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Lung microbiota analysis in early-stage lung adenocarcinoma
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ABSTRACT Lung adenocarcinoma (LUAD) is a predominant subtype of lung cancer 
and is highly lethal. The lung tissue microbiota has been implicated in lung cancer 
biology but remains incompletely defined at early stages. We enrolled 40 patients 
with early-stage LUAD. After sequencing quality control, 34 early-stage LUAD tissues 
and 17 distal noncancerous lung (NC) tissues were retained, including 14 matched 
LUAD-NC pairs. Microbiota differences were profiled by 16S rRNA sequencing. Early-stage 
LUAD tissues contained more low-prevalence taxa, with higher richness metrics, but 
evenness-sensitive indices remained unchanged. β-Diversity analyses further supported 
that differences were driven primarily by the presence and absence of community 
membership rather than shifts in high-abundance taxa. Differential abundance analysis 
using MaAsLin2 identified a set of genera associated with early-stage LUAD, including 
unclassified_f__Oscillospiraceae and norank_c__Eremiobacteria, as well as several genera 
decreased in tumors. The microbial features identified through stability screening 
moderately distinguished early-stage LUAD from NC tissues in out-of-bag validation. 
Network analysis revealed denser and more clustered topology in early-stage LUAD 
along with a shift in central taxa compared with NC. Finally, inferences based on 
PICRUSt2 suggested redistribution of predicted functional potentials across modules 
linked to microbial cell-envelope programs, ecological interaction traits, and immunome­
tabolic pathways. These findings collectively reveal microbiota alterations in lung tissues 
associated with early-stage LUAD and support the feasibility of early detection based on 
microbiota characteristics.

IMPORTANCE Microbial dysbiosis has been recognized as a critical factor in the 
development of lung cancer, but most current research has focused on the gut rather 
than the lung microbiota. Identifying the key microbes involved in the development of 
lung adenocarcinoma is therefore essential. In this study, we analyzed the composition 
and structure of the microbiota in early-stage lung adenocarcinoma tissues in compari­
son to noncancerous lung tissues. Our findings provide novel insights into the diagnostic 
potential of the lung microbiota in early-stage lung adenocarcinoma and enhance our 
understanding of its involvement in tumor progression and the discovery of potential 
therapeutic targets.
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L ung cancer is one of the most prevalent malignancies worldwide, associated with 
high morbidity and mortality rates. Over 2.2 million people are diagnosed with 

lung cancer annually (1), imposing a substantial burden on society. Among lung cancer 
patients, 40% to 50% receive a diagnosis of LUAD (2), which is the most common 
type of non-small cell lung cancer (NSCLC). In clinical practice, initial evaluation relies 
primarily on imaging modalities, such as chest radiography, positron emission tomog­
raphy (PET), computed tomography (CT), and magnetic resonance imaging (MRI) (3). 
Although indispensable for detection and staging, imaging alone has limited specificity 
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for subtype classification and early lesion discrimination, and definitive diagnosis still 
depends on pathological assessment. Accordingly, complementary biomarkers that 
improve early-stage risk stratification and support subtype-specific diagnosis remain of 
interest, including microbial signals detected in respiratory specimens (4, 5).

The lung was long considered sterile, but recent studies have established that the 
lower respiratory tract harbors low-biomass microbial communities that vary with local 
environmental conditions (6–10). Alterations in the lung microbiota have been proposed 
to influence inflammation and disease progression (11–14). The enrichment of Strepto­
coccus and Veillonella in the lower airways has been associated with activation of ERK and 
PI3K signaling pathways, and interference of commensal bacteria can modulate tumor 
progression in mouse models (14, 15). These observations support the concept that 
characterizing lung microbiota alterations may provide insights into lung disease biology 
and inform biomarker development.

Recent work has begun to profile early-stage LUAD microbiota using diverse sampling 
strategies and analytical platforms (16–21). An integrative study combining ultra-deep 
metagenomics with host transcriptomics and proteomics in non-smokers with early-
stage LUAD reported multi-kingdom microbial signals and host-microbe correlations 
and proposed a six-bacterial-marker model for disease discrimination (21). In parallel, a 
biopsy-based profiling study has suggested that a limited set of tumor-associated genera 
can support classifier construction with high performance, highlighting the diagnostic 
potential of tissue microbial features (17). However, cross-study concordance of specific 
taxa remains a challenge, in part because microbial profiles are sensitive to sampling 
sites and to the methodological challenges of low-biomass tissue microbiota analysis 
(20).

In this study, early-stage LUAD tissues and partially matched noncancerous lung 
tissues were profiled by 16S rRNA sequencing, followed by contamination preprocess­
ing and mixed-effects modeling to account for patient-level pairing. In addition to 
identifying early-stage LUAD-associated taxa, a patient-level cluster-bootstrap stability 
selection framework was applied to derive a compact set of robust genus-level markers 
and to estimate out-of-bag performance. Correlation network analysis and functional 
inference using PICRUSt2 were further used to detect community restructuring and 
predicted functional remodeling in early-stage LUAD. Together, these analyses support 
the potential utility of lung tissue microbiota features as biomarkers for early-stage LUAD.

MATERIALS AND METHODS

Study design and samples

A total of 40 participants from Peking Union Medical College Hospital were recruited 
from June 2021 to June 2023. All patients were diagnosed with LUAD. Baseline clinical 
information included age, gender, tumor stage, smoking history, and other disease 
history (Table 1).

Inclusion criteria included subjects undergoing routine surgery at Peking Union 
Medical College Hospital who had not received antibiotic or neoadjuvant therapy within 
2 months before surgery, were aged 18 to 80 years, had a pathological diagnosis of LUAD 
with a single tumor, had no history of other cancers, and had no other lung diseases.

Sample collection

The LUAD tissues were collected during surgery. Immediately after the surgeon removed 
the lesion, the tissues were placed in liquid nitrogen for long-term storage. The lung 
cancer tissues were sectioned and further examined by the pathologist to ensure 
accurate lesion sampling. Additionally, distal noncancerous lung tissues from the same 
patients were collected at the same time. NC tissues were collected more than 5 cm 
away from the cancer lesion to avoid potential localized effects of the cancer. All devices, 
surgical instruments, and tissue collection tubes that came into contact with lung tissues 
during the process of sample collection were sterile.
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DNA extraction

To minimize environmental contamination, DNA extraction was conducted in a sterile 
and negative pressure isolator. The collected tissues were weighed and homogenized in 
lysis solution (10 mM Tris-HCl [pH 8.0], 0.1 M EDTA [pH 8.0], 0.5% SDS) with proteinase K 
(0.2 mg/mL). Then, DNA was extracted from the tissues using the DNeasy PowerSoil Kit 
(Qiagen, Germany). After DNA quantity and quality were determined using the Epoch2 
enzyme labeler (BioTek, USA), DNA was subjected to 16S rRNA amplicon sequencing.

16S rRNA amplicon sequencing

16S rRNA sequencing and microbial analysis of patient tissues were performed by 
Majorbio Bio-Pharm Technology Co. Ltd. (Majorbio, China). The bacterial 16S rDNA gene 
V3–V4 highly variable region was amplified using the following primers (338F: 5′- AC
TCCTACGGGGAGGCAGCAG-3′, 806R: 5′-GGACTACHVGGGGTWTCTAAT-3′) (22). The PCR 
products were purified using the AxyPrep DNA Gel Extraction Kit (Axygen, USA), followed 
by paired-end sequencing on the Illumina MiSeq PE300 platform (Illumina, USA). The 
Quantus Fluorometer (Promega, USA) was used to quantify the PCR products. The raw 
data obtained were demultiplexed and quality filtered by fastp (v0.23.4). The lysis buffer 
controls, DNA extraction blank reagent in the same batch, and PCR blank controls using 
DNA extraction blank were used as negative controls to assess background contamina­
tion. After quality control, 34 tumor samples and 17 distal noncancerous samples were 
retained, including 14 matched tumor-NC pairs. In total, microbial 16S rRNA sequencing 
data were obtained from 34 LUAD tissues and 17 NC tissues.

Microbiota data analysis

Sequencing reads were quality-filtered using fastp (v0.23.4) and merged using FLASH 
(v1.2.11). Merged reads were processed in QIIME 2 using the DADA2 plugin with 
default parameters for denoising, chimera removal, and inference of amplicon sequence 
variants (ASVs). Taxonomic assignment was performed using the QIIME 2 classify-sklearn 
(naive Bayes) classifier against the SILVA 138.2 (16S rRNA, Bacteria) reference database 
with a confidence threshold of 70%. To mitigate potential background contamination, 

TABLE 1 Clinical baseline characteristics of patients in this cohorta

Characteristics All Patients with retained 
tumor samples

Patients with retained 
noncancerous samples

N 40 34 17
Age (mean ± SD) 62.2 ± 10.5 62.9 ± 10.0 60.9 ± 10.4
Male/female (No.) 9/31 6/28 3/14
TNM tumor stage, n (%)
  IA1 3 (7.5) 2 (5.9) 3 (17.6)
  IA2 10 (25.0) 6 (17.6) 1 (5.9)
  IA3 15 (37.5) 14 (41.2) 5 (29.4)
  IB 8 (20.0) 8 (23.5) 8 (47.1)
  IIA 2 (5.0) 2 (5.9) –b

  IIB 2 (5.0) 2 (5.9) –b

Smoking status, n (%)
  Smoker 10 (25.0) 7 (20.6) 3 (17.6)
  Non-smoker 30 (75.0) 27 (79.4) 14 (82.4)
Suffering from other diseases
  Hypertension (yes), n 13 (32.5) 11 (32.4) 6 (35.3)
  Diabetes (yes), n 8 (20.0) 7 (20.6) 5 (29.4)
aFourteen patients contributed paired lung adenocarcinoma and noncancerous lung samples. Columns represent 
overlapping patient subsets.
b“–” indicates that the corresponding category was not observed in that subgroup and therefore no value is 
reported.
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sequences detected in negative controls were modeled and removed using SCRuB 
(23). Prior to downstream analyses, ASVs annotated as chloroplast or mitochondrial 
sequences were excluded, and low-prevalence features were filtered by retaining ASVs 
detected in at least two samples with a total abundance of ≥10 reads across the data set. 
Per-sample read depth distributions and read retention across filtering, denoising, and 
chimera-removal steps (including negative controls) are summarized in Table S1.

α-Diversity indices (Sobs, ACE, Chao1, Shannon, and Simpson) were calculated at the 
genus and ASV levels using data sets rarefied to the minimum sequencing depth (3,439 
reads per sample). Differences between early-stage LUAD and NC tissues were tested 
using linear mixed-effects models (LMM) with tissue type as a fixed effect and patient ID 
as a random intercept. Multiple testing across indices was controlled using the Benja­
mini-Hochberg procedure, and adjusted P values are reported as FDR. β-Diversity was 
assessed using Bray-Curtis, binary-Hamming, unweighted UniFrac, and weighted UniFrac 
distances. Principal coordinate analysis (PCoA) was used for ordination. Differences in 
community composition were tested by PERMANOVA (Adonis).

Differential taxa were identified using MaAsLin2 with the compound Poisson linear 
model (CPLM). Before modeling, genus-level features were filtered using a prevalence 
threshold of 15%. Tissue type was included as a fixed effect and patient ID as a random 
effect. Multiple testing was controlled using Benjamini-Hochberg correction. Adjusted P 
values were presented as q values, and taxa with q < 0.05 were considered significantly 
different. For LEfSe analysis, CPM-normalized abundances were used, and Kruskal-Wallis 
P < 0.05 with an LDA cutoff >3.5 was used to identify differential taxa.

Marker selection was conducted using a patient-level cluster bootstrap stability 
selection framework combined with an elastic net logistic regression model. Resampling 
was performed at the patient level to prevent information leakage between paired 
samples. Features were CLR-transformed after adding a pseudocount of 1 and subse­
quently Z-score standardized. The elastic net model was fitted during each bootstrap 
iteration. Classifiers were ranked by selection frequency, with stable selection markers 
defined as those exceeding a preset frequency threshold of 60%. Predictive performance 
was estimated from aggregated out-of-bag sample-level predictions and summarized 
using ROC-based metrics.

Correlation networks were inferred using Spearman correlations on the genus level. 
Edges were retained when |ρ| ≥ 0.7 and P < 0.05 (two-sided). Network topology was 
summarized using density and clustering coefficient. Node importance was quantified 
using degree centrality (DC), closeness centrality (CC), and betweenness centrality (BC). 
Robust key nodes were defined based on patient-level bootstrap stability and centrality 
ranking.

Functional potential was inferred from 16S profiles using PICRUSt2 to obtain 
predicted Level 3 pathway and KEGG Orthology (KO) abundances. Level 3 pathway 
abundances were normalized and CLR-transformed after adding a small pseudocount, 
and differences between tissue types were tested using LMM with patient ID as a 
random intercept. Multiple testing was controlled by the Benjamini-Hochberg proce­
dure. For KO-level analysis, KO sets linked to host-microbiota interaction processes 
relevant to lung cancer were curated from the literature (LPS/lipid A, peptidoglycan, 
secretion systems, biofilm/quorum sensing (QS), fatty-acid metabolism, beta-lactam 
resistance, SCFA metabolism, tryptophan/indole metabolism, redox/stress response, and 
nitrogen/sulfur metabolism) and grouped into functional modules. KO abundances were 
normalized and CLR-transformed with a small pseudocount, and KO associations with 
tissue type were tested using LMM. KO stability was assessed by leave-one-patient-out 
refitting, summarizing effects by the median LOPO effect estimate (β_median) and sign 
consistency. KOs were retained using pre-specified criteria including prevalence ≥ 0.20, 
|β_median| ≥ 0.30, and sign consistency ≥ 0.90. Retained KOs were partitioned into 
LUAD-upregulated and LUAD-downregulated subsets based on the sign of β_median, 
and direction-specific module scores were computed and tested using LMM, with 
Benjamini-Hochberg correction applied within each direction.
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Statistical analysis

Patient age was presented as the mean ± standard deviation (SD), and other charac­
teristics, including gender, tumor node metastasis (TNM) stage, and smoking status, 
were summarized as counts and percentages. Unless otherwise specified, statistical tests 
were two-sided. For analyses involving paired sampling, within-patient correlation was 
accounted for using LMM or patient-level resampling where applicable. PERMANOVA 
was performed using unrestricted permutations. All microbiota analyses were conducted 
in R (v4.4.3). Clinical characteristics comparisons were performed in SPSS v24 (SPSS Inc., 
IL). Graphs were plotted using GraphPad Prism v8.0 and R. A nominal P < 0.05 was 
considered statistically significant where applicable. Multiple-comparison correction was 
performed using the Benjamini-Hochberg procedure, with adjusted P values reported 
as FDR for LMM-based diversity and functional module analyses and as q values for 
MaAsLin2 differential abundance testing.

RESULTS

Clinical characteristics

We recruited 40 patients with unilateral lobar masses from Peking Union Medical College 
Hospital between 2021 and 2023. All of them were newly diagnosed with early-stage 
LUAD through pathological examination. The detailed clinical characteristics of all 
patients, including age, gender, TNM stage, and smoking status, are shown in Table 
1. Thirty-one patients were female (77.5%) with an average age of 62.2 years. Most 
patients were non-smokers (30/40, 75.0%), whereas 10/40 (25.0%) reported a smoking 
history. None of them had received anticancer treatment, radiation therapy, or antibiotics 
within the two months prior to the study. A total of 34 tumor tissue samples and 17 
noncancerous lung samples from LUAD patients were retained for downstream microbial 
analysis.

Microbial profile of early-stage lung adenocarcinoma tissues

Sequencing reads from NC tissues and early-stage LUAD tissues were denoised into 2,711 
ASVs, which were further taxonomically categorized into 30 phyla and 659 genera. Venn 
diagrams showed a marked imbalance in shared versus unique features between groups, 
indicating an expansion of low-prevalence and low-abundance taxa in tumors (Fig. 1A). 
Then, we characterized the composition of bacterial communities at different taxonomic 
levels. At the phylum level, Pseudomonadota, Bacteroidota, Bacillota, and Actinobacteriota 
predominated in both NC and early-stage LUAD tissues (Fig. 1B and E). At the family level, 
early-stage LUAD tissues showed a higher relative contribution from Bacillales-related 
lineages, including Bacillaceae, Rhizobiaceae, and Paenibacillaceae (Fig. 1C). At the genus 
level, Achromobacter remained the most abundant genus in both groups but showed a 
lower relative abundance in early-stage LUAD tissues (Fig. 1D). Notably, Ketobacter was 
detectable in early-stage LUAD tissues (mean relative abundance 6.9%) but was rare or 
absent in NC tissues (Fig. 1D and F). In addition, several LUAD-associated genera, such as 
Bacillus and Devosia, were observed at higher relative abundances in early-stage LUAD 
tissues (Fig. 1D and F). Overall, these results indicate that early-stage LUAD tissues retain 
a broadly similar high-level taxonomic composition to NC tissues, while exhibiting an 
increased representation of additional taxa at genus and ASV level.

Next, we assessed the α-diversity of the microbiota. At the genus level, richness-
related indices, including Sobs and Chao1, were significantly higher in early-stage LUAD 
tissues compared to NC tissues (FDR < 0.05; Fig. 2A). Conversely, Shannon and Simpson 
indices showed no significant differences between groups, which are sensitive to 
evenness (FDR > 0.05; Fig. 2A). α-Diversity at the ASV level did not differ significantly 
between early-stage LUAD tissues and NC tissues (FDR > 0.05; Fig. 2B). Together, these 
results indicate that LUAD-associated changes are driven primarily by increased taxa 
richness rather than global shifts in community evenness.
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β-Diversity was assessed by PCoA based on Bray-Curtis, binary-Hamming, unweigh­
ted UniFrac, and weighted UniFrac distances at the genus level (Fig. 2C through F). 
Significant separation between early-stage LUAD and NC tissues was observed using 
binary-Hamming and unweighted UniFrac distances (P < 0.05; Fig. 2D and E), both of 

FIG 1 Microbial community composition in NC and early-stage LUAD tissues. (A) Venn diagrams showing shared and unique taxa between NC and LUAD groups 

at the phylum, genus, and ASV levels. (B–D) Stacked bar plots showing relative abundances of major taxa at the phylum (B), family (C), and genus (D) levels. (E 

and F) Circos plots summarizing the compositional distribution of the lung microbiota between groups at the phylum (E) and genus (F) levels.
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which emphasize community membership and are more sensitive to low-abundance 
taxa. In contrast, abundance-weighted metrics did not show significant separation (Fig. 
2C and F). Collectively, these findings support the existence of lung microbiota composi­
tion alterations driven by the presence or absence of microbial community members in 
early-stage LUAD tissues, consistent with the expansion of low-prevalence taxa observed 
at the genus and ASV levels.

Specific microbiota features in early-stage lung adenocarcinoma tissues

To identify early-stage LUAD-associated taxa while accounting for the partially paired 
design, we performed differential abundance testing at the genus level using MaAsLin2. 
Seven differentially abundant genera were identified between NC and early-stage LUAD 
tissues (q < 0.05; Fig. 3A). Unclassified_f__Oscillospiraceae and norank_c__Eremiobacteria 
were significantly enriched in early-stage LUAD tissues (Fig. 3A). In contrast, five genera 
were significantly depleted in early-stage LUAD tissues relative to NC tissues, includ­
ing Aquabacterium, Roseateles, Sphingobium, Jeotgalibaca, and unclassified_f__Devosia­
ceae (Fig. 3A). Several additional genera showed near-threshold associations (Table 
S2). Specifically, unclassified_f__Rhizobiaceae, Thermobifida, Romboutsia, Dubosiella, 
Sellimonas, and Bacillus tended to be higher in early-stage LUAD tissues, whereas 
Corynebacterium tended to be lower. These results indicate that early-stage LUAD is 
associated with genus-level shifts encompassing both tumor-enriched and tumor-deple­
ted taxa.

As a complementary analysis, LEfSe was used to visualize discriminant taxa across 
the taxonomic hierarchy (Kruskal-Wallis P < 0.05, LDA > 3.5; Fig. 3B). Consistent with 
the MaAsLin2 results, LEfSe highlighted enrichment of Bacilli and Gammaproteobacte­
ria at higher ranks and identified several early-stage LUAD-enriched genera, including 
Ketobacter, Bacillus, Paenibacillus, Pusillibacter, Saccharomonospora, and Trichococcus, 
supporting a Bacillales-linked signal in early-stage LUAD.

FIG 2 α-Diversity and β-diversity of lung microbiota in NC and early-stage LUAD tissues. (A and B) Differences in α-diversity between NC and early-stage 

LUAD tissues based on the Chao1, Sobs, Shannon, and Simpson at the genus (A) and ASV (B) levels. Group differences were tested using linear mixed-effects 

models (LMM). Adjusted P values for group comparisons are shown. (C–F) Principal coordinate analysis (PCoA) based on Bray-Curtis (C), binary-Hamming (D), 

Unweighted UniFrac (E), and weighted UniFrac (F) distances at the genus level. PERMANOVA (Adonis) results are shown on each ordination plot (R² and P value). 

Ellipses indicate group-wise dispersion for each tissue group. *P < 0.05.
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Microbial marker discovery in early-stage lung adenocarcinoma and model 
discrimination performance

Given that a subset of taxa showed associations with early-stage LUAD in the differ-
ential abundance analysis, we subsequently investigated whether these community 
alterations could be refined into microbial signatures for distinguishing early-stage 
LUAD tissues from NC tissues. Following a thorough stability screening process, five 
microbial genus-level markers were identified (selection frequency > 0.60). Among these, 
Chryseobacterium and Candidatus_Saccharimonas were the most consistently selected 
taxa, followed by Bacillus. Staphylococcus and Macellibacteroides were also retained as 
core members of the signature (Table S3).

FIG 3 Differential taxa associated with early-stage LUAD identified by paired-design modeling and LEfSe. (A) MaAsLin2 results for genus-level differential 

abundance using the CPLM. Points show model coefficients (LUAD vs NC). Point size denotes prevalence across all samples, and color indicates effect direction. 

Multiple testing-adjusted q values are annotated for significant taxa. (B) LEfSe analysis showing discriminant taxa across the taxonomic hierarchy. Bars represent 

LDA scores (log10), with taxa enriched in LUAD (red) or NC (blue), using the cutoff indicated in the figure (LDA > 3.5; P < 0.05).
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A multivariable diagnostic model constructed from these five genera showed strong 
apparent discrimination in the training fit (AUC = 0.896, 95% CI: 0.807–0.985) (Fig. 4A; 
Table S4). Performance remained moderate in out-of-bag (OOB) validation, yielding 
an AUC of 0.732 (95% CI: 0.589–0.875), supporting the potential generalizability of 
this signature despite the limited sample size. Bacillus showed higher relative abun­
dance in early-stage LUAD tissues, whereas Candidatus_Saccharimonas, Macellibacter­
oides, Chryseobacterium, and Staphylococcus were more abundant in NC tissues (Fig. 4B 
through H). Together, these directionally opposite shifts across the five genera support 
a composite microbial signature that differentiates early-stage LUAD from noncancerous 
lung.

Microbial correlation networks in early-stage lung adenocarcinoma tissues 
and noncancerous tissues

To evaluate correlations in the lung microbiota of NC and early-stage LUAD tissues, 
we constructed the correlation networks of genus taxa using Spearman correlations 
(Fig. 5A and B). The networks revealed distinct co-occurrence structures between NC 
and early-stage LUAD tissues. The early-stage LUAD network (mean degree, 21.30; 
clustering coefficient, 0.83; density, 0.31) showed higher global connectivity and local 
clustering than the NC network (mean degree, 16.76; clustering coefficient, 0.73; 
density, 0.24), indicating a denser and more locally clustered co-occurrence structure 
in tumor tissues. Centrality analyses indicated a shift in influential genera between 
groups. In the NC network, Bifidobacterium ranked highest across centrality measures, 
with additional highly connected nodes including Christensenellaceae_R-7_group and 
Faecalibaculum (Table S5). In contrast, the early-stage LUAD network contained multiple 
hub-like genera with elevated degree and closeness centrality, including Paenibacillus, 
Planococcus, unclassified_f__Planococcaceae, Cellvibrio, Arenibacter, Albibacterium, and 
norank_f__Sandaracinaceae (Table S6). Genera with the highest betweenness central­
ity in early-stage LUAD tissues included unclassified_o__Bacteroidales, Faecalibacterium, 
Carnobacterium, and unclassified_f__Rhizobiaceae, suggesting potential connector roles 
between subnetworks (Table S6).

To assess robustness, patient-level cluster bootstrap resampling was applied to 
identify taxa whose centrality patterns were stable to resampling. After applying 
prevalence and abundance filters, two genera were consistently recovered as boot­
strap-stable core nodes in NC tissues, including Pedobacter and Achromobacter (Table 
S7). In early-stage LUAD tissues, bootstrap-stable core nodes included Planococcus 
and unclassified_f__Rhizobiaceae (Table S7). Collectively, these analyses indicate that 
early-stage LUAD tissues exhibit a denser and more locally clustered co-occurrence 
structure than NC tissues and show a distinct set of central and connector taxa, with 
a subset of genera demonstrating reproducible network centrality under patient-level 
resampling.

Functional profile of the microbiota in early-stage lung adenocarcinoma 
tissues

To explore the potential functional differences between the lung microbiota of 
noncancerous and LUAD tissues, we performed KEGG pathway analysis using the 
PICRUSt2 algorithm. Some KOs were aggregated into functional modules that had 
been reported in the literature as potentially associated with lung cancer development 
(24–34). At the Level 3 pathway level, no pathways remained significant after FDR 
correction (Table S8). In contrast, notable differences in inferred functional potential 
were observed at the KO/module level. When the KOs were separated into LUAD-upregu­
lated and LUAD-downregulated subsets and summarized at the module level, multi­
ple modules showed significant and directionally consistent alterations (FDR < 0.05). 
Because LUAD-downregulated and LUAD-upregulated module scores were computed 
from disjoint KO subsets within each module, opposite-direction changes across subsets 
indicate redistribution within modules rather than uniform changes across pathways. 
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This aligns with the predicted functional reprogramming pattern, rather than uniform 
upregulation or downregulation across the entire pathway (Fig. 6; Table S8).

Among LUAD-downregulated subsets, module scores were significantly decreased for 
biofilm/QS, peptidoglycan-related functions, beta-lactam-associated functions, secretion 
systems, tryptophan/indole metabolism, and nitrogen/sulfur metabolism (FDR < 0.05; 
Fig. 6). Conversely, within LUAD-upregulated subsets, early-stage LUAD tissues showed 
significant increases for nitrogen/sulfur metabolism, beta-lactam-associated functions, 
tryptophan/indole metabolism, and peptidoglycan-related functions (FDR < 0.05; Fig. 
6). Collectively, these patterns suggest that early-stage LUAD may be associated with 
a redistribution of predicted functional potentials spanning microbial cell-envelope 
programs (peptidoglycan-related functions), ecological and interaction traits (biofilm/QS 

FIG 4 Identification of core genus-level microbial markers and diagnostic model performance. (A) ROC curves for the marker panel, showing apparent 

performance in the training fit and OOB validation performance derived from patient-level resampling. AUC values and 95% confidence intervals (CI) are 

indicated. (B) Stability selection results showing selection frequency of each genus. The dashed vertical line indicates the predefined stability threshold (0.60). 

(C) Multivariable model coefficients (log-odds ratios) for the selected marker panel. (D–H) CLR-transformed abundances of each selected genus in NC and LUAD 

tissues. P values for group comparisons are shown above each panel.
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and secretion systems), and immunometabolic axes (tryptophan/indole and nitro­
gen/sulfur metabolism).

DISCUSSION

Commensal microbes in the human body have attracted increasing interest as poten­
tial modulators and therapeutic targets in cancer (35). Although lung tumors har­
bor relatively low microbial biomass, accumulating evidence links tumor-associated 
microbial composition to lung cancer progression (36). However, studies of tissue 
microbiota remain technically challenging, as results can be strongly influenced by 
sampling location, sequencing depth, and background contamination. In this study, 
we analyzed the microbial features of early-stage LUAD tissues and partially matched 
noncancerous tissues using an ASV-based pipeline with contamination modeling and 
paired-design statistical analyses. Our findings may inform future efforts to develop 
microbial biomarkers for early detection and to guide subsequent therapeutic stratifica-
tion, while recognizing that further validation in independent cohorts will be required.

A key methodological strength of this study is the use of patient-aware analyses 
for low-biomass lung tissues. Because quality control yielded a partially paired design, 
within-patient correlation was modeled using LMM with patient ID as a random effect, 
rather than treating samples as fully independent or restricting inference to complete 
pairs, which remains common in prior LUAD tissue microbiome reports (17, 20, 21, 
37, 38). In addition, marker discovery relied on patient-level resampling with aggrega­
tion of out-of-bag predictions. This approach reduces the risk of information leakage 
between matched samples and provides a more conservative estimate of discriminative 
performance than apparent training metrics.

When comparing the microbiota in early-stage LUAD tissues with NC tissues, we 
observed that early-stage LUAD tissues exhibited an expansion of low-prevalence taxa 
rather than a broad shift in community evenness, which is consistent with previous 
findings (39). Simultaneously, β-diversity analysis revealed that differences between the 
two groups were more pronounced at presence/absence-based (unweighted) metrics 
than with abundance-weighted metrics. This suggests that early-stage LUAD tissues 
exhibit an expansion of low-prevalence microbes compared to NC tissues, whereas 
the dominant community structure remains largely unchanged. Similar patterns have 
been observed across diverse disease settings in which local ecological constraints and 
host regulation are perturbed. In such settings, low-prevalence members may become 
enriched without a wholesale shift in dominant taxa (40, 41). Reported changes in lung 

FIG 5 Genus-level correlation network structure in NC and early-stage LUAD tissues. (A and B) Spearman correlation networks constructed separately for NC (A) 

and early-stage LUAD (B) groups at the genus level. Edges represent significant correlations (|ρ| ≥ 0.7, P < 0.05). Nodes are colored by phylum, and the red and 

green lines represent positive and negative correlations, respectively. Node size is proportional to mean abundance.
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tissue microbial α-diversity in lung cancer are inconsistent (42–44), potentially reflecting 
differences in geography, specimen type, lifestyle factors, medication exposure, and 
low-biomass-related technical variability.

We observed taxonomic differences between early-stage LUAD tissues and NC tissues. 
Pseudomonadota, Bacteroidota, Bacillota, and Actinobacteriota dominated both groups, 
consistent with prior lung tissue microbiome profiles (45). Differences became more 
apparent at finer taxonomic resolution. At the family and genus levels, both groups 
were characterized by a limited set of high-abundance taxa, whereas early-stage LUAD 
tissues additionally harbored a larger number of low-prevalence members. Achromo­
bacter, Pedobacter, and Pseudomonas collectively constituted approximately half of the 
total community in both early-stage LUAD and NC tissues. Achromobacter showed a 
non-significant reduction in tumors and has been reported in airway infection contexts 
(46, 47). Pedobacter has been infrequently linked to human disease, but some studies 
indicate reduced abundance in the gut of colon cancer patients (48, 49). In contrast, 
Pseudomonas has been consistently identified as a core lung microbe, present in both 
healthy individuals and lung cancer patients (5, 50–52). Notably, Alcanivoracaceae and 
Ketobacter were detected only in early-stage LUAD tissues in the present cohort. Because 
these microbes were described as environmental taxa with metabolic capacities related 
to hydrocarbon substrates and microplastics, one possible interpretation is that tumor 
environments may provide conditions that facilitate their persistence or detection (53–
55). Nevertheless, a causal relationship with LUAD cannot be inferred from the present 
data.

FIG 6 Remodeling PICRUSt2-inferred functional modules in early-stage LUAD tissues. PICRUSt2-predicted KOs were grouped into functional modules. Within 

each module, KOs were separated into LUAD-upregulated and LUAD-downregulated subsets based on the direction of association, and subset-specific module 

scores were computed from CLR-transformed KO abundances. Bars show the estimated LUAD-NC effect (β) for each module subset. Modules with FDR < 0.05 are 

highlighted, and non-significant modules are shown in gray.
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Differential abundance testing that accounted for patient pairing identified a 
relatively small set of genera associated with early-stage LUAD. Two taxa were signifi-
cantly enriched in tumors, including unclassified_f__Oscillospiraceae and norank_c__Ere­
miobacteria. In contrast, Aquabacterium, Sphingobium, Roseateles, Jeotgalibaca, and 
unclassified_f__Devosiaceae were significantly decreased in early-stage LUAD. These 
findings align with observations from diversity analyses, indicating that the differ-
ences in early-stage LUAD are primarily driven by low-prevalence taxa rather than 
uniform changes in dominant members. Meanwhile, Romboutsia and Bacillus showed a 
directionally consistent increase in LUAD with near-threshold associations (prevalence > 
0.4). The complementary results of LEfSe highlighted discriminant clades consistent with 
these trends, including lineages within Bacilli and Gammaproteobacteria. Collectively, 
these results suggest that early-stage LUAD is associated with selective change in a 
small subset of taxa superimposed on an otherwise conserved microbial community 
backbone.

We also constructed a biomarker panel through patient-level resampling and stability 
selection. Cluster bootstrap resampling at the patient level, together with aggregation 
of out-of-bag predictions, provides a more conservative estimate of discriminative 
performance than apparent training AUC and reduces the risk of information leakage 
(56). Notably, the stable microbes were not restricted to tumor-enriched taxa. Instead, 
the panel reflected an imbalance characterized by retention of a tumor-associated genus 
(Bacillus), alongside reduced abundance of several genera more prominent in NC tissues, 
including Staphylococcus, which is frequently detected in respiratory microbiota (5, 57, 
58). This pattern is consistent with dysbiosis in which early-stage LUAD gains additional 
low-prevalence members while certain resident taxa decrease.

An additional consideration is whether lung cancer microbiota change with disease 
stage. Prior studies have reported stage-related microbial patterns in cancer tissues 
and airway samples (42, 59–61). In a large lung tissue study, Thermus was reported 
to be more abundant in advanced-stage (IIIB/IV) patients, whereas Legionella was 
associated with patients who developed metastases (42). Beyond individual taxa, a LUAD 
microbiota study found that microbial co-abundance networks increase in topological 
complexity with advancing stage (60). Taken together, these findings support that 
microbiota composition and community organization can vary across stages of lung 
cancer. Biologically, the progression of LUAD from early to advanced stages may 
induce more intense and heterogeneous ecological pressures, such as alterations in 
airway patency, hypoxia and necrosis, immune remodeling, and therapeutic exposure 
(62, 63). These factors may further reshape community membership and correlation 
structure. In this context, focusing on early-stage or untreated LUAD may better capture 
microbiota alterations while minimizing the extensive interference caused by intensive 
treatments and advanced systemic effects (17, 64). However, since this cohort primar­
ily comprises early-stage LUAD, the data are not suited to defining stage-dependent 
disease progression. To validate whether the taxa and biomarker signatures identi­
fied in early-stage LUAD persist, diminish, or are replaced in later stages will require 
cohorts spanning broader stage distributions. Nevertheless, establishing reproducible 
early-stage signatures remains clinically significant, as this time window is most directly 
relevant to the development of biomarkers for early detection and risk stratification.

Correlation network analysis indicated higher connectivity and local clustering in 
early-stage LUAD tissues than in NC tissues, together with a shift in highly central 
taxa. Because networks were inferred from Spearman correlations on compositional 
abundance profiles, these patterns should be interpreted as co-variation structure rather 
than direct ecological interactions or evidence of community stability (65, 66). The 
denser and more locally clustered correlation structure in early-stage LUAD tissues 
may reflect stronger shared ecological constraints in the tumor microenvironment, 
whereby subsets of taxa co-vary under common external drivers (67). At the same 
time, correlation networks inferred from low-biomass, sparse communities can be 
sensitive to low-prevalence features and thresholding, which may affect edge recovery 
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and inflate apparent connectivity (68). Together, these considerations suggest that the 
observed network tightening is consistent with tumor-associated ecological filtering, 
while remaining cautious that part of the signal could be influenced by sparsity-rela­
ted network reconstruction effects. Notably, our bootstrap-based stability assessment 
indicates that the main topological differences were not driven by a small number 
of unstable edges or samples. It remains to be validated whether these microbial 
network changes synchronize with shifts in community stability through cross-cohort 
and quantitative robustness analyses.

Studies have reported inconsistent pathway-level effects based on 16S-based 
functional inference in early-stage lung cancer (20, 69, 70). While we found no significant 
differences at the pathway level, KO-level analysis revealed a within-module redistrib­
ution. Specifically, within the same module, distinct KO subsets shifted in opposite 
directions across the cell-envelope, biofilm/QS, tryptophan/indole, and nitrogen/sulfur 
modules. Prior studies and reviews have frequently implicated host-microbe interface 
functions in lung cancer tissues, including reported alterations in LPS programs (69, 71). 
In our data set, in addition to cell-envelope host-microbe interface, tryptophan/indole 
remodeling represents an intriguing observation, as the microbial indole metabo­
lite indole-3-acetic acid influences antitumor immunity (72, 73). Nevertheless, these 
results represent inferred functional potential and warrant confirmation using shotgun 
metagenomics and targeted metabolite measurements.

Our study has some limitations. First, despite contamination modeling and negative 
controls, lung tissue microbiota analysis remains susceptible to background signals, 
and independent validation is essential. Second, 16S rRNA sequencing provides limited 
taxonomic resolution and cannot directly establish microbial activity, so PICRUSt2 
predictions should be validated using shotgun metagenomics. Third, the present cohort 
focuses on early-stage disease; extending analyses to stage-spanning cohorts and 
additional clinical phenotypes will be required to determine whether microbial patterns 
vary with progression. Finally, the sample size limited the ability to examine interactions 
between microbiota and clinical covariates. Despite these limitations, the paired design, 
stability-driven biomarker selection, and conservative internal validation collectively 
support the presence of reproducible microbiota alterations in early-stage LUAD that 
warrant further mechanistic and translational investigation.

Conclusion

We utilized 16S rRNA sequencing to investigate the composition and structure of 
the microbiota in early-stage LUAD tissues compared to noncancerous lung tissues. 
Early-stage LUAD was associated with the expansion of low-prevalence taxa and shifts 
in community composition, without a global change in evenness. We identified a set of 
early-stage LUAD-associated genera and obtained microbial features with discriminatory 
potential through stability screening. Correlation network analysis further indicated a 
denser and more locally clustered co-occurrence structure in LUAD tissues, accompanied 
by a shift in central taxa. Functional inference based on 16S rRNA sequencing further 
suggests a redistribution of microbial functional potential across selected host-microbe 
interaction modules. Our findings provide a framework for developing lung microbiota-
based biomarkers for early-stage LUAD, thereby contributing to a better understanding 
of the role of lung microbiota in the progression of lung cancer.
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