

[image: Cover: Microbial hallmarks of the respiratory tract in lung cancer: a meta-analysis]




  

Table of Contents

  
    	Cover

    	Microbial hallmarks of the respiratory tract in lung cancer: a meta-analysis 
    
      	Introduction

      	Methods

      	Results

      	Discussion

      	Introduction

      	Methods 
      
        	Search strategy

        	Inclusion and exclusion criteria

        	Data preprocessing

        	Clustering of microbiota samples

        	Alpha and beta diversity

        	Differential abundance analysis

        	Removal of batch effect

        	Correlation analysis among taxa between two microbiota

      


      	Results 
      
        	Profiles of the respiratory microbiota

        	Association between microbiota in bronchoalveolar lavage fluid and lung cancer

        	Association between the oral microbiota and lung cancer

        	The lung microbiota in lung cancer

        	Association between taxa at different body sites in the respiratory tract

      


      	Discussion

      	Data availability statement

      	Ethics statement

      	Author contributions

      	Funding

      	Acknowledgments

      	Conflict of interest

      	Generative AI statement

      	Supplementary material

      	References

    


  

Landmarks

  
    	Cover

    	Table of Contents

    	Start of Content


  


Print Page List

  
    	 Page 01.

    	 Page 02.

    	 Page 03.

    	 Page 04.

    	 Page 05.

    	 Page 06.

    	 Page 07.

    	 Page 08.

    	 Page 09.

    	 Page 10.

    	 Page 11.

  





ORIGINAL RESEARCH

published: 01 July 2025

doi: 10.3389/frmbi.2025.1589686

[image: Frontiers: Stamp Date]


Microbial hallmarks of the respiratory tract in lung cancer: a meta-analysis


Bin Zhu 1, Stephanie S. McHale 1, Michelle Van Scoyk 1, Gregory Riddick 1, Pei-Ying Wu 1, Chu-Fang Chou 1, Katherine Y. Tossas 1,2,3,4, Ching-Yi Chen 1 and Robert A. Winn 1*


1 Massey Comprehensive Cancer Center, Virginia Commonwealth University, Richmond, VA, United States, 2 Department of Social and Behavioral Sciences, School of Public Health, Virginia Commonwealth University, Richmond, VA, United States, 3 Department of Epidemiology, School of Public Health, Virginia Commonwealth University, Richmond, VA, United States, 4 Center for Microbiome Engineering and Data Analysis, Virginia Commonwealth University, Richmond, VA, United States




Edited by: 

Bridget Marie Barker, Northern Arizona University, United States

Reviewed by: 

Rachel E. Sanborn, Earle A. Chiles Research Institute, United States

Emanuel Vamanu, University of Agricultural Sciences and Veterinary Medicine, Romania

Kaiser Jamil, Bhagwan Mahavir Medical Research Centre, India

*Correspondence: 

Robert A. Winn
 robert.winn@vcuhealth.org


Received: 13 March 2025

Accepted: 10 June 2025

Published: 01 July 2025

Citation:
Zhu B, McHale SS, Van Scoyk M, Riddick G, Wu P-Y, Chou C-F, Tossas KY, Chen C-Y and Winn RA (2025) Microbial hallmarks of the respiratory tract in lung cancer: a meta-analysis. Front. Microbiomes 4:1589686. doi: 10.3389/frmbi.2025.1589686






Introduction

Lung cancer is a leading cause of cancer-related deaths and has been associated with the microbiota of the human respiratory tract. However, the optimal sample type for studying the role of microbiota in lung cancer and the microbial hallmarks of lung cancer patients remain unclear. 





Methods

In this study, we downloaded 16S rRNA sequencing data of 1,105 high-quality samples from 13 BioProjects, including lung tissues, bronchoalveolar lavage (BAL) fluids, and saliva, and performed a meta-analysis. 





Results

Our results revealed that the BAL microbiota, dominated by taxa such as Sphingomonas and Pseudomonas, which are not typically abundant in the oral microbiota, served as hallmarks of individuals without lung cancer. In contrast, BAL samples from lung cancer patients showed higher relative abundances of oral-associated taxa, e.g., Streptococcus and Prevotella, with increased rates of dominance by these taxa in the BAL microbiota of lung cancer patients. Additionally, beta diversity analysis revealed significant compositional differences between the BAL microbiota of healthy individuals and those with lung cancer. Furthermore, while compositional differences were observed in the oral microbiota between healthy participants and lung cancer patients, as well as between microbiota from lung tumors and normal adjacent tissues, these differences were less pronounced than those observed in the BAL samples between healthy individuals and lung cancer patients. Cross-site correlations indicated limited associations between the relative abundances of taxa in the oral, BAL, and lung tissue microbiota, implying that differences in lower respiratory microbiota may not be directly driven by upper respiratory tract microbiota. 





Discussion

These findings highlight distinct microbial patterns linked to lung cancer in the respiratory tract. More pronounced differences were observed in the BAL microbiota between healthy individuals and lung cancer patients, with the predominance of taxa, typically not abundant in the oral microbiota, serving as hallmarks of health.
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Introduction

Lung cancer is the most prevalent and deadly cancer worldwide (Bray et al., 2024). In 2022, lung cancer was responsible for over 1.82 million deaths globally, representing approximately 18.7% of all cancer-related fatalities. Early-stage lung cancer often presents without obvious symptoms, leading to diagnoses that typically occur only after the cancer has metastasized or reached an advanced stage (Nooreldeen and Bach, 2021). This delayed diagnosis limits treatment options and contributes to a poor prognosis. Therefore, early detection is critical for improving survival outcomes for lung cancer patients.

In recent years, the rapid advancement of molecular biology techniques, particularly sequencing technologies, has positioned microbiota analysis as a promising approach for early cancer detection (Bagheri et al., 2022). One widely used method in respiratory microbiome research is 16S ribosomal RNA (16S rRNA) sequencing, which allows for the identification and analysis of bacterial communities within a microbiome. Changes in the composition of the human respiratory microbiota have been associated with a variety of diseases, including asthma, chronic obstructive pulmonary disease, cystic fibrosis, and lung cancer (Mao et al., 2018; Bou Zerdan et al., 2022). Studies on the human respiratory microbiota typically utilize saliva or oral swabs for analyzing the oral microbiota, bronchoalveolar lavage fluid (BAL) for the bronchoalveolar microbiota, and lung tissue samples for the lung microbiota (Mao et al., 2018). A BAL sample is obtained by introducing a small amount of sterile fluid into a specific area of the lung through a bronchoscope and then collecting the fluid for analysis. While many previous studies have employed bronchoscopy samples to investigate the lung microbiota, our study distinguishes between BAL and lung tissue samples to provide a more nuanced understanding of microbial communities.

In microbiota studies, alpha diversity describes the variety of microbial species within a single sample, reflecting both the number of species and their relative abundance distribution, while beta diversity compares the differences in microbial composition between samples, showing how similar or distinct the communities are. In two independent studies, lung cancer patients exhibited lower alpha diversity in their oral microbiota (Hosgood et al., 2021; Vogtmann et al., 2022). Although the difference in alpha diversity was statistically significant, the 95% confidence interval was relatively narrow, ranging from 0.84 to 0.96, indicating a substantial but low level of difference. One study identified Streptococcus as a risk factor for lung cancer (Vogtmann et al., 2022), while another reported the Bacilli class and Lactobacillales order as risk factors, and associated Spirochaetia and Bacteroidetes with a reduced risk of lung cancer (Hosgood et al., 2021). Similarly, lower alpha diversity was observed in lung tumor tissues compared to normal adjacent tissues in lung cancer patients (Yu et al., 2016) and higher levels of Streptococcus were linked to lung cancer (Liu et al., 2018). Another study further demonstrated that Streptococcus intermedius was isolated exclusively from the BAL samples of non-small-cell lung cancer patients (Sun et al., 2023), whereas a greater abundance of Staphylococcus was observed in control samples (Liu et al., 2018). Nevertheless, both oral and lung microbiota studies have limitations, including small sample sizes and inconsistent biomarker findings across studies (Mao et al., 2018; Zhang et al., 2023). Therefore, large-scale studies are needed to conduct more robust statistical analyses and validate these associations.

Although several bacterial taxa in the respiratory microbiota are known to be associated with lung cancer, the underlying mechanisms remain unclear. Various hypotheses have been proposed regarding the potential interactions between microbes and lung cancer. Under healthy conditions, the lung microbiome of healthy individuals maintains a dynamic equilibrium that supports normal physiological functions (Pérez-Cobas et al., 2023). However, dysbiosis of the lung microbiome may contribute to lung cancer development through several mechanisms (Natalini et al., 2023; Pérez-Cobas et al., 2023; Belaid et al., 2024). The enrichment of specific bacterial species in the lungs of lung cancer patients may trigger persistent chronic inflammatory responses, leading to continuous tissue damage and repair, thereby increasing the risk of cancer development. Chronic inflammation is a well-established risk factor for cancer, as it promotes DNA damage and abnormal cell proliferation through the release of pro-inflammatory mediators, free radicals, and immune-suppressive agents. Additionally, alterations in the lung microbiome have the potential to modify the host immune response, facilitating tumor immune evasion (Natalini et al., 2023; Pérez-Cobas et al., 2023; Belaid et al., 2024). Thus, the imbalance of the lung microbiome may play a critical role in lung cancer development by disrupting immune responses, promoting chronic inflammation, and fostering conditions favorable for tumor growth.

Bacterial biomass in the lower respiratory tract is generally lower than in the upper respiratory tract, largely due to effective microbial clearance mechanisms such as coughing, mucociliary transport, and immune responses (Natalini et al., 2023; Pérez-Cobas et al., 2023). However, these clearance functions may be compromised in lung cancer patients (Mazzoccoli et al., 2003; Prado-Garcia et al., 2012; Tilley et al., 2015). Consistent with this, lung cancer patients have been shown to exhibit a higher bacterial load in the lower respiratory tract compared to individuals without cancer (Leng et al., 2021). Thus, another hypothesis is that impaired microbial clearance in the lower respiratory tract contributes to alterations in the lung microbiota observed in lung cancer patients (Natalini et al., 2023; Pérez-Cobas et al., 2023).

In this study, publicly available data on the oral, BAL, and lung tissue microbiota were collected and our meta-analysis compared the oral and BAL microbiota between healthy participants and lung cancer patients as well as the microbiota between tumor and normal adjacent tissues in lung cancer patients. Microbes and diversities of the microbiota significantly associated with lung cancer in the three types of samples were identified. The BAL microbiota, dominated by taxa that are not typically abundant in the oral microbiota, served as hallmarks of individuals without lung cancer. Furthermore, since more significant differences were observed in the BAL microbiota than in the oral microbiota when comparing healthy individuals and lung cancer patients, and because collecting lung tissue samples from healthy individuals is challenging in clinical settings, BAL may represent a more suitable sample type for studying microbiota associated with lung cancer.





Methods




Search strategy

BioProjects were searched in the Sequence Read Archive (SRA) database (https://www.ncbi.nlm.nih.gov/sra) using a strategy that incorporated four key terms: (microbiota OR microbiome) AND (16S rRNA) AND (lung OR oral OR BAL OR bronchoalveolar lavage) AND (lung cancer). Given the limited number of samples from healthy participants in lung cancer research, an additional search was conducted with the following keywords: (microbiota OR microbiome) AND (16S rRNA) AND (lung OR BAL OR Bronchoalveolar lavage) AND (control OR healthy).





Inclusion and exclusion criteria

The inclusion criteria were as follows: 1) Raw 16S rRNA sequencing data were publicly available for download from the SRA; 2) The health status of participants, such as healthy control, lung cancer, or adenocarcinoma, was clearly specified; 3) Only microbiota from three body niches, i.e., oral, BAL, and lung, were included; 4) Participants were not restricted by lung cancer subtype, sex, race, stage, or smoking history; 5) The study was an original research article. The exclusion criteria included: 1) Studies not related to lung cancer, except those involving BAL samples from healthy participants; 2) Studies with fewer than 20 samples, although all BAL samples from healthy participants were included without a sample size threshold for each study; 3) Participants under the age of 18 were excluded.





Data preprocessing

After quality control, trimming, merging paired sequence reads, and removing human reads, high-quality sequences of the 16S rRNA amplicons were aligned to the 16S rRNA database as previously described (Zhu et al., 2024) using the ublast tool (Edgar, 2010) with -id, -query_cov, and -evalue set as 0.97, 0.9, and 1e-5, respectively. Briefly, the 16S rRNA database was created based on the Greengenes database version gg_13_5 (https://greengenes.secondgenome.com/) and the HOMD database version 15.1 (https://www.homd.org/) (DeSantis et al., 2006; Chen et al., 2010). Due to the inability to annotate many taxa at the species level and the low relative abundances of many species-level taxa, taxonomic annotation was performed at the genus level in this study. Only taxa with a relative abundance of at least 0.1% (or 0.01%) in at least 5% (or 15%) of the samples were retained in the feature table of the 16S rRNA profiles, as previously described (Zhu et al., 2024). Samples with a total read count of less than 2,000 were excluded from the analysis, resulting in a final dataset of 1,105 samples.





Clustering of microbiota samples

The relative abundance of taxa in each microbiota was used for clustering analysis. Specifically, the ‘pheatmap’ function was utilized with the parameters ‘clustering_distance_cols’ set to ‘manhattan’ and ‘clustering_method’ set to ‘ward.D2’.





Alpha and beta diversity

The feature table of the 16S rRNA profiles was normalized by rarefaction to the sequencing depth of the sample with the fewest reads (>2,000). Alpha diversity was quantified using the Shannon index, calculated with the ‘vegan’ package in R (Jari Oksanen et al., 2020). The difference in alpha diversity between groups was assessed using the Wilcoxon test. Beta diversity was evaluated using Bray-Curtis dissimilarity, also with the ‘vegan’ package in R. The difference in beta diversity between two groups was tested using the ‘adonis2’ function, a PERMANOVA analysis, within the ‘vegan’ package in R. To identify the influence of multiple factors on the composition of microbiota, the adonis test with a marginal model was applied using the parameter ‘by’ set as “margin”.





Differential abundance analysis

Differential abundance analysis was conducted using the ‘ALDEx2’ package in R (Fernandes et al., 2013). The adjusted P-value for relative abundance differences was calculated using the ‘aldex.ttest’ function, which applied the two-sided Mann-Whitney U test, followed by the Benjamini-Hochberg correction. The relative abundance change was measured using the ‘aldex.effect’ function, quantified by the per-feature median difference between two conditions. For analyses in which no significant differences were detected, differential abundance analysis was performed using LefSe analysis through the ‘run_lefse’ function in the microbiomeMarker package in R.





Removal of batch effect

For BAL samples, batch effects across cohorts were corrected using the ‘adjust_batch’ function in the ‘MMUPHin’ package (Ma et al., 2022) in R with BioProject set as the batch and lung cancer status as a covariate. For lung tissue samples, batch effects across cohorts were corrected using the ‘MBECS’ package in R (Olbrich et al., 2023). Specifically, the ‘mbecCorrection’ function was applied with the parameters ‘method’ set to ‘rbe’ and ‘type’ set to ‘clr’ to address batch effects.





Correlation analysis among taxa between two microbiota

Spearman’s correlation was used to evaluate the relationship between taxa in two microbiota. The correlation coefficient (R-value) and its significance (P-value) were calculated, with P-values adjusted using the Benjamini-Hochberg procedure via the ‘adjust.p’ function from the ‘cp4p’ package in R. In heatmap visualizations, R-values associated with adjusted P-values greater than 0.05 were replaced with zeros to exclude insignificant correlations. Taxa were clustered in the heatmaps based on the R-values of the Spearman’s correlation using the ‘pheatmap’ function with default settings in R.






Results




Profiles of the respiratory microbiota

A total of 1,385 samples originated from 13 BioProjects (Supplementary Figure S2a) (Rylance et al., 2016; Yu et al., 2016; Kovaleva et al., 2020; Nejman et al., 2020; Zhuo et al., 2020; Bello et al., 2021; He et al., 2022; Guo et al., 2023; Najafi et al., 2023) were downloaded from the SRA database and included in this study (Supplementary Figure S1a), with inclusion criteria detailed in the Methods section. To determine an appropriate total reads threshold for individual samples, alpha rarefaction analysis was performed across various rarefaction depths. As illustrated in Supplementary Figure S1b, the number of observed taxa at the genus level did not differ significantly between rarefaction depths of 1,800 and 2,000, indicating that samples with fewer than 2,000 total reads had limited impact on diversity estimates. Consequently, samples with fewer than 2,000 total reads were excluded, resulting in 1,105 samples retained for analysis. Additionally, taxa with low relative abundance or those that appeared infrequently across the 1,105 samples were removed from the taxonomic profiles (see the Methods), leaving 416 taxa at the genus level for subsequent analyses. Given that many taxa were not annotated at the species level, taxonomic classification at the genus level was used throughout the study.

The 1,105 high-quality samples spanned 8 countries (Supplementary Figure S2b). The sample distribution included 594 lung samples, 425 BAL samples, and 86 saliva samples (Supplementary Figure S2c). All oral microbiota samples in this study were derived from saliva, not oral swabs. Sputum, though another common respiratory sample type, contains a mix of microbes from both the upper and lower respiratory tracts. To ensure specific site analysis, sputum was excluded from this study. Of the 594 lung samples, 212 were from primary lung tumors, while the remainder were derived from non-malignant lung tissues or tumor-adjacent lung tissues; none were collected from healthy participants. Various lung cancer types, primarily adenocarcinoma and squamous cell carcinoma, were represented (Supplementary Figure S2d), although the specific cancer subtype was unspecified in some samples. Approximately half of the total samples contained demographic information on age, race, sex, and smoking status. Most participants were between 40 and 80 years old (Supplementary Figure S2e). About 84% of the total samples came from non-Hispanic white individuals (Supplementary Figure S2f), 70% were from males (Supplementary Figure S2g), and 7.2% were from current smokers (Supplementary Figure S2h).





Association between microbiota in bronchoalveolar lavage fluid and lung cancer

Of the nine datasets containing BAL samples, only one (PRJNA586753) included samples from both lung cancer patients and healthy participants (Supplementary Figure S3a), while the other datasets contain samples from either healthy individuals or lung cancer patients exclusively. Consequently, three analytical strategies were employed to address the limitations posed by this unbalanced study design.

The first strategy was to perform a batch effect removal prior to further analysis with BioProject set as the batch and lung cancer status as a covariate (see Methods). As described previously (Natalini et al., 2023) and observed in this study (Supplementary Figure S4), Streptococcus, Prevotella, Veillonella, Rothia, Porphyromonas, and Neisseria were the predominant taxa in the oral microbiota. After batch correction, most BAL microbiota from healthy participants clustered on the left side of the heatmap, indicating similar microbial profiles among these samples (Figure 1a). Furthermore, many BAL microbiota samples from healthy participants, e.g., those predominated by Sphingomonas, Pseudomonas, Propionibacterium, Fusobacterium, and Microbacterium, were not dominated by taxa predominant in the oral cavity (Figure 1a, Table 1; Supplementary Dataset 1 Sheet 1). This suggests that BAL microbiota characterized by the predominance of taxa not abundant in the oral cavity serves as a hallmark of individuals without lung cancer. Additionally, several taxa frequently observed as the most abundant in the BAL microbiota of lung cancer patients, including Neisseria, Veillonella, and Porphyromonas, were rarely detected at high abundance in samples from healthy participants (Supplementary Dataset 1 Sheet 1). Streptococcus and Prevotella were abundant in both the oral and BAL microbiota, but their prevalence as predominant taxa was significantly lower in the BAL microbiota (Table 1). Consistent with these observations, differential abundance analysis showed that oral-abundant taxa, e.g., Streptococcus, Prevotella, Veillonella, Rothia, Porphyromonas, and Neisseria, were more abundant in the BAL microbiota of lung cancer patients, while taxa not abundant in the oral microbiota, e.g., Sphingomonas and Pseudomonas, were enriched in the BAL microbiota of healthy individuals (Supplementary Dataset 1, Sheet 2).
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Figure 1 | Composition of the bronchoalveolar lavage (BAL) fluids microbiota in healthy individuals and lung cancer patients. (a) Lung cancer status and BioProject IDs are indicated by color-coded labels at the top of the heatmap. Samples are clustered using the “ward.D2” method with Manhattan distance. (b) Alpha diversity of the BAL microbiota, quantified by the Shannon index, is compared between healthy and lung cancer participants, with differences assessed using the two-sided Mann-Whitney U test. The case numbers are indicated below the box plot. (c) The relationship between lung cancer and BAL microbiota composition is visualized in an NMDS plot and tested by the Adonis test with default parameters.


Table 1 | The number of BAL samples predominant by a specific taxon in healthy and lung cancer participants.
	Most abundant taxon
	Number of BAL samples predominant by this taxon in healthy participants
	Number of BAL samples predominant by this taxon in lung cancer patients
	Odds_Ratio
	Lower_CI
	Upper_CI
	Fisher P-value



	Streptococcus
	8
	81
	5.69825581
	2.66554476
	12.1814196
	1.39E-07


	Prevotella
	23
	80
	1.70692432
	1.01610875
	2.86740039
	0.04868917


	Pseudomonas
	23
	2
	0.03135167
	0.00726741
	0.13525133
	4.69E-11


	Propionibacterium
	8
	0
	0
	0
	NA
	6.17E-05


	Sphingomonas
	6
	0
	0
	0
	NA
	0.00072006


	Corynebacterium
	5
	0
	0
	0
	NA
	0.0024389


	Fusobacterium
	9
	4
	0.1826484
	0.05518825
	0.60448447
	0.00385898


	Novosphingobium
	3
	0
	0
	0
	NA
	0.02751112


	Microbacterium
	4
	1
	0.1059322
	0.01172276
	0.95725178
	0.0313155





The full list is provided in Supplementary Dataset 1. The numbers of samples from healthy individuals and lung cancer patients were 129 and 296, respectively.



Diversity analyses showed that alpha diversity of the BAL microbiota, quantified at the genus level using the Shannon index, was similar between healthy individuals and lung cancer patients (Figure 1b). Supporting the clustering pattern observed in Figure 1a, the Non-metric Multidimensional Scaling (NMDS) plot, along with a PERMANOVA analysis (Adonis test), confirmed that the composition of the BAL microbiota was significantly associated with lung cancer status (Figure 1c).

As a second strategy to address the unbalanced cohort design, an Adonis test was conducted incorporating multiple independent variables, i.e., lung cancer status, country, BioProject, sex, age, stage, race, and smoking status, using a marginal model. Each variable was tested independently of order, while controlling for all other variables in the model. Therefore, the independent effect of lung cancer status on the microbiota was assessed. As shown in Supplementary Dataset 2, lung cancer was the second most influential factor before batch effect removal and became the most influential factor after correction. Additionally, BioProject, age, smoking, and country were also significantly associated with variation in the BAL microbiota following batch correction, independent of the other factors in the analysis.

Given that the PRJNA586753 dataset contained BAL microbiota samples from both healthy individuals and lung cancer patients, the third strategy was to analyze this individual cohort in detail. Alpha diversity, measured by the Shannon index at the genus level, showed no significant association with lung cancer in this dataset (Figure 2a). However, beta diversity demonstrated an obvious compositional difference in the BAL microbiota between healthy individuals and lung cancer patients (Figure 2b). PERMANOVA analysis using the Adonis test further confirmed that BAL microbiota composition was significantly associated with lung cancer.
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Figure 2 | Association of the BAL microbiota with lung cancer analyzed by data from the PRJNA586753 cohort. (a) Alpha diversity of the BAL microbiota, quantified by the Shannon index, is compared between healthy and lung cancer participants, with differences assessed using the two-sided Mann-Whitney U test. The case numbers are indicated below the box plot. (b) The relationship between lung cancer and BAL microbiota composition is visualized in an NMDS plot and tested by the Adonis test with default parameters. (c) The composition of the BAL microbiota in healthy and lung cancer participants is shown in the heatmap, with samples clustered using the “ward.D2” method and Manhattan distance. (d) Relative abundance differences of bacterial taxa between healthy and lung cancer participants in the BAL microbiota are shown. Changes in relative abundance were tested using the ALDEx2 package in R, and quantified by the per-taxon median difference between conditions. Adjusted P-values were calculated with the Benjamini-Hochberg correction applied to the Mann-Whitney U test.

Consistent with observations across the nine datasets, a heatmap of the PRJNA586753 dataset revealed that BAL microbiota in healthy participants was predominantly composed of Pseudomonas, a genus not abundant in the oral cavity (Figure 2c) (Natalini et al., 2023). Differential abundance analysis using the ALDEx2 software indicated that taxa abundant in the oral cavity, i.e., Streptococcus and Veillonella, were significantly enriched in the BAL microbiota of lung cancer patients (Figure 2d). In contrast, taxa typically not abundant in the oral microbiota, particularly, Sphingomonas and Pseudomonas (Supplementary Dataset 1), were significantly enriched in the BAL microbiota of healthy participants.

Overall, these observations suggest a significant association between the composition of the BAL microbiota and lung cancer. Specifically, a BAL microbiota that is dominated by taxa not abundant in the oral cavity serves as a potential hallmark for lung health.





Association between the oral microbiota and lung cancer

Since oral microbes are a primary source of the BAL microbiota, variations in the oral microbiota may underlie the differences in the BAL microbiota associated with lung cancer. To test this hypothesis, we analyzed the oral microbiota from saliva samples. Two datasets included saliva samples: one dataset (PRJEB29934) contained samples solely from lung cancer patients, while the other dataset (PRJNA586753) included samples from both healthy individuals and lung cancer patients. For our analysis, we focused on the PRJNA586753 dataset.

The analysis methods were consistent with those described above. At the genus level, there was no significant difference in the oral microbiota associated with lung cancer (Figure 3a). However, the Adonis test revealed that the overall composition of the oral microbiota was significantly associated with lung cancer (Figure 3b), although the P-value for this difference (P = 0.049) was notably weaker than that observed for the BAL microbiota (P ≤ 0.001), despite comparable case numbers (Figures 2a, 3a). A differential abundance analysis using ALDEx2 was also conducted, but no taxa displayed significantly different abundances related to lung cancer (data not shown). To explore potential differences further, a less stringent method, LefSe (Segata et al., 2011), was applied, identifying enrichment of the genera Blautia and Stomatobaculum in lung cancer patients and Aggregatibacter, Alloprevotella, Lautropia, and Haemophilus in healthy participants (Figure 3c). Notably, Blautia and Stomatobaculum were also enriched in lung cancer patients within the oral microbiota (Figure 2d), although their significance was stronger in the BAL samples. However, the four genera associated with health in the oral microbiota were not identified as differentially abundant in the BAL microbiota after correcting for multiple testing.

[image: Panel a shows a violin plot comparing Shannon diversity indices for healthy and lung cancer groups, with no significant difference (P = 0.336). Panel b is an NMDS plot illustrating overlapping clusters for both groups with significant difference (P_Adonis = 0.049). Panel c is a bubble plot showing enriched bacterial groups, with colors indicating healthy or lung cancer association and bubble size representing -Log10 P-values and LDA scores.]
Figure 3 | Association of the oral microbiota with lung cancer, based on data from the PRJNA586753 cohort. (a) Alpha diversity of the oral microbiota, measured by the Shannon index, compared between healthy participants and those with lung cancer. Differences were evaluated using the two-sided Mann-Whitney U test, with case numbers indicated below the box plot. (b) The relationship between lung cancer and oral microbiota composition is illustrated in an NMDS plot and analyzed using the Adonis test with default parameters. (c) Differences in the relative abundance of bacterial taxa in the oral microbiota between healthy and lung cancer participants are shown. Relative abundance changes were assessed with LefSe analysis in R, and quantified by the LDA score across conditions.

Consistent with previous studies (Hosgood et al., 2021; Vogtmann et al., 2022; Zhang et al., 2023), the results described above indicate a significant difference in the composition of the oral microbiota between healthy individuals and those with lung cancer, although this difference is less pronounced than that observed in the BAL microbiota. Given that Blautia and Stomatobaculum were both identified as potential risk factors for lung cancer, it is possible that the differences observed in the BAL microbiota are related to those in the oral microbiota. To further test this hypothesis, we analyzed the correlation of taxa in the oral and BAL microbiota using saliva and BAL samples case-matched by the same participants from the PRJNA586753 cohort, which includes samples from both healthy and lung cancer participants. To determine whether the relative abundance of microbes in the oral microbiota influences that in the BAL microbiota, Spearman’s correlations were calculated between specific bacterial taxa in the oral microbiota and their corresponding abundance in the BAL microbiota. Consistent with previous studies reporting significant difference between the oral and BAL microbiota (Bingula et al., 2020; Leitao Filho et al., 2023), the analysis revealed that only two out of 416 genera showed significant correlations in relative abundance between the oral and BAL samples, and neither of these genera were associated with lung cancer (Supplementary Figure S5, Supplementary Dataset 3). These findings suggest that the relative abundance of microbes in the oral samples does not directly influence that in the microbiota in the BAL.





The lung microbiota in lung cancer

For this study, five datasets containing lung microbiota data collected from tumor and normal adjacent tissue of lung cancer patients were analyzed (Supplementary Figure S6a). As no studies included lung tissue from healthy individuals, all comparisons below are between tumor and adjacent normal tissues from lung cancer patients. Additionally, one cohort (PRJNA327258) only contained tumor tissue samples and was excluded from the analysis. Since the remaining datasets contain both tumor and normal adjacent tissue samples, a batch effect removal procedure was applied to remove differences between these cohorts (Supplementary Figures S6b,c).

Probably due to the larger sample size, a notable difference in alpha diversity at the genus level was observed in the lung microbiota between normal adjacent and tumor tissues, as measured by the Shannon index (Figure 4a). This contrasts with the findings in the saliva and BAL microbiota, where such differences were not observed. The Shannon index reflects both evenness and the number of observed taxa, where evenness refers to the uniformity of species represented within a community. In the lung tissue microbiota, the number of genera but not evenness was significantly different between normal adjacent and tumor tissues. Beta diversity, in addition, was significantly different between normal adjacent and tumor tissues (Figure 4b), suggesting distinct microbial compositions associated with lung cancer in the lung tissue microbiota. Further differential abundance analysis using ALDEx2 identified three taxa, i.e., Stenotrophomonas, Corynebacterium, and Staphylococcus, as significantly enriched in normal adjacent tissues (Figure 4c). Consistent with the BAL microbiota findings, the three taxa enriched in normal adjacent lung tissues were also more abundant in BAL samples from healthy participants (Figure 2d).

[image: Panel a displays three violin plots comparing Shannon index, Evenness, and Number of observed taxa between normal adjacent tissue and tumor tissue, with P-values indicating statistical significance. Panel b shows an NMDS plot differentiating tumor and normal tissues with significant P-value. Panel c presents a bubble plot displaying taxa enriched in normal adjacent tissue, showing median difference in clr values for Stenotrophomonas, Staphylococcus, and Corynebacterium, with varying bubble sizes indicating significance levels.]
Figure 4 | Comparison of microbiota in normal adjacent and tumor tissues in lung cancer patients. (a) Alpha diversity of the lung tissue microbiota, assessed by the Shannon index, evenness, and observed taxa count, is compared between normal adjacent and tumor tissues, with differences evaluated by the two-sided Mann-Whitney U test. Case numbers are displayed below the box plot. (b) The relationship between lung cancer and lung tissue microbiota composition is represented in an NMDS plot and analyzed by the Adonis test with default settings. (c) Differences in the relative abundance of bacterial taxa in the lung tissue microbiota between normal adjacent and tumor tissues are shown. Changes in relative abundance were evaluated using the ALDEx2 package in R, with quantification by the per-taxon median difference between conditions. Adjusted P-values were calculated using the Benjamini-Hochberg correction for the Mann-Whitney U test.

In hierarchical clustering, most of the BAL samples from healthy participants were grouped close to each other, indicating similar community profiles (Figure 1a). As shown in Supplementary Figure S7, the same hierarchical clustering analysis was performed on the lung tissue microbiota. However, no distinct clusters were observed that predominantly included samples from normal adjacent or tumor tissues. This, combined with the less significant P-values in the Adonis test for beta diversity (Figure 4b compared to Figure 1c) and differential abundance analyses (Figure 4c compared to Supplementary Dataset 2 Sheet 2), suggests that the differences between the microbiota in normal adjacent and tumor tissues from lung cancer patients are less pronounced than those observed between the BAL microbiota of healthy and lung cancer participants.





Association between taxa at different body sites in the respiratory tract

The results shown above suggested that the BAL microbiota has the most significant association with lung cancer and it seems that, although microbes in the oral cavity are a primary source of the lung microbiota (Bagheri et al., 2022), there was no significant correlation between the relative abundance of specific bacterial taxa in the oral and BAL microbiota (Supplementary Figure S5). To further investigate microbial associations across different body sites, we analyzed microbiota from saliva, BAL, and lung tumor tissue samples case-matched by the same participants, using data from the PRJEB29934 cohort.

In this study, a total of 416 taxa were identified at the genus level. However, only four taxa within the oral microbiota showed significant self-association (FDR ≤ 0.05) with their counterparts in the BAL microbiota (Supplementary Figure S8a). Likewise, only two taxa were correlated between the oral and lung tissue microbiota, and no taxa were correlated between the BAL and lung tissue microbiota (Supplementary Figures S8b,c). These findings suggest that, although the upper respiratory tract may serve as a primary source for microbiota in the lower respiratory tract, the relative abundances of taxa across different respiratory tract sites are not significantly associated. Therefore, oral and BAL samples are not suitable proxies for investigating the relative abundance of bacterial taxa in lung tissue samples.






Discussion

This study systematically examined the association between lung cancer and the microbiota across various sites in the respiratory tract, including the oral cavity, BAL, and lung tissue. The BAL microbiota showed the strongest association with lung cancer when comparing healthy and lung cancer participants. Since BAL samples are collected from the lower respiratory tract, specifically from the alveolar spaces, this provides a closer interaction with lung tissue cells compared to oral samples. Thus, microbes in BAL samples may have a more direct impact on the lung microenvironment. A more substantial microbiota difference may exist between lung tissues from healthy participants and lung cancer tissues. However, the difficulty of collecting lung tissue samples from healthy participants limits the ability to detect such differences. In lung cancer patients, microbiota may move between normal adjacent and tumor sites or be influenced by common factors within the lung, such as immune suppression or impaired respiratory clearance. This could result in less distinct differences between normal adjacent tissue and tumor-associated microbiota in lung cancer patients compared to microbiota differences between BAL samples from healthy participants and lung cancer patients. Furthermore, recent studies have incorporated lung microbiota data into predictive models for lung cancer screening (Chen et al., 2023; Zhou et al., 2024; Kashyap et al., 2025). These findings further underscore the potential clinical utility of BAL samples in lung cancer diagnosis, given the significant differences observed between BAL microbiota in healthy individuals and lung cancer patients.

Another key finding is that a BAL microbiota composition dominated by taxa not abundant in the oral microbiota is a hallmark of individuals without lung cancer. In contrast, taxa commonly found in the oral microbiota, such as the Streptococcus genus, were more abundant in the BAL of lung cancer patients. This shift may be attributed to lung cancer impairing respiratory clearance, thereby facilitating the translocation of microbes from the upper to the lower respiratory tract. However, this observation does not rule out the possibility that microbial invasion from the upper respiratory tract could actively contribute to lung cancer development by inducing chronic inflammation, as discussed above. Therefore, these data cannot determine whether the BAL microbiota merely reflects reduced lung function or actively contributes to cancer pathogenesis. To establish the causal relationship between changes in BAL microbiota and lung cancer, longitudinal studies are essential. Identifying whether these microbiota shifts occur prior to or during the early stages of lung cancer could provide valuable insights for early diagnosis and intervention.

Multiple factors contribute to the differences between the microbiota of the upper and lower respiratory tracts, including but not limited to distinct microenvironments such as oxygen levels, as well as microbial clearance mechanisms like coughing, mucociliary transport, and immune responses, as introduced above. In this study, the BAL microbiota showed a stronger association with lung cancer compared to the oral microbiota. Although few significant correlations were observed between specific bacterial taxa across different body sites, this does not rule out the possibility that microbial communities in the upper respiratory tract may influence those in the lower respiratory tract and impact lung cancer. Microbial seeding from the upper to lower respiratory tract is likely, as the oral cavity serves as the body’s gateway and is more directly influenced by external environmental factors. Addressing this question will require data with strain-level resolution.

Past reviews have identified limited sample sizes and inadequate control for confounding variables as key limitations in understanding the role of respiratory microbiota in lung cancer. This study partially addressed the sample size limitation but could not control for confounding factors due to a lack of available information. Given the observed differences in BAL microbiota between healthy and lung cancer participants, future studies should consider larger, well-matched cohorts with expanded BAL sampling to improve understanding of these associations.

Another major limitation of this study is that significant challenges in specimen collection, processing, storage, and 16S rRNA sequencing make reproducibility across multiple sites and cohorts difficult. Even with similar collection strategies, results can vary substantially between locations, independent of true differences in microbial taxa. Therefore, some of the analysis outcomes, e.g., those shown in Figures 2, 3, are derived from a single cohort. Although batch effect removal techniques were applied in the rest analyses, potential biases arising from cohort diversity could still impact the conclusions.

Contamination is another potential factor that may have influenced the analyses in this study. Approximately half of the cohorts either have associated publications describing protocols to minimize contamination (Nejman et al., 2020; Zhuo et al., 2020; He et al., 2022; Guo et al., 2023), like the use of transbronchoendoscope in sample collection, or include mock samples to control for environmental contamination (PRJEB34172). In contrast, for the cohorts PRJEB29934, PRJNA253931, PRJNA316098, and PRJNA434133, no related publications are available to confirm whether contamination control measures were taken. Therefore, potential contamination in these cohorts could have influenced the conclusions regarding the BAL microbiota.





Data availability statement

Publicly available datasets were downloaded from the NCBI database (https://www.ncbi.nlm.nih.gov/). The BioProject IDs with data used in this study are listed below: PRJEB29934, PRJEB34172, PRJNA253931, PRJNA303190, PRJNA316098, PRJNA327258, PRJNA434133, PRJNA472758, PRJNA552813, PRJNA586753, PRJNA647170, PRJNA751994, and PRJNA906201. 





Ethics statement

Study protocols were approved by the Virginia Commonwealth University institutional review board under protocol IRB # HM20022764. The studies were conducted in accordance with the local legislation and institutional requirements. This meta-analysis was conducted using previously published data. All data used in this meta-analysis were obtained from studies in which informed consent was obtained by the original investigators.





Author contributions

BZ: Conceptualization, Data curation, Formal analysis, Investigation, Methodology, Project administration, Software, Validation, Visualization, Writing – original draft, Writing – review & editing. SM: Conceptualization, Validation, Writing – review & editing. MS: Conceptualization, Validation, Writing – review & editing. GR: Writing – review & editing. P-YW: Writing – review & editing. C-FC: Writing – review & editing. KT: Conceptualization,  Formal analysis, Investigation, Methodology, Writing – original draft, Writing – review & editing. C-YC: Conceptualization, Supervision, Writing – review & editing. RW: Conceptualization, Funding acquisition, Project administration, Resources, Supervision, Writing – review & editing.





Funding

The author(s) declare that financial support was received for the research and/or publication of this article. This work was funded by grant P20CA252717 (RW) from the National Institutes of Health.




Acknowledgments

We acknowledge all project investigators from Roswell Park Cancer Institute, Indiana University Medical Center, NIH National Cancer Institute, University of Michigan, GlaxoSmithKline plc, Case Western Reserve University, Peking University Cancer Hospital & Institute, Ramon y Cajal Institute for Health Research, Ural Branch of the Russian Academy of Sciences, Peking University People’s Hospital, and the Institute of Microbiology at the Chinese Academy of Sciences for their contributions to generating the publicly shared data. We also thank the participants involved in sample collection for these BioProjects.





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 creation of this manuscript.





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/frmbi.2025.1589686/full#supplementary-material




References


	 Bagheri, Z., Moeinzadeh, L., and Razmkhah, M. (2022). Roles of microbiota in cancer: from tumor development to treatment. J. Oncol. 2022, 3845104. doi: 10.1155/2022/3845104


	 Belaid, A., Roméo, B., Rignol, G., Benzaquen, J., Audoin, T., Vouret-Craviari, V., et al. (2024). Impact of the lung microbiota on development and progression of lung cancer. Cancers 16, 3342. doi: 10.3390/cancers16193342


	 Bello, S., Vengoechea, J. J., Ponce-Alonso, M., Figueredo, A. L., Mincholé, E., Rezusta, A., et al. (2021). Core microbiota in central lung cancer with streptococcal enrichment as a possible diagnostic marker. Arch. Bronconeumol Engl. Ed 57, 681–689. doi: 10.1016/j.arbres.2020.05.034


	 Bingula, R., Filaire, E., Molnar, I., Delmas, E., Berthon, J.-Y., Vasson, M.-P., et al. (2020). Characterisation of microbiota in saliva, bronchoalveolar lavage fluid, non-malignant, peritumoural and tumour tissue in non-small cell lung cancer patients: a cross-sectional clinical trial. Respir. Res. 21, 1–20. doi: 10.1186/s12931-020-01392-2


	 Bou Zerdan, M., Kassab, J., Meouchy, P., Haroun, E., Nehme, R., Bou Zerdan, M., et al. (2022). The lung microbiota and lung cancer: a growing relationship. Cancers 14, 4813. doi: 10.3390/cancers14194813


	 Bray, F., Laversanne, M., Sung, H., Ferlay, J., Siegel, R. L., Soerjomataram, I., et al. (2024). Global cancer statistics 2022: GLOBOCAN estimates of incidence and mortality worldwide for 36 cancers in 185 countries. CA Cancer J. Clin. 74, 229–263. doi: 10.3322/caac.21834


	 Chen, Q., Hou, K., Tang, M., Ying, S., Zhao, X., Li, G., et al. (2023). Screening of potential microbial markers for lung cancer using metagenomic sequencing. Cancer Med. 12, 7127–7139. doi: 10.1002/cam4.5513


	 Chen, T., Yu, W.-H., Izard, J., Baranova, O. V., Lakshmanan, A., and Dewhirst, F. E. (2010). The Human Oral Microbiome Database: a web accessible resource for investigating oral microbe taxonomic and genomic information. Database J. Biol. Database Curation 2010), baq013. doi: 10.1093/database/baq013


	 DeSantis, T. Z., Hugenholtz, P., Larsen, N., Rojas, M., Brodie, E. L., Keller, K., et al. (2006). Greengenes, a chimera-checked 16S rRNA gene database and workbench compatible with ARB. Appl. Environ. Microbiol. 72, 5069–5072. doi: 10.1128/AEM.03006-05


	 Edgar, R. C. (2010). Search and clustering orders of magnitude faster than BLAST. Bioinforma Oxf Engl. 26, 2460–2461. doi: 10.1093/bioinformatics/btq461


	 Fernandes, A. D., Macklaim, J. M., Linn, T. G., Reid, G., and Gloor, G. B. (2013). ANOVA-like differential expression (ALDEx) analysis for mixed population RNA-Seq. PloS One 8, e67019. doi: 10.1371/journal.pone.0067019


	 Guo, Y., Yuan, W., Lyu, N., Pan, Y., Cao, X., Wang, Y., et al. (2023). Association studies on gut and lung microbiomes in patients with lung adenocarcinoma. Microorganisms 11, 546. doi: 10.3390/microorganisms11030546


	 He, Y., Li, J., Yu, W., Zheng, Y., Yang, D., Xu, Y., et al. (2022). Characteristics of lower respiratory tract microbiota in the patients with post-hematopoietic stem cell transplantation pneumonia. Front. Cell Infect. Microbiol. 12, 943317. doi: 10.3389/fcimb.2022.943317


	 Hosgood, H. D., Cai, Q., Hua, X., Long, J., Shi, J., Wan, Y., et al. (2021). Variation in oral microbiome is associated with future risk of lung cancer among never-smokers. Thorax 76, 256–263. doi: 10.1136/thoraxjnl-2020-215542


	 Jari Oksanen, F., Blanchet, G., Friendly, M., Kindt, R., Legendre, P., McGlinn, D., et al. (2020). vegan: community ecology package. Available online at: https://CRAN.R-project.org/package=vegan (Accessed June 25, 2024).


	 Kashyap, P., Raj, K. V., Sharma, J., Dutt, N., and Yadav, P. (2025). Classification of NSCLC subtypes using lung microbiome from resected tissue based on machine learning methods. NPJ Syst. Biol. Appl. 11, 11. doi: 10.1038/s41540-025-00491-4


	 Kovaleva, O., Podlesnaya, P., Rashidova, M., Samoilova, D., Petrenko, A., Zborovskaya, I., et al. (2020). Lung microbiome differentially impacts survival of patients with non-small cell lung cancer depending on tumor stroma phenotype. Biomedicines 8, 349. doi: 10.3390/biomedicines8090349


	 Leitao Filho, F. S., Monica Peters, C., Sheel, A. W., Yang, J., Nislow, C., Lam, S., et al. (2023). Characterization of the lower airways and oral microbiota in healthy young persons in the community. Biomedicines 11, 841. Available at: 10.3390/biomedicines11030841


	 Leng, Q., Holden, V. K., Deepak, J., Todd, N. W., and Jiang, F. (2021). Microbiota biomarkers for lung cancer. Diagnostics 11, 407. doi: 10.3390/diagnostics11030407


	 Liu, H.-X., Tao, L.-L., Zhang, J., Zhu, Y.-G., Zheng, Y., Liu, D., et al. (2018). Difference of lower airway microbiome in bilateral protected specimen brush between lung cancer patients with unilateral lobar masses and control subjects. Int. J. Cancer 142, 769–778. doi: 10.1002/ijc.31098


	 Ma, S., Shungin, D., Mallick, H., Schirmer, M., Nguyen, L. H., Kolde, R., et al. (2022). Population structure discovery in meta-analyzed microbial communities and inflammatory bowel disease using MMUPHin. Genome Biol. 23, 208. doi: 10.1186/s13059-022-02753-4


	 Mao, Q., Jiang, F., Yin, R., Wang, J., Xia, W., Dong, G., et al. (2018). Interplay between the lung microbiome and lung cancer. Cancer Lett. 415, 40–48. doi: 10.1016/j.canlet.2017.11.036


	 Mazzoccoli, G., Grilli, M., Carughi, S., Puzzolante, F., De Cata, A., La Viola, M., et al. (2003). Immune system alterations in lung cancer patients. Int. J. Immunopathol. Pharmacol. 16, 167–174. doi: 10.1177/039463200301600211


	 Najafi, S., Jamalkandi, S. A., Najafi, A., Salimian, J., and Ahmadi, A. (2023). Exploring Co-occurrence patterns and microbial diversity in the lung microbiome of patients with non-small cell lung cancer. BMC Microbiol. 23, 182. doi: 10.1186/s12866-023-02931-9


	 Natalini, J. G., Singh, S., and Segal, L. N. (2023). The dynamic lung microbiome in health and disease. Nat. Rev. Microbiol. 21, 222–235. doi: 10.1038/s41579-022-00821-x


	 Nejman, D., Livyatan, I., Fuks, G., Gavert, N., Zwang, Y., Geller, L. T., et al. (2020). The human tumor microbiome is composed of tumor type–specific intracellular bacteria. Science 368, 973–980. doi: 10.1126/science.aay9189


	 Nooreldeen, R., and Bach, H. (2021). Current and future development in lung cancer diagnosis. Int. J. Mol. Sci. 22, 8661. doi: 10.3390/ijms22168661


	 Olbrich, M., Künstner, A., and Busch, H. (2023). MBECS: microbiome batch effects correction suite. BMC Bioinf. 24, 182. doi: 10.1186/s12859-023-05252-w


	 Pérez-Cobas, A. E., Rodríguez-Beltrán, J., Baquero, F., and Coque, T. M. (2023). Ecology of the respiratory tract microbiome. Trends Microbiol. 31, 972–984. doi: 10.1016/j.tim.2023.04.006


	 Prado-Garcia, H., Romero-Garcia, S., Aguilar-Cazares, D., Meneses-Flores, M., and Lopez-Gonzalez, J. S. (2012). Tumor-induced CD8+ T-cell dysfunction in lung cancer patients. J. Immunol. Res. 2012, 741741. doi: 10.1155/2012/741741


	 Rylance, J., Kankwatira, A., Nelson, D. E., Toh, E., Day, R. B., Lin, H., et al. (2016). Household air pollution and the lung microbiome of healthy adults in Malawi: a cross-sectional study. BMC Microbiol. 16, 1–7. doi: 10.1186/s12866-016-0803-7


	 Segata, N., Izard, J., Waldron, L., Gevers, D., Miropolsky, L., Garrett, W. S., et al. (2011). Metagenomic biomarker discovery and explanation. Genome Biol. 12, R60. doi: 10.1186/gb-2011-12-6-r60


	 Sun, Y., Liu, Y., Li, J., Tan, Y., An, T., Zhuo, M., et al. (2023). Characterization of lung and oral microbiomes in lung cancer patients using culturomics and 16S rRNA gene sequencing. Microbiol. Spectr. 11, e00314–e00323. doi: 10.1128/spectrum.00314-23


	 Tilley, A. E., Walters, M. S., Shaykhiev, R., and Crystal, R. G. (2015). Cilia dysfunction in lung disease. Annu. Rev. Physiol. 77, 379–406. doi: 10.1146/annurev-physiol-021014-071931


	 Vogtmann, E., Hua, X., Yu, G., Purandare, V., Hullings, A. G., Shao, D., et al. (2022). The oral microbiome and lung cancer risk: An analysis of 3 prospective cohort studies. JNCI J. Natl. Cancer Inst 114, 1501–1510. doi: 10.1093/jnci/djac149


	 Yu, G., Gail, M. H., Consonni, D., Carugno, M., Humphrys, M., Pesatori, A. C., et al. (2016). Characterizing human lung tissue microbiota and its relationship to epidemiological and clinical features. Genome Biol. 17, 1–12. doi: 10.1186/s13059-016-1021-1


	 Zhang, K., He, C., Qiu, Y., Li, X., Hu, J., and Fu, B. (2023). Association of oral microbiota and periodontal disease with lung cancer: A systematic review and meta-analysis. J. Evid-Based Dent. Pract. 23, 101897. doi: 10.1016/j.jebdp.2023.101897


	 Zhou, S., Zhu, W., Guo, H., Nie, Y., Sun, J., Liu, P., et al. (2024). Microbes for lung cancer detection: feasibility and limitations. Front. Oncol. 14, 1361879. doi: 10.3389/fonc.2024.1361879


	 Zhu, B., Edwards, D. J., Spaine, K. M., Edupuganti, L., Matveyev, A., Serrano, M. G., et al. (2024). The association of maternal factors with the neonatal microbiota and health. Nat. Commun. 15, 5260. doi: 10.1038/s41467-024-49160-w


	 Zhuo, M., An, T., Zhang, C., and Wang, Z. (2020). Characterization of microbiota in cancerous lung and the contralateral non-cancerous lung within lung cancer patients. Front. Oncol. 10, 1584. doi: 10.3389/fonc.2020.01584







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.


Copyright © 2025 Zhu, McHale, Van Scoyk, Riddick, Wu, Chou, Tossas, Chen and Winn. 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.


OEBPS/Images/frmbi-04-1589686-g002.jpg
Shannon

P = 0.644

Healthy

n=8

Lung Cancer
n=46

NMDS2

-0.25

0.00

0.25
NMDS1

0.50 0.75

Group
Streptococcus
' | Prevotella
|| Veillonella
| Blautia
Pseudomonas
Ruminococcus
Neisseria
Porphyromonas
Haemophilus
Rothia
Gemella
Coprococcus
Fusobacterium
Escherichia
Granulicatella
Acinetobacter
Alloprevotella
Bacteroides
Faecalibacterium
Akkermansia
Schaalia
Delftia
Actinobacillus
Leptotrichia
Bifidobacterium
Oscillospira

Group
—— Healthy

~— Lung Cancer

Padonis < 0.001

Group

Lung Cancer
Healthy

0.4

I

Relative abundance

0.2

Taxa

d Coprococeus -
Ruminococcus -
Blautia
Eubacterium
Oscillospira =
Faecalibacterium -
Dorea -
Bifidobacterium
Akkermansia =
Catenibacterium
Ruminococcaceae_G-2 -
Pseudoramibacter_Eubacterium -
Roseburia
Adlercreutzia
Clostridium =
Collinsella 5
Clostridiales_F-1G-2 4
Acidaminobacter -
Lachnoanaerobaculum -
Desulfotomaculum =
Mogibacterium =
Bacteroides -
Stomatobaculum =
Granulicatella -
Dialister -

Olsenella 4

Kingella 5
Lancefieldella 4
Rothia -
Lachnospira 5
Megasphaera -
Bulleidia
Selenomonas -
Oribacterium -
Gemella -
Veillonella
Streptococcus 5
Schaalia 5
Corynebacterium =
Ochrobactrum =
Staphylococcus
Cutibacterium =
Delftia =
Stenotrophomonas -
Propionibacterium =
Brucella -
Sphingomonas =
Flavobacterium =
Pedobacter -
Variovorax -
Sediminibacterium =
Pseudomonas -
Herbaspirillum +
Halorhodospira =
Rhodococcus 4
Agrobacterium =
Herminiimonas =
Acinetobacter -
Janthinobacterium

-Log10 FDR
® 15

@® 20
@ 3
@ so
@ :
[

4.0

°9-@o, ..“......

Enriched group
® Enriched in healthy

@ Enriched in lung cancer

T T T
-5 0 5

Median difference in CLR values





OEBPS/Images/frmbi-04-1589686-g003.jpg
Shannon

275

2.50

225

2.00

1.75

Healthy
n=16

Lung Cancer
n=25

NMDS2

03

c o__Clostridiales

f__Clostridiales_Lachnospiraceae -
f__Comamonadaceae -

Group
— Healthy
——Lung cancer

Padonis = 0.049

g__Blautia§ .

f__Enterococcaceaeq @

o__Enterobacterales { @
g__Stomatobaculum 1@

f__Pasteurellaceae - [ |

o__Pasteurellales [ |

g__Aggregatibacter - .
g__Alloprevotella § o

g__Lautropia- ®

g__Haemophilus 1@

03 04 05 06 0.7
LDA score (log10)

Enriched group
® Healthy

@ Lung Cancer

-Log10 P-value
® 15





OEBPS/Images/cover.jpg
& frontiers | frontiers in Hematology

Microbial hallmarks of the respiratory tract in
lung cancer: a meta-analysis





OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/frmbi-04-1589686-g001.jpg
4

0| O N | [T [ | Bioproject
‘ \ HII I]Illl! II 1 Streptococcus
Il [ Veilonella
Pseudomonas
Ll | | | Fusobacterium
Haemophilus
Alloprevotella
Sphingomonas
Delftia
Leptotrichia
Corynebacterium
Campylobacter
Staphylococcus
Paenibacillus
Stenotrophomonas
Microbacterium
Gemella
Granulicatella
Gluconacetobacter
Actinobacillus

Group
| Prevotella
11| [ | Neisseria
| Porphyromonas
Rothia
Burkholderia
Propionibacterium
Ruminococcus
Acinetobacter
Schaalia
Selenomonas

b c
049
P =0.324 a
021 _—
N b Group
g Group o ~ Healthy
£°] g 001 —— Lung Cancer
§ . Healthy s ung e
E 21 E] Lung Cancer Padonis < 0.001
® -0.24
14
T T oA | . |
n=129 n=29 ~0.50 025 0.00 025

Saccharibacteria_TM7_G-1

Group

Lung Cancer
Healthy

Bioproject
PRJEB29934
PRJEB34172

 PRJNAS552813
PRJNA253931
PRJINA316098
| PRJNA434133
PRJINA751994

PRJNA906201
PRJNA586753

08
0.6

0.4

Relative abundance

0.2

io





OEBPS/Images/frmbi-04-1589686-g004.jpg
NMDS2

P =0.031

Shannon index

0.254

0.001 -

0.2)0
NMDS1

T
-0.50 -0.25

P =0.286 P = 1.05E-06
0.8
150 4
0.6 4 %
" 8 100 Group
g 044 2 Normal
g ° adjacent tissue
i1} o i
8 504 Tumor tissue
0.2 €
-4
0.0 04 R ——
[ : .
Enriched group @ Normal adjacent @ Tumor
-Log10 FDR
Tiiffior tiSstic Stenotrophomonas ® 15
©
— N
- Yeos 5 Staphylococcus . 2.0
Corynebacterium
Padonis < 0.001 . =

-25-24-23-22
Median difference in clr values

Tumor vs. Normal adjacent





