences in baseline characteristics between the included and excluded patients (Supplementary Table 1).

Pulmonary function tests revealed that forced expiratory volume in the first second (FEV1) was significantly lower in AE (1.1 liters [0.8–1.5] vs. 1.7 liters [1.5–2.1], p = 0.001) as was z-score of FEV1 by Global Lung Function Initiative-2012 (GLI-2012) reference (−3.3 [−3.8–-2.7] vs. −2.3 [−2.6–−2.0], p < 0.001). Forced expiratory flow (FEF, FEF25–75%, FEF25, FEF50, and FEF75) and peak expiratory flow were lower in the AE group than in the SD group (Table 2).



TABLE 2 Clinical features of enrolled patients.
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Diversity of airway microbiomes in patients with COPD

In 55 sputum samples, 3,470 amplicon sequence variants were obtained, with a median feature sequence frequency of 36,284.

In alpha diversity, the observed feature count was significantly higher in SD (133.0 [98.0–145.0]) compared to AE-1 (88.0 [72.0–125.0], p = 0.036) and AE-2 (92.0 [38.0–110.0], p = 0.002; Figure 1A). Shannon’s index was also significantly higher in SD (3.8 [3.3; 4.0]) than in AE-2 (3.1 [2.2; 3.9], p = 0.034; Figure 1B). Similarly, Fisher’s alpha index was higher in SD (17.1 [12.7; 19.6]) compared to AE-1 (10.9 [8.5; 16.1], p = 0.031) and AE-2 (11.2 [4.2; 14.0], p = 0.002; Figure 1C). The under-73 group also showed significantly higher diversity metrics compared to the 73-and-older group, with an observed feature count of 137.3 ± 32.8 vs. 82.9 ± 32.7, Shannon’s index of 3.9 [3.5–4.2] vs. 3.0 [2.8–3.6], and Fisher’s alpha index of 18.2 ± 4.9 vs. 10.4 ± 4.6 (all p < 0.001; Supplementary Figure 1A). After adjusting for age through stratified analysis, the SD group showed higher alpha diversity indices compared to the AE-1 group (Supplementary Figure 2A). In contrast, the alpha diversity indices did not show any significant differences based on smoking status, COPD severity, or the season in which the sample was collected (Supplementary Figures 1C–E). In stratified analysis conducted based on smoking status and sampling season, the SD group showed significantly higher alpha diversity compared to the AE group (Supplementary Figures 2C,D).
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FIGURE 1
 Diversity of airway microbiome in patients with COPD. Panels (A–C) display whisker-bar plots comparing alpha diversity across the SD, AE-1, and AE-2 groups, showing observed features, Shannon’s index, and Fisher’s alpha index, respectively. Cross-sectional comparisons were performed using the Wilcoxon test, and longitudinal comparisons were assessed with the paired Wilcoxon test. Panels (D–F) present cross-sectional comparisons of beta diversity across the SD, AE-1, and AE-2 groups, showing unweighted UniFrac, weighted UniFrac, and Bray–Curtis dissimilarity, respectively, with p-values calculated by PERMANOVA. Panel (G) illustrates changes in Bray–Curtis dissimilarity between AE-1 and AE-2 samples, where gray arrows indicate a 2-week interval. Panel (H) presents a longitudinal comparison of Bray–Curtis dissimilarity centroid distances, assessed by paired Wilcoxon test. Panels (I–K) present cross-sectional comparisons of beta diversity across chronic obstructive pulmonary disease grades 1 to 4.


In the longitudinal comparison of AE samples, observed feature counts, Shannon’s index, and Fisher’s alpha index showed a decrease after 2 weeks (AE-1 vs. AE-2; 104.0 [74.0–136.0] vs. 92.0 [38.0–110.0], p = 0.011; 3.5 [3.0–3.9] vs. 3.1 [2.2–3.9], p = 0.023; and 13.2 [9.2–18.1] vs. 11.2 [4.2–14.0], p = 0.006, respectively, all by paired Wilcoxon test; Figures 1A–C). Antibiotic use during ECOPD did not result in a significant decrease in diversity (Supplementary Figure 1B). Additionally, AE-1 showed higher alpha diversity compared to AE-2 in stratified analysis by antibiotic use (Supplementary Figure 2B).

In the beta diversity analysis, un-weighted UniFrac showed a significant difference between the SD and AE-1 groups (R2 = 0.031, p = 0.041 by PERMANOVA; Figure 1D). However, no significant differences were observed in weighted UniFrac and Bray–Curtis dissimilarity between the SD and AE-1 groups (R2 = 0.024, p = 0.724 and R2 = 0.025, p = 0.841, respectively; Figures 1E,F). In the longitudinal comparison of AE samples, the centroid distance of Bray–Curtis dissimilarity was significantly higher in AE-2 compared to AE-1 (0.656 [0.644–0.674] vs. 0.669 [0.653–0.691], p = 0.006 by paired Wilcoxon test; Figures 1G,H). Bray–Curtis dissimilarity, unweighted UniFrac, and weighted UniFrac analyses for beta diversity also showed significant differences according to COPD stage (R2 = 0.029, p = 0.001 by PERMANOVA; R2 = 0.030, p = 0.001; R2 = 0.033, p = 0.006; Figures 1I–K, respectively).



Distribution of airway microbiomes in patients with COPD

Supplementary Figures 3, 4 illustrate the overall distribution of the microbiome. The predominant phyla in AE-1 and SD were Bacillota (77.5% [57.1–82.7] and 59.2% [40.2–75.3], p = 0.107, respectively), Pseudomonadota (7.4% [4.7–27.4] and 26.8% [16.4–45.6], p = 0.101, respectively), and Actinomycetota (3.5% [2.2–7.3] and 6.4% [2.1–9.4], p = 0.322, respectively). Fusobacteriota was significantly reduced in the AE-1 compared to the SD (0.2% [0.1–1.0] vs. 1.2% [0.4–1.7], p = 0.016).

At the genus level, significant differences were observed for Neisseria (AE-1 vs. SD; 2.6% [0.1–7.4] vs. 17.1% [3.6–38.4], p = 0.022), Fusobacterium (0.2% [0.1–0.8] vs. 0.7% [0.2–1.1], p = 0.049), Leptotrichia (0.1% [0.0–0.2] vs. 0.3% [0.1–0.6], p = 0.038), Bergeyella (0.0% [0.0–0.0] vs. 0.1% [0.0–0.2], p < 0.001), Peptostreptococcus (0.0% [0.0–0.0] vs. 0.0% [0.0–0.2], p = 0.041), Oribacterium (0.0% [0.0–0.1] vs. 0.2% [0.0–0.5], p = 0.048). At the species level, significant differences were found in Neisseria perflava (0.6% [0.0–2.4] vs. 6.1% [1.6–37.9], p = 0.011) and Haemophilus parainfluenzae (0.8% [0.0–2.1] vs. 6.0% [4.4–7.9], p = 0.011).

Among these genera, the proportions of Fusobacterium (under 73 vs. 73 and older: 0.7% [0.2–1.4] vs. 0.2% [0.0–0.7], p = 0.031), Leptotrichia (0.2% [0.0–0.6] vs. 0.0% [0.0–0.2], p = 0.019), and Oribacterium (0.1% [0.0–0.5] vs. 0.0% [0.0–0.1], p = 0.012) were significantly higher in patients under 73 years compared to those aged 73 and older (Supplementary Figure 5A). Similarly, among COPD GOLD grades, the proportions of Fusobacterium (grades 1–2 vs. 3–4: 1.0% [0.2–1.7] vs. 0.2% [0.0–0.5], p = 0.001), Bergeyella (0.1% [0.0–0.1] vs. 0.0% [0.0–0.0], p < 0.001), Peptostreptococcus (0.0% [0.0–0.1] vs. 0.0% [0.0–0.0], p = 0.006), and Oribacterium (0.1% [0.0–0.4] vs. 0.0% [0.0–0.2], p = 0.046) were significantly higher in patients with GOLD grades 1–2 compared to those with grades 3–4 (Supplementary Figure 5B).



Dynamics of airway microbiome in initiation of ECOPD

LEfSe analysis revealed that the SD group showed significantly higher abundances of Neisseria (LDA 4.996, adjusted P [adj.P] = 0.021), Fusobacterium (LDA 3.688, adj.p = 0.047), and Peptostreptococcus (LDA 3.379, adj.p = 0.039) at the genus level compared to the AE-1 group. At the species level, N. perflava (LDA 5.074, adj.p = 0.010) and H. parainfluenzae (LDA 4.467, adj.p = 0.011) were significantly more abundant in the SD group compared to the AE-1 group (Figure 2; Supplementary Figure 6). No genera or species in the AE-1 group showed significantly higher abundance compared to the SD group (Figure 2).
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FIGURE 2
 Comparison of the proportion of airway microbiome between groups. Panel (A) displays whisker-bar plots of genera and species with significantly increased abundance when comparing SD to AE-1. Panel (B) shows a bar plot from linear discriminant analysis (LDA) effect size (LEfSe), highlighting genera and species with significantly higher abundance in each group (SD and AE-1); no genera were found to be significantly increased in AE-1.


Network analysis revealed that the SD group had a more complex and stronger microbial network than the AE-1 group (0.155 vs. 0.108 for edge density and 0.034 vs. 0.023 for natural connectivity, respectively; Figure 3A). Hub genera identified based on empirical quantiles of centralities included Haemophilus, Granulicatella, Neisseria, Lactobacillus, and Butyrivibrio in the SD group and Streptococcus, Gemella, Actinomyces, Klebsiella, and Staphylococcus in the AE-1 group.
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FIGURE 3
 Network analysis of airway microbiome from onset to recovery of COPD exacerbation. Panels (A,B) display network analyses of genera for each sample, comparing SD vs. AE-1 and AE-1 vs. AE-2, respectively. Node color represents phylum classification, and node size is proportional to eigenvector centrality. Turquoise lines indicate significant positive correlations between genera, while yellow lines represent significant negative correlations.




Dynamics of airway microbiomes in the recovery from exacerbation of COPD

During the recovery process from ECOPD, the AE-2 group showed a significant increase in the abundance of the genera Filifactor (coefficient 1.042, p < 0.001) and Oribacterium (coefficient 0.811, p = 0.008) compared to the AE-1 group, as analyzed by a mixed-effects linear model for longitudinal analysis (Figure 4). In contrast, Prevotellamassilia (coefficient − 1.154, p = 0.003) and Peptostreptococcus (coefficient − 2.438, p = 0.005) showed a significant decrease in AE-2. At the species level, the AE-2 group showed a significant increase in the abundance of the species C. sputigena (coefficient 0.821, p < 0.001) and L. trevisanii (coefficient 0.063, p < 0.001) compared to the AE-1 group. In contrast, A. oris (coefficient − 0.087, p < 0.001) and L. massiliensis (coefficient − 0.422, p < 0.001) showed a significant decrease in AE-2.
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FIGURE 4
 Dynamics of airway microbiome in onset of COPD exacerbation. Panels (A,B) displays whisker-bar and bar plot of genera and species with significantly increased abundance when comparing AE-1 to AE-2, analyzed using a mixed-effects linear model for paired samples with “subject” set as a random effect for within-patient analysis.


Network analysis revealed that AE-2 had a more complex microbial network than AE-1 (natural connectivity: 0.031 vs. 0.022; Figure 3B). The hub genera identified in the AE-1 group included Abiotrophia, Gemella, Neisseria, Streptococcus, and Staphylococcus. In contrast, the AE-2 group featured hubs such as Oribacterium, Stomatobaculum, Fusobacterium, Prevotella, and Parvimonas.



The correlation between airway microbiome and clinical parameters

Spearman correlation analysis revealed that alpha diversity was significantly negatively correlated with age (Shannon’s index: rho = −0.413, p = 0.002) and COPD stage (rho = −0.414, p = 0.002; Figure 5A; Supplementary Table 1). Conversely, alpha diversity positively correlated with serum eosinophil levels (rho = 0.413, p = 0.003) and the z-score of FEV1 (rho = 0.416, p = 0.002). Fusobacterium, Peptostreptococcus, Oribacterium, and Bergeyella were positively correlated with FEV1 and alpha diversity indices (Figure 5; Supplementary Table 2). Supplementary Figure 7 and Supplementary Table 3 describe additional correlations with other species.
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FIGURE 5
 Correlation analysis between airway microbiome and clinical parameters. The heatmap displays Spearman correlation (rho) between variables, with significant positive correlations shown in blue, significant negative correlations in red, and statistically non-significant correlations (p ≥ 0.05) left blank. The size of each circle is inversely proportional to the p-value, with larger circles indicating more statistically significant correlations. BMI, Body Mass Index; CRP, C-reactive protein; FEV1, Forced Expiratory Volume in 1 s; FVC, Forced Vital Capacity; COPD, Chronic Obstructive Pulmonary Disease.





Discussion

This study demonstrated that the distribution and complexity of the lung microbiome are associated with ECOPD. Patients with ECOPD showed an observed decrease in certain bacteria typically present in the normal airway flora compared to stable COPD patients. This suggests that acute exacerbations of COPD may not primarily result from an increase in pathogenic bacteria but rather from changes in the colonization of normal flora.

This finding was supported by microbial network analysis, which highlighted the diversity and interactions of bacterial strains constituting the normal airway microbial flora as crucial factors in the onset and recovery from ECOPD.

During ECOPD, a significant decrease in the Neisseria genus was observed, specifically a reduction in N. perflava. The genus Neisseria includes two clinically significant pathogenic species: N. gonorrhoeae and N. meningitidis. In contrast, N. perflava is a part of the normal flora and is generally considered non-pathogenic (Seifert, 2019). Neisseria is commonly found in patients with COPD (Karakasidis et al., 2023; Wang et al., 2020; Zakharkina et al., 2013; Pragman et al., 2018). Although research on the impact of Neisseria on ECOPD is limited, several possibilities that could influence ECOPD have been suggested. Morris et al. (2013) reported a reduction in Neisseria within the microbiome of smokers, one of the critical risk factors for ECOPD. Additionally, Kim et al. (2019) reported that commensal Neisseria species can induce cell death of pathogens. Our study provides indirect evidence that commensal Neisseria may reduce ECOPD. Notably, Neisseria was not only numerically significant, but also served as a central hub in the microbial network of patients with SD, suggesting that it may play a crucial role in regulating normal flora. However, further studies are required to confirm this hypothesis.

In this study, Haemophilus parainfluenzae also showed a significant negative association with ECOPD. H. parainfluenzae is one of the pathogens that cause relatively rare opportunistic infections (Hill et al., 2000). As part of the normal flora, Haemophilus plays a critical role in preventing the colonization of potential pathogens and is essential for the body’s defense mechanisms (Dickson et al., 2013; Kosikowska et al., 2016). Wang et al. (2020) reported that H. parainfluenzae plays an anti-inflammatory role in patients with COPD. This study revealed that H. parainfluenzae might play a role in preventing ECOPD, both quantitatively and functionally.

The role of specific species is important in ECOPD; however, the overall diversity and robustness of the microbial network systems are also crucial. Alpha diversity of samples was significantly higher in patients with SD than in those with ECOPD.

Recent studies have identified decreased microbiome diversity as a significant risk factor for ECOPD. Pragman et al. found that the COPD frequent exacerbator phenotype was associated with decreased sputum microbiome alpha diversity and increased beta diversity (Pragman et al., 2024). In our study, alpha diversity decreased with increasing age and COPD severity. A significant correlation with FEV1 was also observed, with higher FEV1 values associated with increased alpha diversity. This suggests that diversity is closely related not only to ECOPD but also to symptoms and prognosis. Previous studies have reported that the diversity of the airway microbiome decreases with age (Pragman et al., 2024; Mayhew et al., 2018; Millares et al., 2019). This decline is associated with increased susceptibility to lung infections and reduced lung function. In our study, we adjusted forced vital capacity (FVC), FEV1, and FEV1/FVC for age, height, sex, and race, converting them to z-scores using the GLI-2012 reference. We found a significant negative correlation in only FEV1, suggesting that the limitation of expiration significantly affected microbiome diversity.

During ECOPD, the disrupted balance and decreased diversity of the airway microbiome did not recover in the short term, even after the exacerbation period ended. Specifically, the alpha diversity showed a significant decrease when comparing ECOPD onset and 2 weeks after treatment. This decrease in diversity may be attributed to the use of antibiotics and steroids during the exacerbation period. The results indicate that the SD group has higher microbial diversity and a more stable community, whereas the AE group experiences a decline in diversity and shifts in community composition over time. This suggests that ECOPD condition may gradually reduce microbial community stability.

Additionally, genera such as Neisseria, Haemophilus, Lactobacillus, and Butyrivibrio, which play crucial roles in the microbial network of patients with SD, did not show significant changes over the 2 weeks. Therefore, further research is needed to identify the causes of microbial diversity disruption and develop treatments that help restore this diversity, which is crucial for preventing the occurrence and recurrence of ECOPD.

This study had several strengths. Through a prospective study design, we obtained clinical information from patients and secured samples 2 weeks after ECOPD. This allowed us to analyze the microbiome not only during exacerbations but also during recovery. Additionally, patients with a history of antibiotic use within the previous month were excluded to minimize the impact of recent antibiotic use on the results.

However, this study also had several limitations. First, the sample size was small, and as a single-center study, there is a possibility that statistical significance may not have been achieved. Especially, four patients experienced follow-up loss, resulting in the inability to obtain four AE-2 samples. Consequently, these patients were excluded from the analysis comparing AE-1 and AE-2 samples, which may have impacted the results. The small sample size limits the interpretation of longitudinal analysis, and network analysis was conducted using a cross-sectional approach. Future studies should address these limitations and refine longitudinal techniques to better assess the impact of ECOPD on the microbiome. Second, the patient enrollment process was slow due to a recruitment period of approximately 4 years. The onset of the COVID-19 pandemic during the study period necessitated a temporary halt in enrollment, which may have affected the study outcomes. Lastly, unadjusted confounding factors may have influenced the results. These factors include antibiotics, steroids, age, COPD stage, and smoking. Although stratified or multivariate analysis would be ideal for adjustment, the small sample size in this study limited our ability to perform these analyses.



Conclusion

Exacerbations in patients with COPD are associated with increases and decreases in specific strains of normal flora. However, this study suggests that beyond these changes, maintaining the diversity of flora and the regulation and balance within the microbial network may be more crucial in ECOPD. Further research on the specific biological pathways and their regulation is required.



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/, PRJNA1162680. The analysis was executed using R version 4.3.2 (2023-10-31). All code files are available for access on GitHub at https://github.com/0717cyj/COPD_microbiome.



Ethics statement

The studies involving humans were approved by institutional review board of Gangnam Severance Hospital, Yonsei University Health System (approval number: 3–2018-0164). 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.



Author contributions

YC: Conceptualization, Data curation, Formal analysis, Funding acquisition, Investigation, Methodology, Project administration, Resources, Software, Supervision, Validation, Visualization, Writing – original draft, Writing – review & editing. HP: Conceptualization, Investigation, Software, Writing – original draft, Writing – review & editing. CK: Data curation, Formal analysis, Methodology, Supervision, Writing – review & editing. AC: Data curation, Writing – review & editing. JC: Project administration, Resources, Supervision, Visualization, Writing – review & editing. MB: Conceptualization, Data curation, Formal analysis, Funding acquisition, Investigation, Methodology, Project administration, Resources, Software, Supervision, Validation, Visualization, Writing – original draft, Writing – review & editing.



Funding

The author(s) declare that financial support was received for the research, authorship, and/or publication of this article. This study was financially supported by the “Dong-wha” Faculty Research Assistance Program of Yonsei University College of Medicine (6-2018-0074) and the National Institute of Health (NIH) research project (project No. 2024-NI-019-00).



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.



Generative AI statement

The author(s) declare that no Generative AI was used in the preparation of this manuscript.



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.2024.1507090/full#supplementary-material



Abbreviations


AE, Acute Exacerbation; AE-1, Sputum sample collected during acute exacerbation; AE-2, Sputum sample collected two weeks after acute exacerbation; ANOVA, Analysis of Variance; BMI, Body Mass Index; COPD, Chronic Obstructive Pulmonary Disease; ECOPD, Exacerbation of COPD; FEF, Forced Expiratory Flow; FEV1, Forced Expiratory Volume in the First Second; GLI-2012, Global Lung Function Initiative 2012; LDA, Linear Discriminant Analysis; LEfSe, Linear Discriminant Analysis Effect Size; NGS, Next-Generation Sequencing; PERMANOVA, Permutational Multivariate Analysis of Variance; PCR, Polymerase Chain Reaction; SD, Stable Disease.




Footnotes

1   https://www.pacb.com/

2   https://www.R-project.org/



References

 Celli, B. R., Fabbri, L. M., Aaron, S. D., Agusti, A., Brook, R., Criner, G. J., et al. (2021). An updated definition and severity classification of chronic obstructive pulmonary disease exacerbations: the Rome proposal. Am. J. Respir. Crit. Care Med. 204, 1251–1258. doi: 10.1164/rccm.202108-1819PP


 Celli, B., Fabbri, L., Criner, G., Martinez, F. J., Mannino, D., Vogelmeier, C., et al. (2022). Definition and nomenclature of chronic obstructive pulmonary disease: time for its revision. Am. J. Respir. Crit. Care Med. 206, 1317–1325. doi: 10.1164/rccm.202204-0671PP 

 Dickson, R. P., Huang, Y. J., Martinez, F. J., and Huffnagle, G. B. (2013). The lung microbiome and viral-induced exacerbations of chronic obstructive pulmonary disease: new observations, novel approaches. Am. J. Respir. Crit. Care Med. 188, 1185–1186. doi: 10.1164/rccm.201309-1573ED 

 Hill, S. L., Mitchell, J. L., Stockley, R. A., and Wilson, R. (2000). The role of haemophilus parainfluenzae in copd. Chest 117:293S. doi: 10.1378/chest.117.5_suppl_1.293S 

 Karakasidis, E., Kotsiou, O. S., and Gourgoulianis, K. I. (2023). Lung and gut microbiome in copd. J Pers Med 13:13. doi: 10.3390/jpm13050804 

 Kim, W. J., Higashi, D., Goytia, M., Rendón, M. A., Pilligua-Lucas, M., Bronnimann, M., et al. (2019). Commensal neisseria kill neisseria gonorrhoeae through a DNA-dependent mechanism. Cell Host Microbe 26, 228–39.e8. doi: 10.1016/j.chom.2019.07.003


 Kosikowska, U., Biernasiuk, A., Rybojad, P., Łoś, R., and Malm, A. (2016). Haemophilus parainfluenzae as a marker of the upper respiratory tract microbiota changes under the influence of preoperative prophylaxis with or without postoperative treatment in patients with lung cancer. BMC Microbiol. 16:62. doi: 10.1186/s12866-016-0679-6 

 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 

 Mayhew, D., Devos, N., Lambert, C., Brown, J. R., Clarke, S. C., Kim, V. L., et al. (2018). Longitudinal profiling of the lung microbiome in the aeris study demonstrates repeatability of bacterial and eosinophilic copd exacerbations. Thorax 73, 422–430. doi: 10.1136/thoraxjnl-2017-210408 

 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


 Morris, A., Beck, J. M., Schloss, P. D., Campbell, T. B., Crothers, K., Curtis, J. L., et al. (2013). Comparison of the respiratory microbiome in healthy nonsmokers and smokers. Am. J. Respir. Crit. Care Med. 187, 1067–1075. doi: 10.1164/rccm.201210-1913OC


 Park, Y., Lee, C., and Jung, J. Y. (2022). Digital healthcare for airway diseases from personal environmental exposure. Yonsei Med. J. 63, S1–S13. doi: 10.3349/ymj.2022.63.S1


 Park, H., Son, M. J., Jung, D. W., Lee, H., and Lee, J. Y. (2022). National trends in hospitalization for ambulatory care sensitive conditions among korean adults between 2008 and 2019. Yonsei Med. J. 63, 948–955. doi: 10.3349/ymj.2022.0110 

 Pragman, A. A., Hodgson, S. W., Wu, T., Zank, A., Reilly, C. S., and Wendt, C. H. (2024). Sputum microbiome α-diversity is a key feature of the copd frequent exacerbator phenotype. ERJ Open Research 10, 00595–02023. doi: 10.1183/23120541.00595-2023


 Pragman, A. A., Lyu, T., Baller, J. A., Gould, T. J., Kelly, R. F., Reilly, C. S., et al. (2018). The lung tissue microbiota of mild and moderate chronic obstructive pulmonary disease. Microbiome 6:7. doi: 10.1186/s40168-017-0381-4 

 Seifert, H. S. (2019). Location, location, location—commensalism, damage and evolution of the pathogenic neisseria. J. Mol. Biol. 431, 3010–3014. doi: 10.1016/j.jmb.2019.04.007 

 Sin, D. D. (2023). Chronic obstructive pulmonary disease and the airway microbiome: what respirologists need to know. Tuberc. Respir. Dis. 86, 166–175. doi: 10.4046/trd.2023.0015 

 Wang, Z., Liu, H., Wang, F., Yang, Y., Wang, X., Chen, B., et al. (2020). A refined view of airway microbiome in chronic obstructive pulmonary disease at species and strain-levels. Front. Microbiol. 11:1758. doi: 10.3389/fmicb.2020.01758 

 Xue, Q., Xie, Y., He, Y., Yu, Y., Fang, G., Yu, W., et al. (2023). Lung microbiome and cytokine profiles in different disease states of copd: a cohort study. Sci. Rep. 13:5715. doi: 10.1038/s41598-023-32901-0 

 Zakharkina, T., Heinzel, E., Koczulla, R. A., Greulich, T., Rentz, K., Pauling, J. K., et al. (2013). Analysis of the airway microbiota of healthy individuals and patients with chronic obstructive pulmonary disease by t-rflp and clone sequencing. PLoS One 8:e68302. doi: 10.1371/journal.pone.0068302 


Copyright
 © 2024 Choi, Park, Kim, Choi, Cho and Byun. 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/images/fmicb-15-1507090-g005.jpg
Age (years)
BMI (kg/m?)

Height (cm)

Weight (kg)
Hemoglobin (g/dL)
White blood cells (/uL)
Platelets (IuL)
Eosinophil (/L)

CRP (mgdL)

FEV, (z-score)

FVC (z-score)
FEV,IFVC (z-score)
Observed features.
Chaot

Shannon’s index
Simpson’s index
Inverse Simpson's index
Fisher's alpha

COPD stage

Neisseria
Fusobacterium
Peptostreptococcus
Leptotrichia
Oribacterium
Berygeyella

Sneathia
Spodiobacter

TTEE
s S £
£2::
£2:
858
< =%

ecc0o00@®

=
3
=
£
H
el
e
8
E
s
z
[

=
E}
Y
3
8
3
H
2
]

3
- 4
E
55
i
R
=8
z 8
oo

00000

CRP (mgldL)

FEV, (z-score)

@eoeoeee

[

FVC (z-score)
@ FEVAFVC (z-score)

@ Observed features

@ Chaot
© Shannon’s index

. simpson’s index

Inverse Simpson's index
@ Fisher's alpha

COPD stage
Neisseria

Peptostreptococcus
© Leptotrichia
Berygeyella

| Fusobacterium
© Sneathia

© Oribacterium

08

08

04

02

04

08

08





OPS/images/fmicb-15-1507090-t001.jpg
Age (years)

Sex (males)

Height (cm)

Weight (kg)

BMI (kg/m?)

History of antibiotic use
History of steroid use
Use of antibiotics

Use of steroid

History of smoking
Non-current smoker
Never smoker
Ex-smoker

Current smoker
Sputum collection season
Spring

Summer

Autumn

Winter

Underlying disease (Charlson comorbidity index)
Myocardial infarction
Congestive heart failure
Peripheral VD

Central VD

Dementia

Rheumatic disease
Peptic ulcer disease

DM without complication
DM with complication
Renal disease

Any tumor

Metastatic tumor
COPD grade

1

2

3

4

Chest x-ray findings
Preumonia

Bronchitis

Fibrosis

Emphysema

Edema

746473
20 (95.2%)
168.0 [161.5,171.3)
59.7+9.6
21.9(20.6:23.0]
18 (85.7%)
19.(90.5%)

14 (66.7%)
20(95.2%)

18 (85.7%)
7(33.3%)
11(52.4%)

3(143%)

8(38.1%)
4(19.0%)
4(19.0%)

5(23.8%)

29.5%)
1(48%)
3(14.3%)
9 (42.9%)
0(0.0%)
0(0.0%)
4(19.0%)
3 (143%)
2(9.5%)
5(23.8%)
5(23.8%)
2(95%)

0(0.0%)

5(23.8%)
11 (52.4%)
5(23.8%)

6(33.3%)
12/(66.7%)
2(11.1%)
10 (55.6%)
1(56%)

BMI, body mass index; VD, vascular disease; COPD, chronic obstructive pulmonary disease; DM, diabetes melltus.

“The p-value was calculated for comparisons among never, ex-, and current smokers across groups.

“The p-value was calculated for comparisons between non-current smokers and current smokers across groups.

The bold values indicate statistically significant results with P < 0.05.

704490
16 (94.1%)
168.0 [163.2,171.0)
673112
24.0(22.125.3]
17(100.0%)

17 (100.0%)
3(17.6%)
2(11.8%)

14/(824%)
9(52.9%)
5(29.4%)

3(17.6%)

3(17.6%)
4(23.5%)
5(29.4%)

5(29.4%)

1(5.9%)
1(5.9%)
4(23.5%)
3(17.6%)
1(5.9%)
0(0.0%)
4(23.5%)
2(11.8%)
0(0.0%)
5(29.4%)
2(11.8%)
0(0.0%)

1(5.9%)
13 (76.5%)
3(17.6%)
0(0.0%)

2(22.2%)
4 (44.4%)
2(222%)
4(44.4%)

0(0.0%)

0119
1.000
0,803

0.030

0.025

0308
0.564

0.007

<0.001
0350'

1.000°

1.000°

0576

1000
1.000
0757
0.190
0915
1000
1.000
1000
0.564
0984
0595

0564

0.003

0882
0.489
0,848
0892

1.000





OPS/images/fmicb-15-1507090-g003.jpg
AE-1

SD






OPS/images/fmicb-15-1507090-g004.jpg
Group

Group

AE-2
AE-

AE-

AE-2
AE-

AE2
AE-

Peplostreplococcus

Prevotolamassita

®
I\ 4
e I Fiacr
3 b i
L . e
0 100 200 300 400 500 O 100 200 300 400 500
Abundance
Cmasaionsts I Ao
e ts
¥ ” 4}
Crevsant I Copvigera
Iosse ts o o
"2 38 “
0 200 400 600 0 200 400 600

Abundance

Genus.

Species

Peplosteptococcus.

Provotalamassia

Orbacerium

Filfactor

Leploticia massiiensis

Actinomycos.ors

Leplovihia revisani

Capnocytophaga.sputigena

e—r
2 ! . |

Coefficient (reference: AE-1)

2 '

Goeicon (elrence: AE 1)





OPS/images/fmicb-15-1507090-t002.jpg
Laboratory data
Hemoglobin

White blood cells
Eosinophil

Platlet

Blood urea nitrogen
Creatinine

AST

ALT

C-reactive protein
Spirometers
FVC (liters)

FVC (z-score)

FEV, (liters)

FEV, (z-score)
FEV,/EVC (%)
FEV,/EVC (z-score)
FEF.sos.

FEF,:

FEF,

FEF,,

PEF

0.1{0.0;02]

2008740
15.0(9.1;18.2]
08[0.7; 1.1]
280 (2003320
21.0(16.0:26.0]

20(06;183]

32£09
~05£13
1.1[0.8;1.5]
-33[-3.8;-27]
33.5 (28.5:44.5)
~43203
02[02;05]
08[05;1.7)
03(0.207)
0.1[0.1;02]

34(2551]

02[0.1;02]

245541034
17.9 [13.6;19.8]

0.9(0.9;1.1]
220 (19.0:30.0]
16.0 (12.0;29.5)

12(0.7;1.8]

35507
~0011
17 [15:2.1]
-2.3[-2.6;-2.0]
53.0(42.0 60.0)
~44203
0.6[0.4;0.8]
20(1.7;3.5)
0.8(0.5:12)
02(0.1;03]
5.0[43;59]

0.087
0599
0217
0870
0158
0328
0327
0618

0.246

0326
0.260
0.001

<0.001
0.002
0222
0.005
0.001
0.003
0.079

0.010

AST, aspartate aminotransferase; ALT, alanine aminotransaminase; FVC, forced vital
capacity; FEV1, forced expiratory volume i 15 FEF; forced expiratory flow; PEF, peak
expiratory flow. The bold values indicate statistically significant results with P < 0.05.





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Dynamic microbial changes in exacerbation of chronic obstructive pulmonary disease



		Introduction



		Materials and methods



		Patients and study design



		Library construction and sequencing



		Statistical analysis









		Results



		Baseline characteristics



		Diversity of airway microbiomes in patients with COPD



		Distribution of airway microbiomes in patients with COPD



		Dynamics of airway microbiome in initiation of ECOPD



		Dynamics of airway microbiomes in the recovery from exacerbation of COPD



		The correlation between airway microbiome and clinical parameters









		Discussion



		Conclusion



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Conflict of interest



		Generative AI statement



		Publisher’s note



		Supplementary material



		Abbreviations



		Footnotes



		References



















OPS/images/fmicb-15-1507090-g001.jpg
A Cross-sectional  Longitudinal B Cross-sectional  Longitudinal C Cross-sectional  Longitudinal
300{  Wicoxon est 6] Wicoron test Wicoon test Covp,
Pared - AE1
Wicoxontest 40
—_— T ey 0002 - AE2
g ‘Wilcoxon test - 0.031, Paired .
8 M so
200 Ba =307 ¢ Wicoxon test
§ 0011 B 5
° s 0,006
3 . H o
3 g 520
3 1 5 \ £ <
CB; 100 52 o
1 10
0 0
Do+ oeermanova | E Group
i - AE1
¥ o T - AE2
& o
s 2 00 ~ s
o o
g0 3
4 g 02
02
04
. R 030, P20.460
025 0w o3 025 ol 0% 050 3z oo oz o4
e PCoA 1 (6.3 %] PCoA1(13.0%)] PCoA1(52%]
H Group
Paired
02 - Wioson test el
Zor y
_ s° 00056 eas2
Lo 1
o
3 20
S 02 H
£
F 064
04 £
]
0% o2 o o2 AT Az
PCoA 1 [7.7%]
! o[ 00 P00 J K rromrm GOLD
& grade
02 = T -1
z g o2
o s S e Bl
o o o
Soo o < oolle -3
4 ¢ 8 -~
2
x o L
04 04 —
a5 a0 s ds 4z oo a2 G663 00 03 0s
PCoA 1[5.2%] PCoA 1[6.1%] PCoA 1 [14.4%]





OPS/images/fmicb-15-1507090-g002.jpg
Spodiobacter
sneathia
Pepiosieptacoccus
Ortactorum Fy
Neisaria
Lepltictia-
Fusobacterium

1005

26005 36205,
Abundance

e05

50005

10105

20105 30105
Abundance

Grow {} xe1 i} 0

1005

50105

H 3
LDA score (10g10)

Fusobactorum peSIaR TG

m%%;”@“ﬁg“

% 3
LDA score (1og10)

Enriched group [l so





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

Dynamic microbial changes in
exacerbation of chronic
obstructive pulmonary disease












OPS/images/crossmark.jpg
©

2

i

|






OPS/images/logo.jpg
’ frontiers Frontiersin Microbiology






