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Abstract
Background: This study aimed to analyze and compare the differences of microbiota in different parts of lung in women with invasive lung adenocarcinoma and further clarify the characteristics of microbiota changes in tumor microenvironment (TME).
Methods: The study patients were all female who underwent lung surgery in our hospital between October 2021 and October 2022. The feasibility of tissue sampling was evaluated by imaging before surgery. Cancerous tissue, paracancerous tissue and normal lung tissue samples were collected from female patients pathologically diagnosed with invasive adenocarcinoma. 16SrRNA sequencing technology was used to detect the diversity, composition distribution and functional characteristics of microbiota in tissue samples.
Results: There was no significant difference in alpha diversity among bacterial communities at different lung locations in patients with invasive adenocarcinoma(p>0.05), although a decreasing trend was observed in the Chao1 and ACE indices. Beta diversity analysis revealed that the microbial communities in cancerous and adjacent non-cancerous tissues exhibited similar structures (UniFrac PCoA: p>0.05), but differed in species abundance (Unweighted UniFrac PCoA: p<0.05).The microbiota composition is similar across different sites of invasive adenocarcinoma, but differs in species abundance. Compared to normal lung tissue, both tumor and paracancerous tissues show reduced overall species abundance, though Acinetobacter and Comamonas are significantly enriched (p＜0.05). Functional predictions further indicated a shift in the tumor microenvironment, with an increase in Gram-negative bacteria, a decrease in Gram-positive bacteria, and a reduction in most microbial metabolic pathways.
Conclusions: In different locations in the lungs of patients with invasive adenocarcinoma, the compositional structure and functional characteristics of the microbiota of cancer and paracancerous tissues were similar and differed significantly from those of normal lung tissues. Species abundance was significantly lower in cancer and paracancerous tissues, with a dominance of Gram-negative bacteria and a reduced abundance of metabolic pathways in the microbiota.
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1. Introduction
[bookmark: _Hlk180066332]Lung adenocarcinoma is the most common histological subtype of lung cancer1, accounting for approximately 40% of lung cancers, and the proportion of lung cancer cases is increasing2,3. Although lung adenocarcinoma is currently common in both men and women, the proportion of female lung cancer patients with lung adenocarcinoma (57%) exceeds that of male lung cancer patients (39%)4. In addition, adenocarcinoma is the main form of lung cancer in women regardless of smoking status5–8. Lung tissue expresses estrogen receptors (ER-α and ER-β)9. Estrogen signaling pathways have been demonstrated to directly promote the proliferation, survival, and migration of lung adenocarcinoma cells10. This implies that the female-specific hormonal environment provides a unique biological context for the initiation and progression of lung adenocarcinoma. Therefore, research on female lung adenocarcinoma patients has become the focus of our attention. Because the early symptoms of lung cancer are not obvious, screening technology is not widely implemented, resulting in the detection of most stages of progress. Lung adenocarcinoma progresses rapidly, has a poor prognosis, and is prone to rapid metastasis through immune escape, resulting in very high mortality11. The tumor microenvironment plays an important role in its progression, and there are abundant antitumor targets in both primary and secondary lung tumors. However, in actual clinical applications, fewer than 20% of patients are sensitive to targeted therapies targeting the tumor microenvironment and are easy to tolerate. Therefore, identifying more accurate and effective biomarkers and molecular targets for the treatment of lung adenocarcinoma is particularly important. Studies have shown that the microbiota in tumor tissues constitutes an important part of the tumor microenvironment12 and may directly regulate the occurrence, development and response of tumors to chemotherapy or immunotherapy13. For example, bacterial populations within tumors have been found to be tumor-specific and associated with tumor development14. These microorganisms may influence tumor development by directly promoting DNA damage, activating carcinogenic signaling pathways, inducing immunosuppression, and influencing drug metabolism. Therefore, the microbiota of the lung in the tumor microenvironment has the potential to serve as a new biomarker or molecular target for lung cancer.
In this study, female patients with invasive adenocarcinoma were taken as research objects, and cancer tissue, paracancerous tissues and normal lung tissue were taken as research samples to analyze and compare the differences in microbiota at different locations in the lung and further elucidate the characteristics of microbiota changes in the tumor microenvironment.
1. Materials and methods
1. [bookmark: _Hlk176505062][bookmark: _Hlk180066388]Materials and sample collection
[bookmark: OLE_LINK4][bookmark: _Hlk176440738][bookmark: OLE_LINK2][bookmark: OLE_LINK3]This study was approved by the Ethics Committee of Qilu Hospital (KYLL-2022(ZM)-1121) in accordance with the ethical guidelines of the Declaration of Helsinki, and all patients signed informed consent forms. Samples of cancer tissues(IAC-T) (n=31), paracancerous tissues(IAC-P)(n=31), and normal lung tissues(IAC-L) (n=25) were collected from female patients with pathologically confirmed invasive adenocarcinoma diagnosed by lung surgery at our hospital between October 2021 and October 2022. All female patients included in this study lived regular lives, had no history of smoking, no history of pollutant exposure, and were not affected by other specific risk factors. To examine the compositional structure and functional characteristics of the microbiota of all the tissue samples, 16SrRNA sequencing technology was employed. The differences in the characteristics of the microbiota in different locations in the lung were compared. The other inclusion criteria were as follows: (1) adult female; (2) primary lesion; (3) definite pathological diagnosis; (4) minimum diameter of the tumor ≥0.5; (5) no large amount of necrotic tissue; (6) no history of major chronic or infectious diseases or other pathologic types of lung cancer; and (7) no antibiotics 2 weeks prior to surgery. The detailed process is shown in Table 1.
During the operation, the lung specimen was excised and placed on a sterile pad. The lung specimen was dissected with a sterile surgical blade centered on the lesion, and appropriate amounts of cancerous tissue, paracancerous tissue and normal lung tissue were cut to avoid necrosis, voids and other pathological tissues. During the procedure, attention was given to avoid sample contamination. After rinsing with PBS buffer, the samples were placed into a 1.8 mL sterile frozen tube, quickly frozen in liquid nitrogen, sealed with a sealing film, marked with patient information, and stored at -80°C.
During the sample collection process, we used sterile rulers for precise measurements: The tumor tissue blocks were taken from the tumor tissue entity, with a size of approximately 0.5×0.5×0.5 cm³. The adjacent normal tissue was sampled 1.5 centimeters outside the visible tumor boundary, while the normal lung tissue was collected from an area at least 5 centimeters away from the tumor boundary, with no macroscopic abnormalities, and had a size of 1*1*1 cm.
1. [bookmark: _Hlk176509241]Research methods
DNA was extracted with the DNA Isolation Kit (Guangzhou Meiji Biotechnology Co., LTD), following the manufacturer’s instructions. The quantity and quality of DNA was assessed using a spectrophotometer and agarose gel electrophoresis. PCR amplification was performed on the 16S rRNA gene V3-V4 hypervariable region using the 341F and 806R primersGenomic DNA was extracted from the sample, and the V3-V4 region of 16SrRNA was amplified with a specific primer. The purified amplified products were connected to sequencing joints, sequencing libraries were constructed, and sequencing was performed via the Illumina platform. After sequencing, to ensure the accuracy of the subsequent analysis results, strict quality control was carried out on the original data, including screening of reads, splicing of tags, clustering of OTUs and other data processing steps. Following 16S rRNA sequencing, a total of 11,142,405 high-quality reads were obtained. After quality control, 8,688,781 high-quality sequences were retained for downstream analysis, representing 77.98% of the original reads (as shown in Table 2). Species annotation was performed on the basis of OTU sequence information, and alpha diversity analysis, beta diversity analysis, species composition analysis and predicted functional analysis were performed for different groups of bacteria. Alpha diversity analysis can reflect the richness and evenness of the microbiota in a sample. Beta diversity analysis can reveal the structural differences among different bacterial groups, and the larger the value is, the greater the difference. Species composition analysis can reveal species compositions at different taxonomic levels and their differences in abundance between different groups. Predicted functional analysis uses existing genetic databases to predict the phenotypic classification and possible metabolic pathways of species in a sample.
1.  Contamination control
In our 16S rRNA gene amplicon sequencing experiment, to ensure a rigorous experimental procedure, all lung tissue samples were processed in a sterile environment using sterile instruments and consumables treated to eliminate DNA/RNA enzymes. DNA extraction was performed using a kit optimized for low-biomass samples, and a dedicated clean area was established for pre-PCR handling to minimize contamination from the laboratory environment. Additionally, negative controls (no-template controls) were included for all PCR reactions. These negative controls underwent the same PCR reagent system and cycling conditions as the samples. After amplification, the PCR products of all samples and negative controls were examined via agarose gel electrophoresis. The results showed no visible amplification bands at the target location in any of the negative controls, while all samples were successfully amplified. Based on this, we concluded that no significant, large-scale PCR reagent contamination occurred at this step. Furthermore, all DNA extraction, PCR amplification, and related procedures in this study were performed in the same batch, using the same set of reagents, and by the same operator.As this study was a retrospective analysis, physical negative controls (such as extraction blanks and PCR blanks) were not established concurrently. Considering that all sample types (tumor tissue, peritumoral tissue, and normal lung tissue) represent low-biomass environments, they are theoretically susceptible to similar levels of experimental contamination rather than contamination specific to any particular group. Therefore, we infer that background contamination is more likely to exist as relatively uniform “noise” across all samples rather than exhibiting systematic bias toward any specific group. Based on this, the study focused on intergroup differences, which are relatively less affected by uniform contamination. To maximize data reliability, the following measures were implemented: First, all tissue samples were collected and processed under strict aseptic conditions using sterile instruments, significantly reducing exogenous contamination. Second, rigorous quality control was applied to raw sequences, resulting in 77.98% high-quality sequences that provided a reliable foundation for analysis. Finally, in interpreting the results, we prioritized microbial groups that exhibited relatively high abundance and widespread presence within specific groups, thereby avoiding interference from low-abundance or sporadic signals (more likely attributable to contamination or sequencing errors) in our conclusions.
1. [bookmark: _Hlk176509462]Statistical methods
The statistical analysis was conducted via IBM SPSS software, version 21.0 (Armonk, New York). The biological analysis was performed via the Omicsmart platform (Guangzhou Gidio Biotechnology Co., Ltd., Guangzhou, China; http://www.omicsmart.com). Alpha diversity analysis was evaluated by Chao, Simpson, Shannon, and the ACE index. The distinctions in beta diversity among the microbial assemblages were quantitatively analyzed using Adonis. The species composition of the microbial communities was determined by taxonomically classifying the OTU sequences with the RDP Classifier. For comparisons between two groups, T-tests or Wilcoxon rank-sum tests were performed; for comparisons among more than two groups, the Kruskal-Wallis test was used; and for post hoc pairwise comparisons following multi-group analysis, Tukey's HSD test was applied. A p-value < 0.05 was defined as statistically significant for all analyses. All p-values obtained based on rank-sum tests were adjusted for the false discovery rate using the Benjamini–Hochberg method, with a corrected q-value < 0.05 set as the significance threshold. The detailed process is shown in Figure 1.
1. Results
2. [bookmark: _Hlk180066455]Diversity analysis of the lung microbiota
0. Alpha diversity
In this study, the alpha diversity of bacteria in different subgroups was reflected by the Chao1 index, ACE index, Shannon index and Simpson index, as shown in Table 3. During the process from normal lung tissue to paracancerous tissue and then to cancer tissue, the Chao1 index and ACE index gradually decreased, whereas the Shannon index and Simpson index did not significantly change among the different groups. Next, we compared the alpha diversity indices among different groups, which showed no statistically significant difference in any indices across the groups, suggesting that the microbial alpha diversity was similar at different sites within the lungs of patients with invasive adenocarcinoma. There were no significant statistical differences among the various indices in different groups(p>0.05), suggesting that the tumor microenvironment may have exerted a slight ecological pressure on the microbial community, resulting in the loss of some rare species or a decrease in their abundance to below the detection threshold. However, this change in richness has not been severe enough to cause a significant alteration in the overall diversity of the community(such as the Shannon index)(Figure 2.). 
0. Beta diversity
In this study, principal coordinate analysis (PCoA) and Adonis tests were used to analyze beta diversity between different groups. Principal coordinate analysis, including unweighted and weighted analyses, was used to analyze the differences in microbiota structure between different groups. As shown in Figure 3, there was a relatively obvious aggregation phenomenon in cancer tissue and adjacent cancer tissue, which was obviously different from that in normal lung tissue. These findings revealed that the microbiota structures of cancer tissue and paracancerous tissues were similar, whereas normal lung tissue had a separate microbiota structure. The adonis test was used to analyze differences in beta diversity among different groups. The results are shown in Table 4. Unweighted UniFrac distance analysis revealed significant differences among cancerous tissues, paracancerous tissues and normal lung tissues (IAC-T vs IAC-P: p=0.01; IAC-P vs IAC-L: p=0.001; IAC-T vs IAC-L: p=0.001). In the weighted UniFrac distance analysis, there was no significant difference between cancer tissue and paracancerous tissues (IAC-T vs IAC-P: p=0.343), but there were significant differences between normal tissue and cancerous tissue (IAC-T vs IAC-L: p=0.001) or between normal tissue and paracancerous tissue (IAC-P vs IAC-L: p=0.001). The results revealed that the microbiota structure of cancer tissue was more similar to that of adjacent cancer tissue but significantly different from that of normal lung tissue.
2. Compositional analysis of the lung microbiota
The species distribution stack map at the phylum and genus levels was drawn according to the species abundance information. As shown in Figure 4(a), the main species (relative abundance >1%) at the phylum level were Proteobacteria, Bacteroidetes and Firmicutes, with Proteobacteria having absolute dominance. The statistical analysis indicated that there were no significant differences in the abundance of Proteobacteria and Bacteroidetes across all groups. Although the abundance of Firmicutes did not differ significantly between cancerous and paracancerous tissues, it was markedly lower in both cancerous and paracancerous tissues compared to their corresponding normal lung tissues (Figure 5(a)).
As shown in Figure 4(b), the main species (relative species abundance >1%) at the genus level were Acinetobacter, Stenotrophomonas, Pseudomonas, Bergeyella, Bacillus, Brevundimonas, Delftia, Comamonas and Pedobacter. A comparison of the differences between groups revealed that there was no significant difference in the abundance of major bacterial genera in cancer tissues and paracancerous tissues. Compared with those in normal lung tissue, the abundances of Stenotrophomonas (p<0.001), Bacillus (p<0.001), Delftia (p<0.001) and Pedobacter (p<0.05) were significantly lower in cancerous and paracancerous tissues, the abundances of Acinetobacter (p<0.001) and Comamonas (p<0.01) were significantly greater in cancerous and paracancerous tissues. There was a statistically significant difference in the abundance of Bergeyella (p<0.05) between cancer tissue and normal lung tissue, and its abundance increased significantly in cancer tissue. There was no significant change in the abundance of Pseudomonas or Brevundimonas among all the groups (Figure 5(b)-(d)).
2. Predicted functional analysis
For the predicted functional analysis, the phenotypic characteristics of the microbial communities were predicted via BugBase software on the basis of three major databases, namely, IMG (Integrating Microbial Genomes), KEGG (Kyoto Encyclopedia of Genes and Genomes) and PATRIC (Pathosystems Resource Integration Center), and the 16SrRNA gene sequencing data obtained via PICRUSt2 software were used to predict possible metabolic pathways in the microbial community.
2. Phenotype prediction
The BugBase software was used to predict the possible species phenotypes at different sites of invasive lung adenocarcinoma. The predicted results are shown in Figure 6(a). In this study, while the abundance of most bacterial phenotypes did not differ significantly among groups, notable differences were observed specifically in Gram-positive and Gram-negative bacteria. According to functional phenotypic prediction, both cancerous and paracancerous tissues from female patients with invasive lung adenocarcinoma were predicted to exhibit a decrease in Gram-positive bacteria and an increase in Gram-negative bacteria compared with normal lung tissue.Based on the results, we speculate that compared with normal lung tissue, the abundance of Gram-positive bacteria in cancer tissues and paracancerous tissuess is decreased, while the abundance of Gram-negative bacteria is increased.
2. Metabolic pathway prediction
PICRUSt2 software was used to predict the metabolic pathways of samples at different locations in the lungs, and the results are shown in Figure 6(b). The predicted abundance of several key metabolic pathways was significantly lower in both lung adenocarcinoma (IAC-T) and matched paracancerous tissues (IAC-P) compared to distal normal lung tissues (IAC-L). Significant reductions were observed in pathways related to cell motility (Kruskal-Wallis test, p < 0.05; post hoc tests: IAC-P vs. IAC-L, q < 0.05; IAC-T vs. IAC-L, q < 0.05), transcription(Kruskal-Wallis test, p < 0.05; post hoc test: IAC-P vs. IAC-L, q < 0.05), and signal transduction (Kruskal-Wallis test, p < 0.05; post hoc tests: IAC-P vs. IAC-L, q < 0.05; IAC-T vs. IAC-L, q < 0.05). Notably, no significant difference in pathway abundance was found between cancerous (IAC-T) and paracancerous (IAC-P) tissues themselves.The abundance of metabolic pathways in cancerous and paracancerous tissues may be lower than that in normal lung tissues. The prediction results indicate that in the key metabolic pathways such as cell motility, transcription and signal transduction, the abundance of cancer tissue and paracancerous tissues decreased significantly compared with normal lung tissue. However, cancerous and paracancerous tissues did not show significant differences in the abundance of these metabolic pathways.  Additionally, the abundance of other amino acid metabolism, cell growth and death, as well as transport and metabolic decomposition pathways in paracancerous tissues may also be lower than that in normal lung tissues. The abundance of the other metabolic pathways did not show significant differences among the various tissues.
Although the total microbial load (e.g., total bacterial DNA) across the three tissue types may be influenced by background contamination, we observed that while the microbial community composition of cancerous tissue, paracancerous tissue, and normal tissue was similar, significant and reproducible differences in the abundance of certain species were present (p < 0.05). Notably, these differences primarily manifested as shifts in the proportion of specific bacterial genera, rather than the emergence or disappearance of entirely new species.
1. Discussion
[bookmark: _Hlk180066641]As a specific type of cancer, female lung adenocarcinoma has a high incidence, rapid progression and high mortality15. A notable strength of this study lies in its exclusive focus on female patients with lung adenocarcinoma. Growing evidence indicates that gender is a key determinant in cancer biology16. Therefore, limiting the research scope to female patients helps to control gender-related differences.—including hormonal and immune differences—thereby enhancing our ability to detect specific microbial signatures associated with the pathogenesis of female lung adenocarcinoma. Invasive lung adenocarcinoma exhibits aggressive behavior17. Studies have confirmed that the formation of new blood vessels in the tumor microenvironment plays a crucial role  in tumor development and can promote tumor invasion into surrounding lung tissues18,19. These processes may alter the tumor microenvironment, which in turn could affect the microbial characteristics within it. Therefore, we believe that investigating the microbial communities in the tumor microenvironment may enhance our understanding of tumors.Therefore, an in-depth investigation of the changes in the microbiota in the tumor microenvironment is important for understanding the growth mechanism and metastatic process of tumo rs. We collected cancer tissue, paracancerous tissue, and normal lung tissue samples from patients with invasive adenocarcinoma to compare the characteristics of the lung microbiota across different sites. This study observed that the microbial profiles of cancerous and adjacent tissues were similar, while both differed significantly from normal lung tissue. More importantly, this finding is consistent with previous studies on lung microbiota that employed stringent control measures20，21. Combined with the quality control procedures and negative control experiments implemented in this study, the reported differences are considered reliable.
In this study, by comparing the alpha diversity indices of bacteria in samples from different locations, we found that there was no significant difference in the alpha diversity indices among cancer tissue, paracancerous tissues and normal lung tissue. However, during the process from normal lung tissue to paracancerous tissues and then to cancerous tissue, the Chao1 index and ACE index gradually decreased. And, the Shannon and Simpson indices showed no significant changes. Both the Shannon and Simpson indices simultaneously account for community richness and evenness. If Chao1 and ACE decline while Shannon and Simpson remain unchanged, this typically indicates: although the total number of species has decreased, the relative abundance distribution of the remaining species has become more even. Alternatively, the reduction in species richness may be relatively mild, not yet exerting a substantial impact on composite diversity indices. This suggests that the tumor microenvironment —characterized by hypoxia, acidic pH, and immune cell infiltration—may create a more selective or stressful environment where only certain adapted bacteria can survive, leading to a narrowing of the overall species pool22. However, due to the small sample size, a change in abundance that exists but has a small effect size was not detected. This suggests that during the transition from a healthy site to a relatively healthy site and finally to a cancerous site, the richness of the microbiota gradually decreases. Liu et al20. reported that, compared with that in healthy people, the alpha diversity of lung microorganisms in lung cancer patients was significantly lower, and this reduction started from healthy sites, gradually progressed to noncancerous areas, and finally to cancerous sites, indicating that the microbiota in the TME also exhibited characteristic changes. On this basis, they proposed the hypothesis of bacterial migration. Peters et al21. collected cancer tissue and normal lung tissue from 19 lung cancer patients for sequencing analysis. They reported that, compared with that of normal lung tissue, although the bacterial community composition of cancer tissue was similar, the bacterial diversity of cancer tissue was significantly lower. These findings further confirm trends in microbial diversity in the development of lung cancer. The above studies are consistent with the conclusions of this study. Different conclusions were obtained by Greathouse et al, whose study found that the alpha diversity of the microbiota was significantly lower in normal lung tissues compared to cancerous and paracancerous tissues23. The reasons for the inconsistency of the study results are multiple, the most important of which is the difference in the study population. In this study, only the specific population of female lung adenocarcinoma patients was used as the research object, and the precision of the study was higher. In contrast, the above study included all lung cancer populations in the study, and there may be more interfering factors, such as smoking, antibiotic use, respiratory diseases, pathological type of lung cancer, clinical staging, and other factors may have an impact on the results of lung microbiota detection.
Beta diversity analysis revealed hierarchical differences in the microbiota of lung adenocarcinoma. The Unweighted UniFrac analysis indicated significant differences among cancer tissues, paracancerous tissues, and normal lung tissues, suggesting that these groups may differ at the level of rare microbial species.Unweighted UniFrac analysis indicated that cancer, paracancerous, and healthy tissues each harbored unique species compositions, reflecting the selective shaping of microbial communities by the tumor microenvironment. The Weighted UniFrac analysis further indicates that although the rare species composition of tumor tissues and paracancerous tissues is different (consistent with the unweighted results), they may have similar dominant microbial structures, and both are significantly different from normal tissues. This suggests that the paracancerous tissues may be influenced by the local tumor microenvironment, and their microbial characteristics are closer to those of the tumor tissues rather than normal lung tissues.Weighted UniFrac analysis further demonstrated that while tumor and paracancerous tissues differed in rare species composition (consistent with unweighted results), they shared a highly similar core high-abundance microbial structure, both significantly distinct from normal tissue. This suggests paracancerous tissue may undergo regional tumor microenvironment influence, exhibiting microbial characteristics closer to tumor tissue than normal lung tissue. Based on the results of PCoA and Adonis tests, these findings may suggest that during the development of lung adenocarcinoma, as the tumor infiltrates surrounding tissues, it may also influence the microbial community characteristics of the tumor microenvironment and lead to convergent changes in the microbiota structure. Given their proximity to the tumor tissue, paracancerous tissues are more influenced by lung cancer, resulting in a dominant microbial community structure that more closely resembles that of the tumor tissue. In contrast, normal lung tissue is relatively less affected and maintains a relatively independent microbiota structure.Based on these findings, we propose a two-step model of microbiota succession in lung cancer: tumor progression first induces shared alterations in regional core communities (tumor and paracancerous vs. normal), followed by further selection of unique rare species within the tumor core (tumor vs. paracancerous). This framework offers a novel perspective on understanding dynamic microbial changes within the lung cancer microenvironment.
By analyzing the composition and distribution of microbiota in samples from different sites, we found that although the compositions of microbiota at different sites in the lung were similar, there were differences in species abundance. Compared with those in normal lung tissue, there were significant changes in the abundance of microbiota in cancerous and paracancerous tissues, but there were no significant differences between cancerous and paracancerous tissues. At the phylum level, Firmicutes were significantly less abundant in cancerous and paracancerous tissues, whereas other phyla were not significantly different. At the genus level, the abundance of most bacterial genera decreased significantly in cancerous and paracancerous tissues, while the abundances of Acinetobacter and Comamonas increased. Both are opportunistic pathogens. Acinetobacter abundance increases when immunity is low and may cause lung damage24,25. Research on its resistance mechanism has shown that it can produce drug-resistant enzymes, such as OXA-23 carbamate lyase or IMP metalloenzyme, and obtain resistance through genetic recombination, counteracting the body's immune response, which may contribute to the development of lung cancer26. Although Comamonas has relatively low virulence, it also possesses various virulence factors and can even cause death in patients with underlying medical conditions27. Although Comamonas is less toxic, it also has a variety of virulence factors that may cause damage to human healt h and may participate in the development of cervical cancer, suggesting that it may also promote the occurrence and development of lung cancer27,2Study has found that the Comamonas genus is a risk factor for cervical intraepithelial neoplasia and may be involved in the pathogenesis of cervical cancer28. This suggests that this bacterial genus possesses potential carcinogenic risk. Based on this, we speculate that abnormal enrichment of Comamonas in the lungs may also promote the development and progression of lung cancer. This study is the first to observe a significant enrichment of Acinetobacter and Comamonas in lung adenocarcinoma tissues, suggesting that they may act as risk factors for lung adenocarcinoma or be involved in its pathogenesis. However, out of prudence, the presence and potential role of these bacterial genera in lung adenocarcinoma still require further investigation for validation.In this study, significant enrichment of Acinetobacter and Comamonas in lung adenocarcinoma tissues was found for the first time, and these bacteria may act as contributing factors to lung cancer development. Through further study of the underlying mechanisms of these bacterial genera, they may become new biological targets for the treatment of lung adenocarcinoma.
In the predicted functional analysis, combined with phenotypic prediction and pathway prediction, this study hypothesized that functional differences may exist mainly between cancerous tissue, paracancerous tissue and normal lung tissue, while no significant differences have been found between cancerous and paracancerous tissue. For example, there is a significant increase in the abundance of Gram-negative bacteria in cancerous and paracancerous tissues, which is not only useful for the diagnosis or differential diagnosis of lung adenocarcinoma but also important for guiding clinical drug use. The dominance of Gram-negative bacteria in the lung adenocarcinoma microenvironment may significantly influence tumor immunity and therapeutic response through their key molecule—lipopolysaccharide (LPS). As a ligand for Toll-like receptor 4 (TLR4), sustained LPS activation induces a chronic proinflammatory state, promoting the accumulation of myeloid-derived suppressor cells (MDSCs), M2 macrophage polarization, and regulatory T cell (Treg) activation—collectively shaping an immunosuppressive microenvironment29. This mechanism may not only exacerbate tumor immune evasion but also diminish the efficacy of immune checkpoint inhibitors (such as anti-PD-1/PD-L1 antibodies), suggesting that Gram-negative bacterial burden could serve as a potential biomarker for predicting immunotherapy response. Furthermore, the enrichment of such bacterial species (e.g., Acinetobacter,) also suggests implications for antimicrobial susceptibility: clinical management of lung cancer patients with concurrent infections or perioperative prophylactic therapy should prioritize coverage against Gram-negative bacteria and address antimicrobial resistance concerns.
Based on existing gene databases, this study performed functional prediction and abundance comparisons across different sample groups. Functional differences were primarily observed between cancer tissue and normal lung tissue, and between paracancerous tissue and normal lung tissue, whereas cancer and paracancerous tissues showed no significant differences. This trend aligns with the changes observed in the Compositional analysis of the lung microbiota, suggesting that the convergent effect of lung cancer on the TME may extend beyond microbial structure to influence functional characteristics, reflecting an impact on the overall functional state of the microbiota.The phenotypic prediction revealed that most bacterial categories were similar across groups, with only Gram-positive and Gram-negative bacteria showing significant differences in abundance. Compared with normal lung tissue, both cancer and paracancerous tissues showed a decrease in the abundance of Gram-positive bacterial phenotypes and an increase in Gram-negative bacterial phenotypes, indicating that Gram-negative bacteria may dominate the tumor microenvironment in the lung adenocarcinoma patients studied. Acinetobacter and Comamonas are also Gram-negative bacteria. Both analyses showed enrichment of Gram-negative bacteria, which is a very interesting result. The cell wall components of Gram-negative bacteria, such as lipopolysaccharide (LPS), are known to be potent agonists of the innate immune system29,30. Therefore, we observed that its abundance changes in the immunologically active tumor microenvironment, which is biologically plausible and worthy of attention.The enrichment of Gram-negative bacteria may influence antibiotic selection in patients with concurrent infections and could potentially modulate the immune microenvironment, thereby affecting the efficacy of immunotherapies such as immune checkpoint inhibitors (ICIs)31-33, which may provide new clues for future research on the interaction between tumor microbiota and immunity. Further validation through metabolomics, transcriptomics, or in vitro experiments is needed to investigate key functional pathways, including LPS synthesis and inflammation-related gene expression.
In addition, the abundance of metabolic pathways, such as those related to cell motility, transcription, and signal transduction, was also reduced in cancerous and paracancerous tissues. We speculated based on the above results, that the above differences in metabolic functions may be closely associated with the reduced abundance of microbiota in cancerous and paracancerous tissues, while the chemotaxis effect of lung cancer on the tumor microenvironment may also lead to dysfunction of the lung microbiota.
This study has several limitations that warrant consideration. First, the research is observational and correlational in nature. Although we have proposed hypotheses regarding immunomodulation and clinical relevance based on existing literature, these speculations require direct validation through integrated approaches such as host immune profiling, animal models, and prospective clinical studies.Second, all reported functional and phenotypic differences are inferred as "potential functional capacities" based on existing genomic databases and community composition data. While they indicate possible shifts in the functional state of the microbial community, these predictions require direct confirmation through follow‑up studies, such as metagenomics, metabolomics, or in vitro experiments. Third, although sequencing revealed significant enrichment of specific Gram‑negative bacteria, we did not perform orthogonal validation—for example, using qPCR or FISH—to quantify or visually localize these microbial taxa in tissue sections. Subsequent application of such techniques will be essential to substantiate our findings.Finally, although the sample sizes across groups were unbalanced, the robustness of the core conclusions was confirmed through rigorous analytical methods.
This study has several limitations: First, as a retrospective study, no experimental negative controls were included, making it impossible to precisely identify and subtract background contamination signals. Although the core finding of intergroup differences is relatively robust, interpretations regarding low-abundance taxa and absolute abundance require particular caution. Second, the limited sample size (n = 87) may affect statistical power and the generalizability of conclusions. However, we effectively controlled inter-individual variation through paired sample design (31 pairs of tumor and adjacent tissue) and enhanced spatial resolution through multi-site sampling. Furthermore, the highly consistent inter-group patterns and core bacterial genera consistent with previous studies support the reliability of the main findings. Third, it is crucial to emphasize that these functional analysis are derived from in silico predictions alone. Future studies utilizing metatranscriptomics, metabolomics, or in vitro models are essential to validate these proposed functional changes and their mechanistic roles in tumorigenesis. Future prospective designs should expand sample sizes and incorporate negative controls alongside bioinformatics decontamination methods for further validation.
1. Conclusion
[bookmark: _Hlk180066658]In this study, we investigated the prediction of bacterial composition and function at different locations in the lungs of patients with invasive adenocarcinoma. We found that the microbial profiles of cancerous and adjacent tissues were similar to each other but distinct from those of normal tissue, likely due to a convergent effect of lung adenocarcinoma on the TME microbiota. Acinetobacter and Comamonas are highly enriched in cancer tissues and paracancerous tissues, which may be involved in the development of lung adenocarcinoma. and have potential as microbial targets for lung adenocarcinoma. In terms of functional prediction of microbiota, the phenotypic abundance of Gram-negative bacteria in cancer tissue and paracancerous tissues significantly increased, indicating that Gram-negative bacteria may play an important role in the tumor microenvironment.suggesting that Gram-negative bacteria may predominate in lung adenocarcinoma, which is highly important for guiding clinical drug u.se. Furthermore, the abundance of metabolic pathways in the cancerous tissues and the paracancerous tissues decreases. Our data revealed significant alterations in the microbial community structure associated with lung adenocarcinoma and its predicted functional potential, providing hypotheses and a microbiological framework for further investigation into its development mechanisms.	Comment by 李子: 空白PCR对照，有可能存在医院，尽管是在医院无菌手术室，但也不排除；找现有的文章，是否已发现富集
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Figure1. Flow chart of this study.
The design and methodological process of this study.

Figure 2. Comparison of alpha diversity
In the figure, the horizontal coordinate indicates the organization of different positions, and the vertical coordinate indicates the size of the alpha diversity index. ns indicates no statistical significance. (a)-(d): The Chao1 index, ACE index, Shannon index and Simpson index revealed that there was no significant difference in the alpha diversity index among the different groups.
 
Figure 3. Comparison of beta diversity
[bookmark: OLE_LINK37](a) Unweighted UniFrac PCoA scatterplot. (b) Weighted UniFrac PCoA scatterplot. Each point in the figure represents a sample, and different colored points represent different sample groups. The closer the distance between the points is, the more similar the structure of the microbiota is between the two samples. The greater the distance, the greater the difference in bacterial structure. PCoA assesses the degree to which each axis explains the overall differences in colony structure in terms of percentages (numbers in parentheses in the axes' headings). As shown in the figure, cancerous tissue and paracancerous tissue obviously aggregated, whereas normal lung tissue had a unique microbiota structure.
 
Figure 4. Species composition of the microbiota
[bookmark: OLE_LINK38](a) Phylum horizontal species distribution stack map. The main species were Proteobacteria, Bacteroidetes and Firmicutes in order of abundance. Among them, Proteobacteria is absolutely dominant. (b) Genus horizontal species distribution stack map. The top ten species were Acinetobacter, Stenotrophomonas, Pseudomonas, Bergeyella, Bacillus, Brevundimonas, Delftia, Comamonas, Pedobacter, and Staphylococcus.

Figure 5. Comparison of microbiota species abundance
[bookmark: OLE_LINK39][bookmark: _Hlk177583539]Species on the horizontal axis and species abundance on the vertical axis. *: p < 0.05, **: p < 0.01, ***: p < 0.001, ns: There was no statistical significance. (a) At the phylum level, Firmicutes was not significantly different between cancerous and paracancerous tissues, but its species abundance was significantly lower than that of normal lung tissues (p<0.001). (b)-(d) At the genus level, the abundances of Stenotrophomonas (p<0.001), Bacillus (p<0.001), Delftia (p<0.001) and Pedobacter (p<0.05) significantly decreased in cancerous and paracancerous tissues, whereas the abundances of Acinetobacter (p<0.001) and Comamonas (p<0.01) significantly increased in cancerous and paracancerous tissues.
 
[bookmark: OLE_LINK40]Figure 6. Lung tissue function analysis
(a) Heatmap of phenotypic abundance. The phenotypic information of the species was classified as aerobic, anaerobic, mobile element-containing, facultatively anaerobic, biofilm-forming, Gram-positive, Gram-negative, pathogenic, or oxidative stress tolerant. There was no significant difference in the abundance of most bacteria between the groups. However, the abundance of Gram-positive and Gram-negative bacteria in cancerous and paracancerous tissues changed compared with that in normal lung tissue: the number of Gram-positive bacteria decreased, whereas the number of Gram-negative bacteria increased. (b) Heatmap of metabolic pathway abundance. The abundance of metabolic pathways in normal lung tissues was greater, whereas the abundance of metabolic pathways in cancerous and paracancerous tissues was lower. Compared with those in normal lung tissue, the abundances of genes related to metabolic pathways such as cell motility, transcription, and signal transduction were significantly lower in cancerous and paracancerous tissues, but there was no difference between cancerous and paracancerous tissues.
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Table 1. Characteristics of a cohort of 87 patients.
	[bookmark: _Hlk184715447]Variable
	Total (n)
	Percentage (%)

	Age years, median (IQR) 60(29-77)
	
	

	≥60
	44
	50.57%

	<60
	43
	49.43%

	Histology (n=87)
	
	

	cancer tissue 
	31
	35.63%

	invasive adenocarcinoma
	
	

	mucinous lung adenocarcinoma
	1
	3.23%

	non-mucinous lung adenocarcinoma
	29
	93.54%

	muco-non-mucous mixed lung adenocarcinoma
	1
	3.23%

	paracancerous tissues 
	31
	35.63%

	normal lung tissues 
	25
	28.74%

	Lymphatic and vascular infiltration (n=87)
	3
	3.45%

	Intrapulmonary metastasis (n=87)
	19
	21.84%

	Location (n=87)
	
	

	superior lobe of right lung
	23
	26.44%

	middle lobe of right lung
	9
	10.34%

	inferior lobe of right lung
	27
	31.03%

	superior lobe of left lung
	17
	19.54%

	inferior lobe of left lung
	11
	12.64%

	Stage at diagnosis (n=31)
	
	

	IA1
	1
	3.23%

	IA2
	9
	29.03%

	IA3
	9
	29.03%

	IB
	3
	9.68%

	IIA
	1
	3.23%

	IIB
	1
	3.23%

	IIIA
	6
	19.35%

	ⅣA
	1
	3.23%

	History of radiotherapy (n=87)
	
	

	No
	0
	0

	History of smoking (n=87)
	
	

	No
	0
	0



Table 2. Tags data statistics table organized in different locations. Total Tags: the number of effective tags; Taxon Tags: the number of tags with species annotations; Singleton Tags: OUT with tags totaling 1 in all samples-filtered OUT; OTUs: the final number of OUTs obtained.
	Groups
	Total Tags
	Taxon Tags
	Singleton Tags
	OTUs

	IAC-L
	2431328
	1988212
	443116
	4498

	IAC-P
	1869926
	1522666
	347260
	3257

	IAC-T
	3192957
	2713365
	479592
	5158

	Avg
	99871
	82900
	16970
	173


 
Table 3. Alpha diversity index of organizations in different locations.
	Alpha diversity index
	IAC-T
	IAC-P
	IAC-L

	Chao1 index
	202.68±31.03
	215.40±37.31
	224.86±41.15

	ACE index
	213.41±36.29
	227.45±40.58
	231.31±38.00

	Shannon index
	2.80±0.58
	2.74±0.38
	2.85±0.46

	Simpson index
	0.75±0.12
	0.74±0.08
	0.76±0.11


 
Table 4. Comparison of Beta-diversity in tissues at different locations.
	Unifrac distance
	Diffs
	Df
	SumsOfSqs
	MeanSqs
	F
	R2
	P

	Unweighted
	IAC-T vs IAC-P
	1
	0.3041
	0.3041
	3.1446
	0.0498
	0.01

	
	IAC-P vs IAC-L
	1
	0.503
	0.503
	5.2028
	0.0879
	0.001

	
	IAC-T vs IAC-L
	1
	0.4472
	0.4472
	4.2191
	0.0725
	0.001

	Weighted
	IAC-T vs IAC-P
	1
	0
	0
	1.141
	0.0187
	0.343

	
	IAC-P vs IAC-L
	1
	0.0003
	0.0003
	15.2647
	0.2204
	0.001

	
	IAC-T vs IAC-L
	1
	0.0003
	0.0003
	14.1827
	0.2080
	0.001
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