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Abstract
Background

Smoking is one of the most important modifiable risk factors for lung cancer. However, clinical evidence
remains limited regarding whether smoking is associated with remodeling of the lower-airway
microbiome and local metabolic networks in patients with lung cancer. Bronchoalveolar lavage fluid
(BALF) may reflect the local lower-airway microenvironment, and integrated microbiome-metabolome
profiling may help identify smoking-associated ecological and metabolic signatures.

Methods

Thirty-seven patients with pathologically confirmed lung cancer who underwent electronic bronchoscopy
at the Second Hospital of Hebei Medical University between November 2022 and November 2023 were
enrolled, including 22 smokers and 15 never-smokers. BALF samples were collected for 16S rRNA
amplicon sequencing and untargeted metabolomic profiling. Smoking-associated microbial taxa,
metabolites, and cross-omics associations were evaluated using LEfSe, KEGG enrichment, ROC curve
analysis, and Spearman correlation analysis.

Results

A total of 1,378 operational taxonomic units were detected, including 1,004 shared OTUs. Alpha diversity
did not differ significantly between groups, whereas weighted UniFrac PCoA showed significant
separation in microbial community structure (PERMANOVA, P < 0.05). Bacteroidota, Actinomycetota,
Prevotella, Schaalia, and Mobiluncus were relatively enriched in smokers, whereas Pseudomonadota,
Finegoldia, Peptoniphilus, and Paracoccus were enriched in never-smokers. Untargeted metabolomics
identified 23 differential metabolites, of which 18 were upregulated and 5 were downregulated in
smokers. These metabolites were mainly enriched in glutathione metabolism, alanine metabolism,
arginine and proline metabolism, bile secretion, ABC transporters, pantothenate and coenzyme A
biosynthesis, and fructose and mannose metabolism. ROC analysis suggested potential discriminatory
value for (2)-11-hexadecenal, spermidine, oxosativene, nicotine N-oxide, and 1,2-dimethylimidazole (AUC
0.706-0.776). Mobiluncus was positively correlated with nicotine N-oxide, whereas Finegoldia was
negatively correlated with dihydrothymine.

Conclusions

BALF from smokers with lung cancer showed local microenvironmental alterations characterized by
microbial compositional remodeling and metabolic pathway perturbation. The observed Mobiluncus-
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nicotine N-oxide and Finegoldia-dihydrothymine associations are candidate microbiome-metabolome
features that require validation in larger, well-matched cohorts.

Highlights
BALF was used to investigate the lower-airway microenvironment in patients with lung cancer.

Integrated 16S rRNA sequencing and untargeted metabolomics revealed smoking-associated
microbiome-metabolome alterations.

Mobiluncus-nicotine N-oxide and Finegoldia-dihydrothymine associations were identified as candidate
smoking-related microecological-metabolic links.

Introduction

Lung cancer remains one of the leading causes of cancer incidence and mortality worldwide [1, 2].
Smoking is a major etiological factor for lung cancer and contributes to carcinogenesis through DNA
damage, oxidative stress, chronic inflammation, immune escape, and remodeling of the tissue
microenvironment [3—-6]. However, some smoking-associated biological effects cannot be fully explained
by host genomic alterations or conventional inflammatory pathways alone, suggesting that the lower-
airway microbiome and its metabolites may also participate in smoking-related lung cancer biology [7-
11].

With advances in high-throughput sequencing, the lung is no longer considered a sterile organ [7, 12-14].
Accumulating evidence links the respiratory microbiome to chronic obstructive pulmonary disease,
asthma, pulmonary infection, and lung cancer [7, 8, 15-20]. In patients with lung cancer, microbial
diversity, dominant taxa, and predicted functional profiles may differ in lower-airway or tumor-tissue
samples. Certain microbes may influence the tumor microenvironment by modulating inflammatory
mediators, epithelial barriers, immune-cell infiltration, and tumor metabolism [8-11, 21, 22]. Smoking
itself can alter oral, nasopharyngeal, lower-airway, and gut microbial communities and their secreted
metabolites, resulting in complex interactions among smoking exposure, microbial ecology, and lung
cancer [5, 6, 23, 24].

Most previous studies have focused on microbial composition in lung cancer or on the effect of smoking
on the respiratory microbiome alone. Studies integrating BALF microbiota and metabolomics to
characterize the smoking-associated local lung cancer microenvironment remain limited [8-11, 21, 22].
Metabolites represent important functional outputs of microbe-host interactions and may more directly
reflect the biological state of the local ecosystem [25—-33]. Therefore, combined microbiome-
metabolome analysis can characterize smoking-associated lung cancer microenvironmental features
from both compositional and functional perspectives.
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In this study, BALF samples from patients with lung cancer were used to compare microbial
composition, diversity, and metabolomic profiles between smokers and never-smokers. We further
analyzed correlations between differentially abundant genera and differential metabolites. The aim was
to identify candidate smoking-associated microbiome-metabolome features and to provide exploratory
evidence for local microenvironmental mechanisms linking smoking to lung cancer.

Materials and Methods
Study population and grouping

This observational study enrolled patients with pathologically confirmed lung cancer who underwent
electronic bronchoscopy at the Department of Respiratory and Critical Care Medicine Il, the Second
Hospital of Hebei Medical University, between November 2022 and November 2023. The study was
approved by the institutional ethics committee, and all participants provided written informed consent.
Eligible patients had confirmed lung cancer and available BALF samples. Patients were excluded if they
had long-term glucocorticoid or immunosuppressive therapy, antibiotic exposure within the preceding 2
months, active pulmonary infectious disease, another systemic malignancy, or prior antitumor treatment,
including radiotherapy, chemotherapy, targeted therapy, or immunotherapy. Participants were classified
as smokers (S group) or never-smokers (NS group) according to smoking history.

Clinical data and BALF collection

Demographic and clinical data were collected, including age, sex, smoking history, recent antibiotic use,
laboratory findings, imaging results, pathological type, and tumor stage. Bronchoscopy was performed
under local anesthesia combined with intravenous anesthesia. After inspection of the bronchial tree,
sterile saline was instilled into the lesion-related bronchopulmonary segment and aspirated.
Approximately 5-10 mL of BALF was collected into sterile containers and stored at -80°C until 16S rRNA
amplicon sequencing and untargeted metabolomic analysis.

16S rRNA amplicon sequencing and microbial analysis

BALF samples were transported on dry ice to BGI Genomics (Shenzhen, China). Microbial DNA was
extracted using the MagPure Stool DNA KF Kit B according to the standard protocol. After quality control,
target-specific primers were used to construct amplicon libraries, which were sequenced on an lllumina
paired-end platform. Raw reads were filtered to generate effective sequences. OTUs were clustered at
97% sequence similarity using USEARCH [34], and representative sequences were annotated using the
RDP classifier with a confidence threshold of 0.6 [35].

Microbial community structure was assessed using alpha- and beta-diversity analyses. Alpha diversity
was evaluated using Chao1, ACE, Shannon, Simpson, and Coverage indices. Beta diversity was assessed
by UniFrac-based PCoA [36], and between-group differences were tested using PERMANOVA [37].
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Differential taxa were identified using LEfSe with an LDA score threshold > 2 and P < 0.05 [38]. Functional
profiles were predicted using PICRUSt2 and mapped to the KEGG pathway database [39, 40].

Untargeted metabolomic profiling

Untargeted metabolomic analysis of BALF samples was performed by BGl Genomics. Frozen samples
and pooled quality-control (QC) samples were thawed at 4°C. Each 100-uL aliquot was mixed with 700
uL of pre-cooled extraction solvent (methanol:acetonitrile:water, 4:2:1, v/v/v), vortexed, incubated at
-20°C for 2 h, and centrifuged at 25,000 x g for 15 min at 4°C. The supernatant was vacuum-dried,
reconstituted in methanol:water (1:1, v/v), vortexed for 10 min, and centrifuged again. QC samples were
prepared by pooling 20 uL from each sample.

Metabolites were separated using a Waters UPLC I-Class Plus system and detected with a Q Exactive
high-resolution mass spectrometer (Thermo Fisher Scientific, USA). Raw mass-spectrometry data were
extracted and normalized using Compound Discoverer 3.3 and annotated against BMDB, mzCloud, and
ChemSpider databases. PCA was used to assess sample distribution and data quality. PLS-DA and
OPLS-DA were used to evaluate group differences; because the OPLS-DA model showed overfitting,
differential metabolites were ultimately screened using PLS-DA VIP values combined with univariate
analysis. Differential metabolites were defined as VIP > 1, fold change = 1.2 or < 0.83, and P < 0.05. ROC
curve analysis was used to evaluate candidate biomarkers, with AUC > =0.70 considered potentially
informative. Differential metabolic pathways were identified using KEGG enrichment analysis [39, 40].

Cross-omics association and statistical analysis

Spearman rank correlation analysis was performed in R using corr.test to evaluate associations between
differentially abundant genera and differential metabolites. Statistical analyses were performed with
SPSS 26.0. Categorical variables were compared using the chi-square test or Fisher's exact test.
Normally distributed continuous variables were analyzed using the t test or permutation test, whereas
non-normally distributed variables were analyzed using the Kruskal-Wallis rank-sum test. A two-sided P <
0.05 was considered statistically significant. Given the imbalance in sex and pathological type between
groups, the findings were interpreted as exploratory.

Results

Patient characteristics

A total of 37 patients with lung cancer were included, comprising 22 smokers and 15 never-smokers.
The smoking group had a mean age of 65.59 + 10.15 years (range, 50—86 years), and all participants
were male. Histological subtypes included squamous cell carcinoma (n = 8), adenocarcinoma (n = 7),
and small-cell lung cancer (n = 7). The non-smoking group had a mean age of 65.47 + 12.03 years (range,
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40-84 years), including 4 men and 11 women,; histological subtypes included adenocarcinoma (n=11),
squamous cell carcinoma (n = 2), and small-cell lung cancer (n = 2). Based on the actual counts, age
strata did not differ significantly, whereas sex and pathological type were imbalanced between groups,
indicating that subsequent findings should be interpreted with caution regarding potential confounding
(Table 1).

Table 1
Baseline characteristics of the study population.
Characteristic Smoking (n=22) Never-smoking (n=15) P value
Male/female, n 22/0 4/11 <0.001
Age <=60/>60 years, n 7/15 4/11 0.753
SCLC/SqCC/ADC/other,n  7/8/7/0 2/2/11/0 0.046

Sequencing coverage and microbial composition

The species accumulation curve approached a plateau, indicating sufficient sample size and sequencing
depth for community analysis. Across all BALF samples, 1,378 OTUs were identified, including 192 OTUs
unique to smokers, 182 unique to never-smokers, and 1,004 shared OTUs. At the phylum level, Bacillota,
Bacteroidota, Actinomycetota, Pseudomonadota, and Fusobacteriota were the dominant taxa in both
groups. Pseudomonadota showed lower relative abundance in smokers than in never-smokers (11.58%
vs. 22.68%, P < 0.05). At the genus level, Streptococcus, Veillonella, Prevotella, Neisseria, Schaalia,
Rothia, Haemophilus, and Fusobacterium were dominant. Prevotella (9.46% vs. 5.31%) and Schaalia
(6.40% vs. 4.02%) were significantly enriched in smokers (P < 0.05).

Microbial diversity and differential taxa

Alpha diversity did not differ significantly between groups. Median Chao1, ACE, Shannon, Simpson, and
Coverage values were 553.3, 571.8, 3.57, 0.05, and 0.99 in smokers and 560.5, 563.3, 3.35, 0.08, and 0.99
in never-smokers, respectively (all P > 0.05; Table 2). Unweighted UniFrac PCoA did not show significant
between-group separation, whereas weighted UniFrac PCoA showed significant separation by
PERMANOVA (P < 0.05), indicating that smoking status was associated with differences in abundance-
weighted BALF microbial community structure (Fig. 1A).
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Table 2
Alpha-diversity indices of BALF microbiota.

Index Smoking Never-smoking P value
Chao1l 553.3 560.5 0.70252
ACE 571.8 563.3 0.96347
Shannon  3.57 3.35 0.28981
Simpson  0.05 0.08 0.08042
Coverage 0.99 0.99 0.21592

LEfSe analysis identified smoking-associated differential taxa. At the phylum level, Bacteroidota and
Actinomycetota were enriched in smokers, whereas Pseudomonadota was enriched in never-smokers.
At the genus level, Prevotella, Schaalia, Kingella, Asteroleplasma, Pyramidobacter, Sphaerochaeta,
Mobiluncus, and Mogibacterium were enriched in smokers; Finegoldia, Vagococcus, Achromobacter,
Peptoniphilus, Hymenobacter, Staphylococcus, Ralstonia, and Paracoccus were enriched in never-
smokers (P < 0.05; Fig. 1B-C). PICRUSt2 prediction showed that carbohydrate metabolism, amino acid
metabolism, lipid metabolism, cofactor and vitamin metabolism, energy metabolism, and replication and
repair were abundant pathways in both groups, but no significant between-group difference remained
after FDR correction.

Metabolomic quality control and global features

Metabolomic quality-control analysis showed that 5,040 of 6,335 detected features had CV < = 30%,
yielding a ratio of 0.80 and indicating good analytical reproducibility. PCA showed tight clustering of QC
samples, suggesting low systematic error and stable data quality (Table 3). Among 1,849 retained
metabolites, the most abundant categories were lipids (16.45%), amino acids/peptides and analogues
(15.49%), and benzene derivatives (14.61%). KEGG super-pathway classification showed that amino acid
metabolism (26.49%), lipid metabolism (14.59%), biosynthesis of secondary metabolites (14.59%), and
carbohydrate metabolism (14.05%) were the leading pathway categories.

Table 3
Quality-control summary for metabolomic detection.

Total features Features with CV<=30% Ratio

6,335 5,040 0.80
Differential metabolites and candidate biomarkers

PCA and PLS-DA score plots indicated metabolic separation between smokers and never-smokers.
Using VIP =1, fold change = 1.2 or < 0.83, and P < 0.05, 23 differential metabolites were identified.
Compared with never-smokers, smokers had 18 upregulated and 5 downregulated metabolites (Fig. 2A).

KEGG enrichment analysis showed significant enrichment of seven pathways: glutathione metabolism,
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alanine metabolism, arginine and proline metabolism, bile secretion, ABC transporters, pantothenate and
coenzyme A biosynthesis, and fructose and mannose metabolism (all P < 0.05; Fig. 2B).

ROC analysis identified five candidate biomarkers with AUC > = 0.70: (2)-11-hexadecenal
(HMDB0243751; AUC = 0.776), spermidine (B100298; AUC = 0.736), oxosativene (HMDB0258180; AUC =
0.718), nicotine N-oxide (HMDB0001411; AUC = 0.712), and 1,2-dimethylimidazole (HMDB0244082; AUC
=0.706; Fig. 3).

Microbiome-metabolome correlations

Spearman correlation analysis showed significant associations between smoking-associated differential
genera and differential metabolites (Fig. 4). Prevotella was positively correlated with mannitol
(B100102). Schaalia was positively correlated with 1-ethylaziridine, 2-deoxyglucose, 1,2-
dimethylimidazole, and perfluorobutanesulfonate. Mobiluncus was positively correlated with nicotine N-
oxide (HMDB0001411). Finegoldia, Peptoniphilus, and Paracoccus were negatively correlated with 2-
deoxyglucose (B100208), and Finegoldia was also negatively correlated with dihydrothymine (B200100;
all P <0.05). These results suggest that smoking-associated metabolic alterations may be coupled with
changes in selected BALF genera, particularly Mobiluncus and Finegoldia.

Discussion

Using BALF samples and integrated 16S rRNA amplicon sequencing with untargeted metabolomics, this
study systematically compared lower-airway microbial and metabolic features between smokers and
never-smokers with lung cancer. The main findings were as follows. First, alpha diversity did not differ
significantly between groups, whereas weighted beta diversity showed significant separation, suggesting
that smoking-associated differences were mainly reflected in the relative abundance of dominant taxa
and community structure rather than overall richness. Second, Prevotella, Schaalia, and Mobiluncus were
enriched in smokers, whereas Finegoldia, Peptoniphilus, and Paracoccus were enriched in never-
smokers. Third, smokers showed metabolic perturbations involving amino acid metabolism, redox-
related metabolism, and transport functions. Fourth, Mobiluncus was correlated with nicotine N-oxide,
and Finegoldia was correlated with dihydrothymine, suggesting that smoking-related chemical exposure
may be linked to local microbiome-metabolome remodeling in lung cancer [11-18, 31-33].

Alterations of the lung microbiome in patients with lung cancer have been reported in multiple studies,
although findings vary because of differences in sample type, sequencing region, contamination control,
pathological subtype, and treatment status [8-11, 21, 22]. Compared with tumor tissue or sputum, BALF
can better reflect the lower-airway luminal microenvironment and is less invasive than tissue sampling
[15-20]. In the present study, alpha diversity was comparable between groups, whereas weighted
UniFrac PCoA showed significant separation. This suggests that smoking may not simply reduce overall
microbial richness but may instead alter the relative abundance and ecological occupancy of selected
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dominant taxa. This is consistent with prior observations that smoking can reshape respiratory microbial
composition without necessarily changing diversity alone [5, 6, 23, 24].

At the compositional level, Prevotella and Schaalia were enriched in smokers. Prevotella is commonly
found in the oral cavity and upper respiratory tract and can reach the lower airways through
microaspiration; its increase may reflect smoking-related impairment of airway barriers, mucosal
immune alteration, or enhanced oral-lung microbial migration [12-14, 19, 20]. Schaalia belongs to
Actinobacteria-related taxa, and some members are associated with mucosal inflammation and
anaerobic microenvironments. Smoking may reduce local oxygen tension and alter mucus and redox
conditions, thereby favoring colonization by anaerobic or facultative anaerobic taxa [5, 6, 23, 24]. In
contrast, Finegoldia, Peptoniphilus, and Paracoccus were relatively enriched in never-smokers, but their
biological implications require further validation considering pathological subtype, sex, and tumor
microenvironmental context.

Metabolomic analysis showed that differential metabolites in BALF from smokers were enriched in
glutathione metabolism, alanine metabolism, arginine and proline metabolism, ABC transporters, and
coenzyme A-related pathways. Glutathione metabolism is an important defense system against
smoking-induced oxidative stress [5, 6]. Arginine and proline metabolism is associated with immune
regulation, collagen remodeling, and tumor-cell proliferation. ABC transporters participate in xenobiotic
transport and drug resistance, whereas pantothenate and coenzyme A biosynthesis is closely related to
fatty acid oxidation and energy metabolism [11-18, 31-33]. Together, these findings suggest that the
local lung cancer microenvironment in smokers may involve enhanced oxidative stress, amino acid
metabolic reprogramming, and altered handling of exogenous compounds.

The most novel finding of this study is the microbiome-metabolome association. Nicotine N-oxide is a
nicotine-related metabolite, and its positive correlation with Mobiluncus suggests that tobacco-related
metabolic exposure may coexist with enrichment of selected microbial taxa [5, 6]. Mobiluncus is an
anaerobic or microaerophilic genus more commonly studied in urogenital microbial ecology. Its
smoking-associated enrichment in BALF from patients with lung cancer and its correlation with nicotine-
related metabolites warrant further investigation. Finegoldia was negatively correlated with
dihydrothymine, which may be related to pyrimidine metabolism, cell turnover, or local immune status.
Importantly, correlation does not establish causality; these findings should be regarded as candidate
hypotheses for future mechanistic studies.

This study has potential translational implications. BALF can be obtained during clinically indicated
bronchoscopy. If validated in larger cohorts, smoking-associated microbial and metabolic signatures
may help define local microenvironmental subtypes in lung cancer, explain smoking-related tumor
heterogeneity, and provide clues for microbiome-based intervention, metabolic pathway targeting, or
treatment-response prediction. However, the AUC values of the candidate metabolites were moderate,
and the sample size was limited; therefore, these markers should not be considered diagnostic tools at
this stage but rather exploratory candidates for validation.

Page 9/17



Several limitations should be acknowledged. First, the sample size was small, limiting statistical power.
Second, all smokers were male, and pathological subtype distribution was imbalanced between groups;
sex and histology may confound microbiome and metabolomic profiles. Third, smoking pack-years, time
since cessation, second-hand smoke exposure, and e-cigarette use were not stratified. Fourth, 16S rRNA
amplicon sequencing generally resolves taxa at the genus level and cannot provide strain-level or direct
functional-gene evidence [34, 35, 41]. Fifth, BALF is a low-biomass sample type; although recent
infection and antibiotic exposure were excluded, future studies should incorporate more stringent
negative controls and contamination-control procedures [42, 43]. Finally, the cross-sectional design
precludes determination of temporal sequence or causality among smoking, microbial alteration,
metabolic changes, and the lung cancer microenvironment. Larger studies with matching for sex, age,
pathological subtype, and stage, combined with metagenomics, targeted metabolomics, inflammatory
profiling, and functional experiments, are needed to validate key microbiome-metabolome axes.

Conclusion

BALF from smokers with lung cancer showed alterations in microbial composition and metabolomic
profiles, characterized by differences in weighted beta diversity, enrichment of smoking-associated taxa,
and perturbation of oxidative stress-, amino acid metabolism-, and transport-related pathways. The
Mobiluncus-nicotine N-oxide and Finegoldia-dihydrothymine associations may represent candidate
features of smoking-related microbiome-metabolome networks in the lung cancer microenvironment.
These exploratory cross-omics findings require confirmation in larger, well-matched cohorts and
mechanistic studies.
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Figure 1

BALF beta diversity and differential microbial taxa. A: UniFrac-based PCoA analysis; B: LEfSe LDA
score plot; C: LEfSe cladogram.
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Figure 2

Smoking-associated differential metabolites and pathway enrichment. A: volcano plot of differential
metabolites; B: KEGG pathway enrichment analysis.
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ROC curves of candidate differential metabolites, including (Z)-11-hexadecenal, spermidine,
oxosativene, nicotine N-oxide, and 1,2-dimethylimidazole.
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Figure 4

Spearman correlation heatmap of differential genera and differential metabolites.
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