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remains the most well-established risk factor, nearly one-
quarter of lung cancer cases occur in never-smokers, and 
the underlying factors contributing to the development of 
lung cancer in never-smokers remain unclear [2]. This is 
particularly relevant in Southeast Asia, where the burden 
of lung cancer among never-smokers is disproportionately 

1  Introduction

Lung cancer is the most commonly diagnosed cancer and 
the leading cause of cancer-related mortality worldwide, 
with an estimated 2.5 million new cases and 1.8 mil-
lion deaths reported in 2022 [1]. While tobacco smoking 
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comprehensively compare genus-level sputum microbiota between lung cancer patients and healthy controls in a multiethnic 
Southeast Asian population.
Methods  Sputum samples were collected from lung cancer patients across three Singapore hospitals. Socio-demographic 
data were obtained via questionnaire. We analyzed 16S rRNA amplicon sequences from 70 lung cancer patients and 47 
healthy controls from a separate local cohort, using identical sequencing protocols to minimize batch effects. Alpha- and 
beta-diversity metrics, random forest models, and ANCOM-BC2 were used to identify microbial features associated with 
lung cancer and host characteristics.
Results  Lung cancer cases showed significantly reduced genus richness compared to controls. Beta-diversity (Aitchison dis-
tance) differed by case-control status, sex, age, and smoking history. ANCOM-BC2 identified Lactobacillus as differentially 
enriched in cases. However, this enrichment did not pass the pseudo-count test among never-smokers. Further sex-stratified 
analysis revealed that the Lactobacillus enrichment was driven primarily by male cases. Conversely, [Eubacterium] noda-
tum group, Mogibacterium, and Campylobacter emerged as robust inverse signatures for lung cancer, with their depletion 
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tion in larger, longitudinal studies.
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high compared to Western populations [3]. These regional 
differences underscore the need for region-specific studies 
to better understand the etiology of lung cancer and to iden-
tify early detection biomarkers in Southeast Asian cohorts.

Previous studies have described microbial colonization 
and immunological factors shaping the lung microbiome [4, 
5]. Recently, in vivo mouse models have demonstrated that 
lung microbes can influence immune responses and contrib-
ute to lung pathogenesis, such as fibrosis [6, 7]. Although the 
mechanisms of host-microbiome interaction are still being 
explored, lung dysbiosis may promote chronic inflamma-
tion through IL-17-mediated responses, a known driver of 
malignancy through DNA damage, increased cellular prolif-
eration, and immune suppression [8, 9]. Hence, identifying 
taxa associated with lung microbiome perturbation could 
support the development of novel treatment strategies, par-
ticularly those tailored to Asian populations.

Most microbiome studies have focused on pulmonary 
diseases such as asthma and chronic obstructive pulmonary 
disease (COPD), and few have examined the microbiomes 
in lung cancer patients [10, 11]. Leveraging next-generation 
sequencing technologies, current lung cancer microbiome 
studies primarily utilize 16S rRNA gene amplicon sequenc-
ing to characterize microbial communities [12]. Current 
evidence suggests that microbial alpha-diversity, encom-
passing genus richness and abundance, is similarly reduced 
in lung cancer and other pulmonary diseases when com-
pared to healthy controls [11]. While numerous studies have 
reported associations between specific microbial taxa and 
lung cancer, findings remain inconsistent, and there is no 
consensus on the microbial drivers underlying lung carcino-
genesis [7, 10]. For instance, Rubellimicrobium and Fictiba-
cillus have been reported as enriched in lung tumor tissues 
compared to healthy controls based on biopsy samples [13]. 
In bronchial brushings, another study reported significantly 
higher proportions of Streptococcus and Neisseria and 
lower proportions of Staphylococcus and Dialister in cancer 
cases relative to controls [14]. In a separate study involving 
never-smoking Chinese women, higher levels of Granuli-
catella, Abiotrophia, and Streptococcus were detected in 
cases versus non-cancer controls [15]. In aggregate, these 
studies highlight considerable variability in microbial pro-
files across lung cancer populations. Further research with 
improved control for intrinsic host factors such as age, body 
mass index (BMI), and smoking status is needed to clarify 
these inconsistencies.

Systematic reviews of the existing literature indicate 
that most lung microbiome studies have been conducted in 
cohorts from Northern Hemisphere countries, with limited 
representation from Southeast Asian populations [10, 11]. 
This study represents the first investigation of the associa-
tion between the airway microbiome and lung cancer risk 

in Singapore and the Southeast Asia region, where distinct 
environmental exposures, lifestyle factors, and host genet-
ics may influence microbiome composition and lung cancer 
susceptibility, underscoring the importance of conducting 
region-specific investigations [16]. Specifically, we present 
a comprehensive analysis of bacterial genus-level diver-
sity in sputum samples, comparing microbial composition 
among lung cancer patients and between cancer cases and 
healthy controls, across three major tertiary hospitals in Sin-
gapore, a multiethnic city-state whose population composi-
tion reflects broader Southeast Asian diversity.

2  Methods

2.1  Biosample processing, DNA extraction and 
16S rRNA gene amplicon library construction and 
sequencing

Sputum samples from lung cancer patients (n = 70) were 
collected across three hospitals in Singapore: Changi Gen-
eral Hospital (CGH; n = 20), National Cancer Centre (NCC; 
n = 19) and Singapore General Hospital (SGH; n = 31). The 
study has been approved by the SingHealth Centralized 
Institutional Review Board (CIRB Ref: 2018/2524) and 
informed consent was obtained from all the patients. All 
samples were thawed on ice for DNA extraction using the 
High-pure PCR Template Preparation Kit (Roche) follow-
ing the manufacturer’s protocol. Total DNA was quantified 
using the Qubit 4 fluorometer (Thermo Fisher Scientific, 
OR, USA) with the dsDNA High Sensitivity Assay (Life 
Technologies Corporation, Carlsbad, CA, USA). Amplicon 
libraries targeting the V3–V4 hypervariable regions of the 
16S rRNA gene (~ 550 bp) were prepared using Illumina’s 
16S Metagenomic Sequencing Library Preparation proto-
col with primers 341F (5’-CCTACGGGNGGCWGCAG) 
and 785R (5’-GACTACHVGGGTATCTAATCC) for 300 
bp paired-end sequencing [17]. Barcoded amplicons were 
sequenced on the MiSeq sequencer (Illumina) platform. A 
comparator group of healthy controls (n = 47) was obtained 
from an independent, local study investigating the associa-
tion between lung microbiome composition, lung function, 
and arterial stiffness [18]. Volunteers were deemed healthy 
based on medical history at the point of recruitment as previ-
ously described [18]. The healthy control sputum data were 
sequenced using the same methods and facility to minimize 
batch effects [18].

2.2  Sequence processing and microbiota analysis

Paired-end FASTQ files for healthy controls (n = 47; Bio-
Project number PRJNA559069) used the same 16S rRNA 
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gene primers for sputum microbiota sequencing [18]. Case 
and control samples were sequenced to depths of 181,719 
± 167,562 (SD) and 146,736 ± 84,368 (SD), respectively 
(Supplementary Fig. S1). All fastq files for healthy and can-
cer groups were processed together using QIIME 2 release 
2023.7 with default parameters unless stated otherwise 
[19]. Paired-end reads were denoised, merged and chimera 
checked using the “qiime dada2 denoise-paired” plugin; 
forward and reverse reads were truncated at 261 bp and 229 
bp, respectively [20]. To remove spurious reads, we filtered 
amplicon sequences variants (ASVs) shorter than 400 bp, 
ASVs fewer than 222 reads and are in less than 6% of total 
samples. Potential PCR contaminants were removed by 
excluding any ASV with a higher mean read count in the 
no template controls (n = 6, case; n = 1, control) than in 
the biological samples (cases or controls). A rarefied table 
was constructed using scaling with ranked subsampling 
(SRS’; “qiime srs SRS” plugin) based on the sample with 
the lowest read frequency (Cmin = 7,730, SGH025) [21]. 
Rarefaction curves for case-control were calculated using 
“qiime diversity alpha-rarefaction” command with 100 sub-
sampling iterations to a maximum depth of 35,000 reads 
and plotted using tidyverse v2.0.0 [22]. The rarefied table 
was used for alpha- and beta-diversity measures using the 
commands “qiime diversity alpha” for Shannon, Observed 
ASVs and Pielou’s evenness and “qiime diversity beta” for 
Aitchison distance. ASVs were classified against a region-
specific database (V3-V4 SILVA SSU release 138) using the 
“qiime feature-classifier classify-sklearn” plugin [23, 24]. 
The “qiime sample-classifier classify-samples” plugin with 
random state = 666, estimator = 100, was used to construct 
the random forest classification model to identify genera 
that are significantly associated with case-control status 
[25]. The dataset was automatically split into a training set 
(80%) for model internal cross-validation and a held-out 
test set (20%) for independent evaluation of classifier accu-
racy. Model performance was assessed using the test set 
by calculating the overall accuracy and the Area Under the 
Receiver Operating Characteristic (AUROC) curve, which 
measures the classifier’s ability to distinguish between the 
different cohort groups. The “qiime feature-table filter-sam-
ples” command was used to filter samples to the different 
stratified groups.

2.3  Statistical tests

Beta-diversity and beta-dispersion differences were evalu-
ated using the pairwise permutational analysis of variance 
(PERMANOVA) and pairwise permutational multivari-
ate analysis of dispersion (PERMDISP) (9,999 permuta-
tions), respectively via the respective qiime commands 
“qiime diversity beta-group-significance” command [26]. 

To evaluate beta-diversity group significance, the PER-
MANOVA test was performed using ADONIS “qiime 
diversity adonis” and the formula=Aitchison distance ~ 
case-control + age + smoking history + sex + ethnicity [26, 
27].

Plots and statistical tests including Wilcoxon rank-sum 
test with Benjamini Hochberg false discovery rate adjusted 
p-values (q-values), one-way ANOVA, Chi-square test 
and Spearman’s correlation were performed using RStu-
dio v2024.09.1 + 394 loaded with R v4.4.2 and relevant R 
libraries tidyverse v2.0.0 for data handling, DT v0.3.3 to 
handle JavaScript library tables and qiime2R v0.99.6 for 
heatmaps, principal coordinate analysis (PCoA), boxplots, 
and stacked bar-plots [22, 28–30]. Inverse probability 
weighting (IPW) was employed in the comparison of alpha-
diversity between cases and controls to adjust for potential 
confounders. Propensity scores (PS) were estimated via 
a generalized linear model (GLM) with a logit link func-
tion, using cohort status as the outcome and age, sex, and 
smoking history as covariates. Each sample was assigned a 
weight equal to the inverse of the probability of receiving its 
observed cohort assignment: 1/PS for cases and 1/(1-PS) for 
controls. Inter-group differences were assessed using survey 
weighted GLMs via the survey package v4.4.8 in R, where 
a Gaussian family was used for continuous indices (Shan-
non and Pielou’s evenness) and a quasipoisson family was 
used for Observed ASVs to account for the discrete nature 
of count data and potential overdispersion [31]. Differential 
abundance analysis was performed at the genus level using 
analysis of composition of microbiomes with bias correc-
tion v2.8.1 (ANCOM-BC2) method with linear regression 
and Dunnet’s test for multiple-pairwise comparisons, apply-
ing Holm-Bonferroni for p-value adjustment [32–34]. Taxa 
that did not pass the ANCOM-BC2 sensitivity test were 
regarded as false positives and omitted unless otherwise 
stated. Non-pseudo-count robust centered-log ratio (RCLR) 
normalization method based on geometric mean of the 
observed (non-zero) features was calculated as previously 
described [35]. To assess the relationship between case-con-
trol based on the RCLR normalized data, a linear regression 
model was fitted using the lm function in R.

3  Results

3.1  Characteristics of the study population

Cases and controls had comparable BMI and ethnic distribu-
tion but differed in age, sex, and smoking history (Table 1). 
Among lung cancer patients, adenocarcinoma and other 
non-small cell lung cancers were the predominant subtypes, 
with most patients diagnosed at stage IV (80.9%). Among 
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lung cancer patients, the distribution of never- and ever-
smokers was similar (Table 1).

3.2  Diversity of sputum microbiota differs between 
case and control groups

The sputum microbial ASV diversity in lung cancer patients 
(n = 70) exhibited significantly lower overall genus rich-
ness compared to control (n = 47) group, as evidenced by 
the Shannon index and observed ASV richness (Fig. 1A-B). 
However, no significant difference was observed in Pielou’s 
evenness between cases and controls (Fig.  1C). Alpha-
diversity did not correlate with increasing BMI or age (Sup-
plementary Fig. S2). Beta-diversity analysis using ADONIS 
on the Aitchison distance matrix identified case-control sta-
tus (cancer vs. healthy), sex (male vs. female), age (defined 
as age at diagnosis for cases or age at sputum collection 
for controls), and smoking history (never-smoker vs. ever-
smoker) as significant contributors to microbiota variation 
(in order of decreasing effect size) (Fig. 1D). These differ-
ences are visualized using principal component analysis 
(PCoA) plots (Fig. 1E, F, G and H). Notably, beta-dispersion 
(PERMDISP) differed significantly between never-smokers 
and ever-smokers, potentially confounding the statistical 
significance indicated by PERMANOVA (Fig. 1H).

3.3  Random forest microbiota profile models 
identified bacterial genera that delineate case-
control

We performed random forest classifier analysis to identify 
microbial genera that best distinguish between cases and 
controls. The top 20 most predictive genera accounted for 
53% of the classifier’s total importance score (Fig.  2A). 
The classifier demonstrates an overall accuracy of 87.5% 
(Cancer = 92.9% and Healthy = 80%) (Supplementary Fig. 
S3). When comparing relative abundances, 19 of the 20 
predictive taxa were significantly different in mean relative 
abundances, supporting their role as distinguishing features 
between cases and controls (Fig.  2B). Of these 19 taxa, 
Abiotrophia, and Clostridia UCG-014 were the only taxa 
with significantly higher mean relative abundance in the 
case than control. Only Rothia did not exhibit significant 
differences in relative abundances between cases and con-
trols (Fig. 2B).

3.4  [Eubacterium] nodatum group, Mogibacterium, 
and Campylobacter as inverse taxonomic markers 
for lung cancer

We performed differential abundance analysis to comple-
ment random forest approach to identify distinguishing 

Table 1  Characteristics of the study population
Variable Total 

(n = 117)
Cases 
(n = 70)

Controls 
(n = 47)

p-value

Age, years 
(mean ± SD)

55.70 ± 15.90 62.00 ± 10.96 46.32 ± 17.54 < 0.001a

(min – max) (22.00–
84.00)

(36.00–
84.00)

(22.00–
71.00)

BMI, kg/m2 
(mean ± SD)

23.25 ± 4.72 23.98 ± 5.40 22.82 ± 3.44 0.423a

(min – max) (16.03–
52.52)

(17.26–
52.52)

(18.34–
30.67)

Sex (n, %)
Male 68 (58.1) 52 (74.3) 16 (34.0) < 0.001b

Female 49 (41.9) 18 (25.7) 31 (66.0)
Ethnicity (n, %)
Chinese 95 (81.9) 51 (73.9) 44 (93.6) 0.096b

Malay 16 (13.8) 14 (20.3) 2 (4.3)
Indian 1 (0.9) 1(1.4) 0 (0)
Others 4 (3.4) 3 (4.3) 1 (2.1)
Treatment naïve (n, %)
No - 41 (58.6) -
Yes - 29 (41.4) -
Smoking history (n, %)
Ever-smoker 39 (33.3) 36 (51.4) 3 (6.4) < 0.001b

Never-smoker 78 (66.7) 34 (48.6) 44 (93.6)
Lung cancer subtype (n, %)
Non-small 
cell lung 
cancer 
(NSCLC)c

- 56 (80.0) -

Adenocarci-
noma

- 32 (45.7) -

Squamous 
cell lung 
cancer

- 4 (5.7) -

Other non-
small cell 
cancer

- 20 (28.6) -

Small cell 
lung cancer 
(SCLC)

- 11 (15.7) -

Other/
unspecified 
cell type

- 3 (4.3) -

Lung cancer staging (n, %)
Stage I - 2 (2.9) -
Stage II - 5 (7.1) -
Stage III - 8 (11.4) -
Stage IV - 55 (78.6) -
Abbreviations: SD, standard deviation; BMI, body mass index
aOne-way ANOVA test
bChi-square test of significance
cIncludes undifferentiated malignant tumor with uncertain histogen-
esis; keratinizing squamous cell carcinoma; subtype favor poorly 
differentiated squamous cell carcinoma; lymphoepithelioma-like 
carcinoma; mucinous adenoma of lung
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Fig. 1  Lower species richness of lung microbiome in patients with lung 
cancer compared to healthy controls. A) Shannon index, B) observed 
ASVs, and C) Pielou’s evenness. Differences between groups were 
assessed using generalized linear models (GLMs). D) A barplot show-
ing factors ranked by the proportion of variance (R2) explained in 
Aitchison distance (ADONIS). E, F, G, H) Principal Coordinate Anal-
ysis (PCoA) plots showing the first two principal coordinate axes (PC) 
that represent the same Aitchison distances among sputum microbiota 
(N = 117) samples. The first two axes represent 16.05% of the total 

variance. E) Case-control groups group, Cancer (n = 70) and Healthy 
(n = 47) samples. F) Sex group, Male (n = 68) and Female (n = 49). G) 
Each color represents the individual age at the time of sample collec-
tion. H) Smoking history as in ever-smoker (n = 39) vs. never-smoker 
(n = 78). The pairwise PERMANOVA and PERMDISP analyses for 
the categories are indicated in the PCoA plots except for the age 
group which was calculated using ADONIS. Statistical significance is 
denoted as ‘***’ with p-value ≤ 0.001, ‘**’ with p-values < 0.01. and 
‘*’ with p-values < 0.05, and NS (not significant, p-value > 0.05)
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cancer patients within the same smoking category (Fig. 3). 
This was supported by differential abundance analysis of 
stratified analysis within the never-smoker subgroup, where 
seven genera were identified (Supplementary Table S1). 
Among them were the same five taxa, including Mogibac-
terium, that showed consistency in the primary adjusted 
analysis. Notably, while Lactobacillus was significantly 
enriched in the cancer group, it did not pass the pseudo-
count sensitivity test within the never-smoker cancer group, 
likely due to the reduced sample size of lung cancer cases 
among never-smokers (Supplementary Table S1). A similar 
analysis was not performed for ever-smokers (n = 3) owing 
to the small sample size among controls. [Eubacterium] 
nodatum group, Mogibacterium, and Campylobacter were 
also among the top 20 predictive taxa identified via random-
forest that had significantly different relative abundances 
between case-control, highlighting their potential as inverse 
taxonomic markers for lung cancer (Fig. 2).

Since pseudo-count normalization methods may bias 
compositional data [35], we performed secondary analysis 

microbial genera between cases and controls. After adjusting 
for smoking history, sex, and age, five genera showed sta-
tistical significant differences between the two groups that 
passed the pseudo-count sensitivity test (Table 2). Of these, 
Lactobacillus was enriched in lung cancer cases, and four 
genera were depleted (Table 2). When stratified by smok-
ing status, Mogibacterium was significantly more abundant 
among healthy never-smokers but was not detected in most 

Table 2  Differentially abundant taxa between lung cancer and healthy 
control groups using ANCOM-BC2, adjusting for sex, smoking his-
tory, and age
Taxon Log Fold Change 

between cancer 
cases and controls

Dun-
net’s test 
(q-value)

Sensitiv-
ity test
passed?

Lactobacillus 1.727 2.2 × 10− 4 Yes
[Eubacterium] 
nodatum group

-1.067 0.034 Yes

Mogibacterium -1.064 0.038 Yes
Campylobacter -0.970 0.032 Yes
Rothia -1.252 0.048 Yes

Fig. 2  Top 20 genera predictive of cancer-control status identified by 
random forest classifier analysis. A) Variable importance plot showing 
the top 20 taxa ranked by importance score. B) Boxplot showing rela-
tive abundance of the corresponding taxon. Statistical significance is 

denoted as ‘*’ for q-value < 0.05, ‘**’ for q-value < 0.01, and ‘***’ for 
q-value < 0.001 based on pairwise Wilcoxon rank-sum test with Ben-
jamini Hochberg false discovery rate adjusted p-values. Genus level 
taxonomy is based on a SILVA 138 pre-trained rRNA gene classifier
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abundant in ever-smokers. However, after adjusting for 
sex, and age, no differentially abundant taxa was identified 
between ever- and never-smokers. Comparing small-cell 
carcinoma to non-small cell carcinoma subtypes, Tannerella 
(LFC − 1.589; q-value = 0.005) was significantly less abun-
dant in small-cell lung cancer compared to non-small cell 
lung cancer. No taxa were differentially abundant between 
the remaining subtypes and non-small cell lung cancer as 
the reference.

3.6  Sex as a factor that differentiates the sputum 
microbiota of cancer and control groups

As beta-diversity differed significantly between males and 
females, regardless of case-control status, we stratified the 
samples by sex to identify sex-specific microbial signa-
tures. We found that the Aitchison distances between cases 
and controls remained significantly different for both sexes 
(Fig. 4).

We compared the top 10 most abundant bacterial phyla 
and families in male and female participants across cancer 
and control groups (Supplementary Fig. S6). The commu-
nity structure at the phylum-level, regardless of sex, was 
largely represented by the same ten phyla, with Desulfo-
bacterota showing low prevalence (~ 5% of male samples 
and 11.7% of female samples) and low abundance (median 
relative abundance ~ 0.2% of positive male samples and 
~ 0.02% positive female samples). At the family level, com-
munity structures showed modest differences, in the order 
of a few families such as Prevotellaceae and Neisseriaceae 
between sexes (Supplementary Fig. S6). We also compared 
the top 20 most abundant bacterial genera in sex-stratified 
cases to identify four genera that differed between male and 
female cancer cases, namely Staphylococcus, and Lactoba-
cillus in males and the uncultured TM7x and Klebsiella in 

using RCLR coupled with linear regression to validate the 
results from ANCOM-BC2. While both methods identi-
fied a depletion of Campylobacter and Rothia in the cancer 
group, contradictory differential outcomes were observed 
for [Eubacterium] nodatum group and Mogibacterium. This 
discrepancy was driven by the low prevalence of these taxa 
in the cancer group (Supplementary Table S2 and Supple-
mentary Fig. S4). Based on the abundance of distributions 
between normalization methods, ANCOM-BC2 provided a 
more biologically plausible representation of the community 
shift, especially for taxa sensitive to pseudo-count transfor-
mation. Consequently, ANCOM-BC2 was retained as the 
primary method for all subsequent downstream analyses.

3.5  Cancer subtype accounts for the largest 
variation in microbiota composition

We further examined the cancer group to assess associations 
between clinical parameters and sputum microbiota, using 
permutational multivariate analysis of variance (ADONIS) 
to determine whether Aitchison distances varied within 
cases. Of the factors tested, lung cancer subtype (small-cell 
carcinoma, non-small cell carcinoma and others) accounted 
for the largest variation in microbial composition, followed 
by sex and age, based on Adonis R2 values (Supplementary 
Table S3). Other variables including hospital, smoking his-
tory, cancer stage, ethnicity, treatment status, and BMI did 
not significantly influence microbiota composition (Supple-
mentary Tables S3 and S4). Furthermore, no statistical dif-
ferences in alpha-diversity indices were observed between 
the cancer subtypes (Supplementary Fig. S5) with age and 
BMI (Supplementary Fig. S2).

We performed differential abundance analysis on the 
sputum microbiota of cancer patients to identify taxa asso-
ciated with smoking history. Actinomycetaceae_F0332 
(LFC=-0.985; q-value = 0.011) was significantly less 

Fig. 3  Relative abundance of 
Mogibacterium in case-control 
groups, stratified by smoking 
history. A) Lung cancer cases and 
B) Healthy controls. Statistical 
significance is denoted as ‘*’ for 
q-value < 0.05 based on Wilcoxon 
rank-sum test with Benjamini 
Hochberg false discovery rate 
adjusted p-values
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the cancer group, with Lactobacillus being the only genus 
enriched among male lung cancer patients (Table 3; Fig. 6).

When examining never-smokers stratified by sex, Actino-
bacillus was the only genus significantly enriched in the male 
non-smoker cancer group (LFC = 3.57; q-value = 5.5 × 10− 4). 
However, this taxon did not pass the pseudo-count sensitiv-
ity test. No significant taxa were identified when comparing 
cancer and healthy groups among female never-smokers, 

females. Most genera were still statistically more abundant 
in healthy controls compared to cancer cases (Fig. 5).

ANCOM-BC2 analysis stratified by sex was conducted 
to identify sex-specific differentially abundant taxa between 
case and control groups. Among females, six genera were 
significantly less abundant in the cancer group compared 
to the control group (Table 3). In males, three of the four 
differentially abundant taxa were also less abundant in 

Fig. 5  Top 20 bacterial genera differentially abundant between lung 
cancer cases and healthy controls, stratified by sex. Each boxplot 
shows the relative abundance of the corresponding taxon arranged 
from highest to lowest mean relative abundance. Statistical signifi-

cance is denoted as ‘*’ for q-value < 0.05), ‘**’ for q-value < 0.01 and 
‘***’ for q-value < 0.001 based on pairwise Wilcoxon rank-sum test 
with Benjamini Hochberg false discovery rate adjusted p-values. Sex-
specific taxa are shown in red

 

Fig. 4  Beta-diversity (Aitchison distance) of sputum microbiota 
between case-control, stratified by sex. A) Male cancer (n = 52) and 
healthy (n = 16) groups. B) Female cancer (n = 18) and healthy (n = 31) 

groups. The global PERMANOVA and PERMDISP tests are shown in 
the plots. Variance for each axis is shown in parenthesis
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study showed similar evenness between lung cancer patients 
and those with pulmonary disease [38], suggesting that the 
relative distribution of taxa remains similar between lung 
cancer cases and controls, even as the overall community 
composition differs. Microbial composition and structure 
appeared to be influenced by cancer status (case vs. con-
trol), demographic factors (age and sex), and tumor subtype, 
highlighting potential relevance to lung cancer outcomes 
that warrants further investigation in larger cohorts. While 
dynamic changes in the gut microbiome across the human 
lifespan are well-documented, temporal shifts in the lung 
microbiome during cancer progression remain understud-
ied [39]. Several taxa previously implicated in lung cancer 
[40, 41], including Veillonella and Megasphaera, have also 
been reported in other chronic respiratory diseases such as 
COPD [42, 43], where they are often associated with airway 
inflammation, microbial dysbiosis, and disease severity. 
However, in contrast to some earlier lung cancer studies, 
we did not observe differential abundance of these genera 
between cases and controls in either sex, which may likely 
reflect differences in sample type (sputum versus bronchoal-
veolar lavage or tissue), analytical approaches, population 
characteristics, and disease stage. In particular, microbial 
patterns reported in COPD are often shaped by chronic air-
way inflammation, frequent corticosteroid use, and recurrent 
exacerbations, which may not mirror the airway ecology of 
lung cancer, especially in late-stage disease [44, 45].

In addition, despite smoking being a major risk factor, 
we could not conclusively determine whether smoking his-
tory has a significant effect on beta-diversity. This is due to 
the significant dispersion between ever- and never-smokers, 
suggesting greater inter-individual variability among smok-
ers, which violated the homogeneity assumption and limited 
the interpretability of PERMANOVA results. Similar chal-
lenges have been reported in COPD microbiome studies, 
where smoking and disease heterogeneity both influence 
microbial composition and can obscure disease-specific 

suggesting that smoking status may be a primary driver of 
microbial shifts in this cohort. Finally, we summarized all 
taxa found to be differentially abundant between cases and 
controls, as well as within cases (Fig. 7).

4  Discussion

To our knowledge, this is the first study comparing the 
respiratory microbiota of lung cancer patients and healthy 
controls in Singapore and Southeast Asia. Consistent with 
prior observational studies, we observed significant dif-
ferences in alpha-diversity specifically genus richness and 
beta-diversity (overall community composition and struc-
ture) between lung cancer cases and controls [14, 36, 37]. 
Notably, while genus evenness is less commonly analyzed 
between lung cancer patients and healthy controls, one 

Table 3  ANCOM-BC2 analysis using the control group as reference. 
Samples were stratified by sex (male/female) before ANCOM-BC2 
analysis and results are reported separately
Taxon Log Fold 

Change in 
cancer case-
control groups

Dun-
net’s test 
(q-value)

Sensi-
tivity 
test
passed?

Female
Peptococcus -1.709 0.001 Yes
[Eubacterium] nodatum 
group

-1.693 0.008 Yes

Aminipila -1.612 0.001 Yes
Peptostreptococcus -1.406 0.045 Yes
Candidatus_Saccharimonas -1.366 0.028 Yes
Campylobacter -1.158 0.027 Yes
Male
Lactobacillus 2.620 9.6 × 10− 8 Yes
Parvimonas -1.416 0.0069 Yes
Peptococcus -1.348 0.0226 Yes
Mogibacterium -1.246 0.0126 Yes
Taxon common to both sexes are shown in bold

Fig. 6  Boxplots showing the 
relative abundance of Lacto-
bacillus in cases and controls, 
stratified by sex. A) Cancer 
cases and B) Controls. Statisti-
cal significance is denoted as 
‘**’ for q-value < 0.001 based on 
pair-wise Wilcoxon rank-sum test 
with Benjamini Hochberg false 
discovery rate adjusted p-values. 
Statistically non-significant 
results (q-value > 0.05) are not 
shown
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microbiome remain unclear [52, 53]. Sex-based immune 
dimorphism, known to shape microbiomes at other body 
sites [54], may partly explain these differences [55]. Spe-
cifically, we identified Lactobacillus, a genus with known 
associations to cancer biology, as one of the sex-specific dif-
ferentially abundant taxa in our study. Males tend to have 
a higher prevalence of smoking, and smoking is known to 
alter airway pH, oxidative stress, and mucosal immunity, 
creating conditions that favor stress-tolerant taxa such as 
Lactobacillus [56–58]. While strongly sex-associated taxa 
were not observed within never-smokers, this pattern may 
differ in smokers, where smoking has been associated 
with differential gene expression in the airways of males 
and females [55]. Whether changes in gene expression 
and immune responses between sexes may differentially 
affect airway microbiota remains to be fully elucidated. 
Furthermore, the identification of Lactobacillus could be 

signals. For instance, COPD sputum microbiomes differ 
markedly from healthy subjects independent of smoking 
history, highlighting complex interactions between exposure 
and disease effects on airway microbiota [46]. Moreover, 
cigarette smoke-induced dysbiosis in lung microbiomes 
highlights how exposure-related effects may overlap with 
disease-associated microbial changes [47]. Nevertheless, 
an uncultured Actinomycetaceae strain F0332, previously 
identified from oral metagenomes, was differentially less 
abundant in ever-smokers. Given the known role of Actino-
mycetaceae (e.g., Actinomyces israelii) in pulmonary infec-
tions, future culture-based studies are needed to clarify its 
role in smoking-related lung cancer [48, 49].

In our study, both age and sex appeared to influence air-
way microbiota composition [50, 51]. Previous research 
has shown sex-specific variations in lung function and 
immune responses, though consistent differences in the lung 

Fig. 7  Statistically significant 
differentially abundant features 
by case-control status and within 
cases analysis using ANCOM-
BC2. Bacteria are ordered by 
increasing q-values (Wilcoxon 
rank-sum test with Benjamini 
Hochberg false discovery rate 
adjusted p-values)
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Importantly, while we employed stratified analyses 
and statistical adjustments to account for key covariates, 
including age, smoking history, and lifestyle factors, these 
host-related variables may still partially contribute to the 
observed microbial patterns between cases and controls. For 
example, of the three genera that may be inverse taxonomic 
markers for lung cancer, only Eubacterium spp. are associ-
ated with beneficial properties in the gut such as modulating 
gut inflammation through butyrate and propionate produc-
tion and may also be an important member in the lung-gut 
axis [70]. Mogibacterium and Campylobacter tend to be 
associated with adverse clinical outcomes such as early-
stage lung cancer or pulmonary diseases such as COPD 
and idiopathic pulmonary fibrosis [10, 44, 71–73]. As such, 
residual confounding cannot be fully excluded, and some of 
the observed enrichments or depletions may reflect complex 
interactions between host and environmental factors rather 
than lung cancer alone. Consequently, while several taxa 
appear associated with lung cancer status, these findings 
should be interpreted as associative and influenced by inter-
acting demographic and environmental factors, rather than 
solely attributable to lung cancer itself. While our random 
forest classifier achieved high diagnostic accuracy (87.5%) 
in distinguishing lung cancer cases from healthy controls, 
we acknowledge that these findings are derived from a 
multi-center case-control study. The high degree of over-
lap between the top predictive features of the classifier and 
those identified via univariate differential abundance test-
ing (ANCOM-BC2) provides greater credence to these taxa. 
Nevertheless, independent validation in larger, prospective 
cohorts is required to establish a ‘core’ microbial signature 
for lung cancer. Future studies should prioritize the recruit-
ment of balanced cohorts for key covariates, such as age 
and smoking history, to enable the use of causal inference 
methods, such as two-sample Mendelian randomization, in 
validating robust taxonomic signatures of lung cancer [74].

5  Limitations

This study has several limitations that warrant consider-
ation. First, due to the limited sample size, we were unable 
to match cases and controls by key demographic and 
clinical variables, including ethnicity, age, sex, and smok-
ing history; however, we adjusted for these potential con-
founders in our statistical models. Notably, while smoking 
is a primary driver of lung cancer, the limited number of 
smokers in our control group constrained our compara-
tive analysis. Furthermore, we acknowledge that metadata 
regarding antibiotic use was unavailable for the healthy 
cohort, which remains a potential confounding factor in 
our microbiome findings. Second, while smoking history 

confounded by exogenous factors such as medication and 
probiotic use. Importantly, adjustment for smoking status 
may not fully capture cumulative exposure or smoking-
related biological effects, and residual confounding is likely. 
Consequently, these findings likely reflect a combination of 
smoking-associated microbial selection and sex-specific 
host factors rather than a direct causal role.

Furthermore, while generally considered beneficial in the 
gut, Lactobacillus has also been linked to progression in dif-
ferent cancers including lung cancer [59–62]. The accumu-
lation of lactate in tumors is now known to influence cancer 
epigenetics through changes in cell signaling pathways and 
a post-translational modification known as histone lacty-
lation that may exacerbate cell proliferation [63]. However, 
a causal link between Lactobacillus presence and patho-
logical lactic acid accumulation remains to be definitively 
proven. Lactobacillus also plays a role in chronic respira-
tory conditions like bronchiectasis [61] and gut-lung axis 
communication [62, 64], highlighting its capacity to influ-
ence airway microbial communities through systemic inter-
actions with the gastrointestinal microbiome. Therefore, its 
enrichment in lung tumors in our study suggests a potential 
role in tumor immune modulation and metabolism, warrant-
ing further investigation [65]. Understanding these interac-
tions may provide mechanistic insights into how systemic 
microbiota contributes to lung cancer development and pro-
gression and may inform future biomarker or therapeutic 
strategies targeting both gut and airway microbiomes.

As the oral-lung axis is connected, microbes from the 
mouth are inevitably present in the sputum microbiota. A 
prospective study showed that reduced oral microbiome 
diversity from oral washes may increase lung cancer risk, 
prompting efforts to identify microbial taxa that could serve 
as early risk biomarkers [37]. In our study, many bacterial 
genera identified were common to oral flora, which might 
not fully represent the lung microbiome. Specifically, Abio-
trophia was enriched in lung cancer sputum [66], and Tan-
nerella was associated with periodontitis and esophageal 
adenocarcinoma [67, 68]. Interestingly, most differentially 
abundant genera in our cohort were more prevalent in 
healthy controls than in lung cancer cases, possibly reflect-
ing the predominance of late-stage disease, limiting insights 
into microbial changes during early phases of tumorigen-
esis. Similar stage-dependent microbial shifts have been 
observed in COPD and bronchiectasis, where advanced 
disease is often associated with reduced diversity and loss 
of previously prevalent taxa. For example, while Campylo-
bacter is frequently associated with COPD and lung infec-
tions, it was depleted in lung cancer cases, suggesting that 
its role may decline with disease progression due to changes 
in lung microenvironments [69].
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clinically actionable microbiome-based strategies for lung 
cancer prevention and care in Southeast Asian populations.

6  Conclusion

In summary, we identified several differentially abundant 
bacterial genera in the sputum microbiome of lung cancer 
cases, as well as between cases and healthy controls in a 
multiethnic Southeast Asian population. Longitudinal stud-
ies with targeted sampling are needed to better understand 
microbiome dynamics over time and during lung cancer pro-
gression. Larger studies with more diverse patient popula-
tions will be essential to validate and extend these findings.
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was complete, recall bias from self-reported data may have 
affected exposure classification. Third, the predominance of 
stage IV cancer cases limited our ability to explore micro-
bial features associated with cancer stage using differential 
abundance and random forest analyses. Therefore, to miti-
gate confounding, linear regression models were adjusted 
for relevant covariates where appropriate. Fourth, due to the 
cross-sectional design of our study, causal inferences cannot 
be made regarding the observed microbiome differences; it 
remains unclear whether these microbial alterations precede 
or result from lung cancer development. Longitudinal studies 
are needed to ascertain the temporal dynamics and potential 
causal relationships between microbiome composition and 
lung cancer development. Fifth, potential contamination of 
sputum samples with oral microbiota limits their utility in 
characterizing the lower respiratory tract. While invasive 
methods like bronchoalveolar lavage are routinely used for 
diagnostic purposes, the degree of oral contamination inher-
ent to these procedures in microbiome studies is still being 
evaluated [75, 76]. Moreover, these invasive techniques are 
difficult to implement in large-scale studies of healthy popu-
lations, complicating efforts to define a baseline for healthy 
lung microbiome. Lastly, due to the compositional nature 
of the data and the high prevalence of sparse taxa, certain 
data manipulation methods, such as the addition of pseudo-
counts or robust centered log-ratio transformation may still 
introduce false positives, as highlighted here and in other 
studies [77, 78]. Our analysis and others suggest that lever-
aging pseudo-count sensitivity methods like ANCOM-BC2, 
combined with FDR correction, machine learning valida-
tion and stratification, provides a more robust approach to 
limiting false positives and ensuring the reliability of identi-
fied biomarkers [79–81].

Despite these limitations, this work represents the first 
study in Singapore and Southeast Asia to identify sex-
specific lung cancer-associated taxa. Future validation 
efforts should ideally employ consistent amplicon sequenc-
ing methodologies (e.g., identical 16S rRNA primers and 
thermal cycling conditions) to ensure comparability. Our 
findings offer preliminary insights into potential airway 
microbiome–lung cancer associations that may inform 
future efforts to identify potential early microbial biomark-
ers in Southeast Asian populations. Validation in larger, pro-
spective cohorts is needed to assess the clinical utility of 
microbial signatures for early detection, risk stratification, 
and treatment response, as well as to confirm the robust-
ness and clinical relevance of these findings. Longitudinal 
studies tracking microbial shifts before and after diagnosis 
or treatment may also offer insights into microbiota dynam-
ics during disease progression. Lastly, integrating microbial 
profiling with host genomic, immunologic, and clinical data 
may further clarify host–microbe interactions and guide 
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