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Background

Substantial interstudy heterogeneity in cancer immunotherapy-associated biomarkers has hindered their clinical applicability. To address this challenge, we performed a comprehensive integration of publicly available global metagenomic datasets. By leveraging metagenomic profiling and machine learning approaches, this study aimed to elucidate gut microbial signatures associated with immune response in lung cancer (LC) and to evaluate the modulatory effects of antibiotic exposure.





Methods

A systematic literature search was conducted to identify relevant datasets, resulting in the inclusion of 209 fecal metagenomic samples: 154 baseline samples (45 responders, 37 non-responders, and 72 healthy controls) and 55 longitudinal samples collected during immunotherapy. We performed taxonomic and functional characterization of gut microbiota (GM) differentiating responders from non-responders, delineated microbiome dynamics during treatment, and assessed the impact of antibiotics on key microbial taxa. Among eight machine learning algorithms evaluated, the optimal model was selected to construct a predictive framework for immunotherapy response.





Results

Microbial α-diversity was significantly elevated in responders compared to non-responders, with antibiotic administration further amplifying this difference—most notably at the species level. Integrative multi-omics analysis identified two pivotal microbial biomarkers, s_Bacteroides caccae and s_Prevotella copri, which were strongly associated with immunotherapy efficacy. A random forest-based classifier achieved robust predictive performance, with area under the curve (AUC) values of 0.82 and 0.79 at the species and genus levels, respectively. Notably, P. copri was further enriched in responders with poor progression-free survival (PFS <3 months), indicating a potential deleterious role. Antibiotic exposure significantly influenced the abundance and functional potential of these key taxa. KEGG-based functional analysis revealed the enrichment of amino acid metabolism pathways in responders. Additionally, CARD database annotation demonstrated that the majority of antibiotic resistance genes were associated with Bacteroidetes and Proteobacteria, implicating these taxa in shaping microbial-mediated therapeutic responses.





Conclusions

This study represents the first large-scale, cross-cohort integration of metagenomic data to identify reproducible GM signatures predictive of immune checkpoint inhibitor efficacy in LC. The findings not only underscore the prognostic relevance of specific taxa but also establish a foundation for developing microbiome-informed, personalized immunotherapeutic strategies.
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1 Introduction

Over the past decade, immune checkpoint inhibitors (ICIs) targeting PD-1/PD-L1 and CTLA-4 have revolutionized the therapeutic landscape of lung cancer (LC). However, only approximately 20% of patients with locally advanced or metastatic disease derive sustained clinical benefit from immunotherapy (Cascone et al., 2022; Diao et al., 2025; Huang et al., 2022). Therefore, identifying reliable predictive biomarkers and elucidating the mechanisms underlying responses to ICIs remain key scientific challenges in the field of tumor immunotherapy.

  
Although PD-L1 expression is commonly employed as a predictive biomarker in clinical practice, it has limited prognostic value in squamous cell carcinoma and exhibits significant spatial and temporal heterogeneity between primary and metastatic lesions (Doroshow et al., 2021; Hirsch et al., 2022). Similarly, tumor mutational burden (TMB) has been proposed as an alternative marker; however, the lack of consensus on threshold definitions and technical inconsistencies across sequencing platforms hinder its routine clinical application (Sholl et al., ). Emerging strategies, such as profiling the tumor immune microenvironment, analyzing circulating tumor DNA (ctDNA), and applying high-dimensional single-cell omics, hold promise, but their clinical utility is constrained by high cost, insufficient standardization, and technical complexity (Datar et al., 2019; Leng et al., 2021; Zhang et al., 2020). Therefore, there remains a pressing need to develop low-cost, non-invasive, and biologically stable biomarkers with a robust predictive value for immunotherapy response.

Our previous work demonstrated that LC progression is associated with significant alterations in the composition of the host-associated microbiota, suggesting a potential role of the gut microbiome in LC development and immune regulation (Han et al., 2023). The influence of the GM on cancer immunotherapy has garnered increasing attention in recent years. As early as 2007, murine models first demonstrated that gut microbes can activate antitumor immune responses, marking the inception of microbiota–immunity research (Paulos et al., 2007). In 2015, prospective studies further confirmed a direct association between gut microbial composition and ICI efficacy (Vétizou et al., 2015). In 2018, fecal microbiota transplantation (FMT) from responders was shown to enhance ICI sensitivity in recipient mice (Routy et al., 2018). By 2021, human-to-human FMT was successfully translated into clinical settings, offering a novel approach to overcome resistance to PD-1 blockade (Davar et al., 2021).

Several single-center studies conducted in South Korea, China, the United States, and France have investigated gut microbiome alterations associated with ICI response (Fang et al., 2022; Routy et al., 2018; Lee et al., 2021; Liu et al., 2022). However, the heterogeneity of findings across cohorts raises concerns regarding the reproducibility and translational applicability of candidate microbial biomarkers. Among them, Akkermansia muciniphila (AKK) has been repeatedly reported as a favorable taxon in responders and was highlighted as a top-ranked biomarker in a landmark study published in Science (Routy et al., 2018). Using spatial metabolomics, Zhu et al. demonstrated that Akk can translocate from the gut to the bloodstream, colonize lung tumor tissue, and exert antitumor effects by modulating tumor-associated microbiota and reprogramming tumor metabolism (Zhu et al., 2023). However, contrasting findings by Lee et al. reported the enrichment of Akk in non-responders, further underscoring inconsistencies in the current literature (Lee et al., 2021).

To date, no large-scale, multi-cohort meta-analysis has systematically evaluated GM signatures associated with ICI response in LC. To address this gap, we conducted an integrative analysis of publicly available metagenomic datasets from multiple countries and regions. Using a standardized metagenomic pipeline and machine learning-based modeling framework, we aimed to identify reproducible microbial features strongly associated with immunotherapy response and to discover stable and clinically translatable microbial biomarkers. Our findings provide critical insights into the microbiota–immune axis and establish a foundation for microbiome-informed personalized immunotherapy strategies in LC.




2 Methods



2.1 Data acquisition and mining

The literature search strategy and the PRISMA flow diagram are detailed in Section 1 of the Supplementary Materials. Five relevant studies were identified, corresponding to the following NGS project accession numbers: PRJNA866654, PRJEB26531, PRJNA494824, PRJEB22863, and PRJNA48479 (Human Microbiome Project). The inclusion and exclusion criteria for cohort selection are provided in Section 1.3 of the Supplementary Materials. The quality of this meta-analysis was evaluated using the ROBIS tool and the Joanna Briggs Institute Critical Appraisal Checklist for Case–Control Studies. The detailed assessment results are provided in Section 2 of the Supplementary Materials.




2.2 Shotgun metagenomics sequencing and bioinformatics analysis



2.2.1 Metagenomic data processing and gene catalog construction

Raw sequencing data were subjected to quality control using Fastp (v0.21.0) to remove low-quality bases, low-quality reads, and residual sequencing adapters (Chen et al., 2018). Clumpify (v38.90) was then applied to eliminate duplicate reads. To filter out host-derived sequences, Bowtie2 (v2.4.2) was used with default parameters to align reads against the human reference genome (GRCh38.p13), thereby generating high-quality, host-depleted clean data (Li et al., 2019). Subsequently, MEGAHIT was employed for the metagenomic assembly of the clean reads, and contigs shorter than 500 bp were removed using QUAST for quality assessment and filtration. Gene prediction was performed on the assembled contigs using MetaGeneMark. The resulting gene set was clustered and de-redundified using CD-HIT with a sequence identity threshold of 95% and a coverage cutoff of 90%. The longest sequence from each cluster was retained as a representative unigene. Gene abundance for each sample was quantified using Salmon based on the alignment of clean reads to the non-redundant unigene catalogue.




2.2.2 Taxonomic profiling and microbial community analysis

Taxonomic annotation was performed using MetaPhlAn4 with default parameters to generate microbial profiles at multiple taxonomic levels. Alpha diversity metrics, including species richness and Shannon index, were calculated using the VEGAN R package (v2.5.3). Beta-diversity was assessed based on Bray–Curtis dissimilarity and visualized via principal coordinate analysis (PCoA). Differences in microbial composition between groups were evaluated using the analysis of similarities (ANOSIM). To identify differentially abundant taxa, linear discriminant analysis effect size (LEfSe) was conducted with an LDA score threshold of >4.0. Co-occurrence and clustering analyses were performed using the R packages COOCCUR and psych, applying a significance threshold of p < 0.05 and a Pearson correlation coefficient ≥0.3. The resulting networks were visualized in Cytoscape (v3.10.1). Due to the high resolution of mNGS-based taxonomic profiling, which yielded annotations for over 180,000 species and 3,000 genera, only the top 50 most abundant species and genera were retained for co-occurrence network construction to ensure interpretability and visualization clarity.




2.2.3 Confounder analysis

To assess the influence of potential confounding variables on individual microbial taxa within LC microbiome studies related to immune response, we adopted a variance decomposition strategy inspired by the approach of Jakob Wirbel et al. (Wirbel et al., 2019). Specifically, we partitioned the total variance in microbial abundance into components attributable to immune response status and to individual confounding factors. This framework parallels a linear modeling approach in which microbial abundance is modeled as a function of both immune response classification and the confounding variable. Given the non-normal distribution commonly observed in microbiome data, variance calculations were conducted using rank-transformed abundance values.




2.2.4 Functional and antibiotic resistance profiling of unigenes

To functionally characterize unigenes, DIAMOND and HUMAnN3 were employed to align protein sequences against the Kyoto Encyclopedia of Genes and Genomes (KEGG) database using blastp with an E-value threshold of ≤1e-5. The alignment results were filtered to retain only the top-scoring hit per query, defined as a high-scoring pair (HSP) with a bit score >60. For HUMAnN3 outputs, the best-scoring HSP (>60 bits) was similarly selected for downstream analysis. Functional pathway enrichment analysis was performed using the Reporter Score algorithm, with enrichment deemed statistically significant when the absolute score exceeded the 95% confidence interval (i.e., |score| > 1.96). Additionally, unigenes were annotated against the Comprehensive Antibiotic Resistance Database (CARD) using the Resistance Gene Identifier (RGI) tool (blastp, E-value ≤1e-30). The resulting Antibiotic Resistance Ontology (ARO) abundance profiles were used to assess differential abundance between experimental groups and to infer the taxonomic origin of resistance genes.




2.2.5 Development and validation of a machine learning-based predictive model

A total of eight machine learning algorithms, including random forest (RF), neural network (NNet), and Treebag, were systematically evaluated for model development. Based on the AUC and overall predictive performance, the RF algorithm was selected as the primary classifier in this study. Feature importance was quantified using the Gini index, and features were ranked accordingly to identify key predictive variables. Tenfold cross-validation was subsequently applied to the trained decision tree model to optimize feature selection and determine the optimal number of predictors.






3 Results



3.1 Confounding factors and batch effect control

A total of five published studies related to LC immunotherapy were selected from 645 articles, with the detailed characteristics of the meta-cohort summarized in Table 1. A total of 209 fecal samples were collected, including 154 baseline samples (responder = 45, non-responder = 37, and healthy = 72) and 55 samples during treatment. Supplementary Tables S1, S2 respectively provide an overview of sample processing methods and diversity analysis results for each study. Additionally, a risk of bias assessment was conducted for the included studies, with findings presented in Section 2 of the Supplementary Material. The principal risk identified was insufficient identification and control of potential confounding factors in the original studies.


Table 1 | Clinical characteristics of the cohorts included in the meta-analysis.
	Study
	First author
	Year
	Data type
	Sample numbers
	Age (average ± s.d.a)
	Type of immunotherapy given
	Accession number
	Country



	Study 1
	Ben Liu (Liu et al., 2022)
	2022
	WGS
	14
	66.57 ± 12.95
	Anti-PD-1
	PRJNA866654
	Iowa, USA


	Study 2
	Se-Hoon Lee (Lee et al., 2021)
	2021
	WGS
	2
	61.00 ± 7.07
	Anti-PD-1
	PRJEB26531
	Seoul, Korea


	Study 3
	Yoshitaro Heshiki (Heshiki et al., 2020)
	2020
	WGS
	3
	53.63 ± 6.72
	Anti-PD-1
	PRJNA494824
	Arizona, USA


	Study 4
	Bertrand Routy (Routy et al., 2018)
	2018
	WGS
	118
	62.81 ± 9.61
	Anti-PD-1
	PRJEB22863
	Paris, France


	Study 5
	HMPa
	2015
	WGS
	72
	_
	_
	PRJNA48479
	USA


	Validation study 1
	Rachel C. Newsome (Newsome et al., 2022)
	2022
	16s rRNA
	65
	51 ± 49
	Anti-PD-1/CTLA-4, anti-PD-L1
	PRJNA768678
	Tampa, FL, USA






a The Human Microbiome Project (HMP) is a large-scale DNA sequencing program led by the National Institutes of Health. From it, we extracted metagenomic shotgun sequencing data from healthy subjects for downstream analysis (http://segatalab.cibio.unitn.it/tools/metaphlan2/).




Considering the technical and biological heterogeneity inherent across studies, we evaluated the impact of confounding variables including study origin, antibiotic exposure, age, sex, and cancer subtype on gut microbiome composition. Immune response status consistently explained the largest proportion of microbial community variance, surpassing all other covariates, indicating that confounding effects were relatively minor compared to the biological signal of interest. Among clinical variables, antibiotic exposure accounted for the second largest variance component after immune status, exceeding the contributions of study origin, age, and other factors (Figure 1). To mitigate the influence of antibiotic exposure, the samples were stratified accordingly for downstream analyses. Study origin was identified as the second most significant confounder. To control for batch effects, study origin was incorporated as a blocking factor, and a two-sided blocked Wilcoxon rank-sum test was employed to identify differentially abundant taxa. Only taxa exhibiting minimal variance attributable to study origin were retained for further analysis.
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Figure 1 | Variance explained by response status (response vs. non-response) is plotted against variance explained by the confounding factor effects for individual microbial species. The significantly differential microbiota are colored in blue, and P-values were from the two-way ANOVA test. The abundance of each taxa is plotted proportionally to the dot size. ANOVA, analysis of variance.




3.2 Baseline GM taxonomic differences between responder and non-responder

In the following analyses, the study population was stratified into the total cohort, an antibiotic-exposed group (ATB), and a non-antibiotic-exposed group (non-ATB) to evaluate differences in gut microbiota between responders (R) and non-responders (NR) across subgroups and to assess the impact of antibiotic exposure on these differences.

In terms of species richness, the R group consistently exhibited a higher α-diversity compared to the NR group, and this disparity was further amplified in the presence of antibiotic exposure (Figure 2A, Supplementary Figure S1). Principal coordinates analysis (PCoA) and analysis of similarities (ANOSIM) indicated no statistically significant differences in β-diversity between the R and NR groups, although antibiotic exposure appeared to increase the compositional divergence. Notably, inconsistent findings on β-diversity reported across similar studies may stem from population heterogeneity, sample processing variability, and differences in sequencing platforms.

[image: This composite image includes multiple panels depicting different microbiome data analyses. Panel A shows a box plot comparing the richness of response and non-response groups. Panel B features a PCA plot with ellipses illustrating separation between the groups. Panel C presents box plots comparing diversity between and within the two groups. Panel D displays stacked bar plots at phylum, genus, and species levels to show taxonomic abundance differences. Panel E contains a cladogram differentiating taxa based on response status. Panel F shows a bar graph of LDA scores highlighting key bacterial taxa in the response and non-response groups.]
Figure 2 | Species composition and difference analysis of response group and non-response group based on total population. (A) α-diversity analysis with richness as the index. (B) Baseline gut microbiota PCOA analysis results of the two groups. (C) Similarity analysis of baseline microbiota between the two groups. (D) Stacking maps of top 10 abundance at the phylum, genus, and species levels between responders and non-responders. (E) Phylogenetic branching map between the two groups based on the results of the difference analysis. (F) Results of LEfSe difference analysis.

The results of the analysis of the top 10 taxa at different taxonomic levels (Figure 2D, Supplementary Figures S2D, S3D) revealed that Firmicutes and Bacteroidetes were the dominant phyla in both groups. At the genus level, Bacteroides consistently ranked as the most abundant genus across all subgroups, while the remaining top genera showed minimal abundance differences between the R and NR groups. However, antibiotic exposure substantially influenced the enrichment patterns of several dominant genera—for instance, Phocaeicola, Faecalibacterium, and Roseburia were relatively enriched in the R group within the non-ATB cohort but showed decreased abundance in the R group under antibiotic exposure, suggesting that antibiotics may disrupt the natural enrichment of beneficial bacteria. A similar trend was observed at the species level; however, certain taxa exhibited enrichment patterns that were not affected by antibiotic exposure, such as Bacteroides uniformis and B. caccae.

To further identify differential biomarkers between groups, we employed LEfSe. The cladogram-based visualization showed that most differences between the R and NR groups were concentrated at the species level (Figure 2E, Supplementary Figures S2E, S3E). The LEfSe analysis of the total cohort identified B. caccae and P. copri as the top-ranked biomarkers for the R and NR groups, respectively (Figure 2F). B. caccae was also selected as a key differential species in the non-ATB population (Supplementary Figure S2F).




3.3 Intra-community bacterial interactions in network relationships

In both the responder (R) and non-responder (NR) populations, the intra-community positive correlations among species were consistently stronger within the R microbiota compared to the NR microbiota. However, the overall interaction strength within the R microbiota did not differ significantly between the R and NR populations (Figures 3A, B), whereas the NR microbiota displayed significantly stronger intra-community associations in the NR population than in the R population (Figures 3C, D).

[image: Four network graphs labeled A, B, C, and D display microbiota correlations in R and NR patient samples. Blue nodes represent response species, red nodes non-response species. Orange lines indicate positive correlations, green lines negative. Graph A shows R samples with 93% positive correlations; B shows NR samples with 94.7% positive; C shows R with 72% positive; D shows NR with 85.7% positive correlations.]
Figure 3 | Interaction of differential markers between responder and non-responder groups within different populations. (A) Intra-community and inter-community interactions of the responder microbiota in the responder population. (B) Intra-community and inter-community interactions of responders in non-responders. (C) Intra-community and inter-community interactions of non-responsive bacteria in responders. (D) Intra-community and inter-community interactions of non-responsive bacteria in non-responsive population.

Notably, in the R population, s_Parabacteroides johnsonii_CAG:246 exhibited strong negative correlations with other R-associated taxa (Figure 3A), a pattern that was similarly observed in the NR population (Figure 3B). As a species enriched in responders, this bacterium appears to exert antagonistic effects on other beneficial taxa, suggesting a potentially suppressive role in immune modulation and highlighting its relevance as a candidate negative regulator of therapeutic response.

Conversely, s_Ruminococcus_sp._CAG:563, although enriched in the NR microbiota, showed strong positive associations with multiple R-associated taxa (Figures 3A, B). This suggests a possible synergistic role in enhancing the abundance or activity of beneficial microbes associated with immune response and raises the hypothesis that supplementation with this species might augment treatment efficacy.

Within the NR microbiota, an intriguing pattern emerged: s_Actinotignum_schaalii was strongly negatively correlated with other NR-associated species while demonstrating robust positive correlations with R-associated taxa (Figure 3C). Although not enriched in the R population, this species may simultaneously suppress non-beneficial taxa and promote beneficial ones, potentially contributing to improved immune responsiveness via a dual mechanism. The immunomodulatory roles—either tumor-promoting or tumor-suppressive—of these taxa warrant further investigation through functional studies.




3.4 Construction and validation of machine learning model for immunotherapy effect

To optimize predictive performance, we evaluated eight widely used machine learning algorithms for model training. Based on the AUC and multiple performance metrics in the training cohort, RF was identified as the optimal model (Figure 4A). Utilizing microbial biomarkers previously identified via LEfSe analysis, we constructed immunotherapy response prediction models at both the genus and species levels. The genus-level model, built on four key marker genera, achieved an AUC of 0.79 (Figure 4B). At the species level, the model incorporating seven differential species, including B. caccae, reached an AUC of 0.82 (Figure 4C). Given that all whole-genome shotgun (WGS) sequencing data were included in the training phase to maximize the sample size, we externally validated the genus-level model using an independent 16S rRNA sequencing dataset, resulting in an AUC of 0.61 (Figure 4B).

[image: Panel A shows a comparison of prediction models with a ROC curve and performance metrics table. Panel B presents a genus-level prediction model with a ROC curve and importance scores graph. Panel C features a species-level prediction model with a ROC curve and importance scores graph. The models evaluate prediction accuracy, sensitivity, specificity, and feature importance for response versus non-response groups.]
Figure 4 | Screening and construction of immune efficacy prediction models. (A) Comparison of prediction efficiency and performance of different machine learning methods. (B) The RF model was established and validated based on the genus-level differential markers obtained by LEfSe analysis. (C) RF modeling was performed at the species level based on the differential species obtained by LEfSe analysis.




3.5 Uncovering key species affecting immunotherapy prognosis and stabilizing biomarkers

To investigate gut microbial species potentially associated with prognosis, we performed LEfSe analysis on two extreme patient cohorts: responders with PFS exceeding 6 months were classified as the long-PFS group, while non-responders with PFS under 3 months were classified as the short-PFS group. The analysis revealed that, without considering ATB exposure, P. copri was consistently identified as the top biomarker in the short-PFS group (Figure 5A). Conversely, s_Bifidobacterium longum was identified as a key biomarker for the long-PFS group across both the total cohort and the ATB-exposed subgroup (Figures 5A, C), corroborating previous findings of its significant enrichment in CAR-T cell therapy patients with prolonged PFS (Stein-Thoeringer et al., 2023). Notably, antibiotic exposure increased the number of differentially abundant species between groups (Figure 5C).

[image: Panels A, B, and C are bar graphs comparing long-PFS and short-PFS groups based on LDA scores for bacterial species. Panels D and E are Venn diagrams showing intersections among LEfSe, co-occurrence, RF markers, and top 50 bacterial species. S_Bacteroides caccae and S_Prevotella copri are highlighted in the Venn diagrams.]
Figure 5 | Key species affecting immunotherapy prognosis and stabilizing biomarkers. (A) To explore the difference of microbiota between the long PFS and short PFS groups based on the total population. (B) In the absence of antibiotic interference, the difference of gut microbiota between the long and short PFS groups. (C) Difference of microbiota between the two groups when they experienced antibiotic intervention. (D) Biomarkers that remained stable in the response group under the results of various bioinformatics analyses. (E) Biomarkers that remained stable in the non-responder group across various bioassays.

By integrating multi-dimensional analyses including abundance, differential significance, and intra-community interactions, we identified B. caccae as a robust biomarker consistently associated with the responder group, whereas P. copri was characteristic of the non-responder group (Figures 5D, E). Importantly, antibiotic exposure did not significantly affect these classifications (Supplementary Figure S4).




3.6 Dynamic changes of gut microbiota during immunotherapy

As shown in Figure 6A, gut microbial α-diversity rebounded following the completion of the first stage of immunotherapy in all patients, with a more pronounced recovery observed in those who had received ATB. Interestingly, non-responders exhibited a greater increase in microbial diversity compared to responders (Supplementary Figures S5A, B), further supporting the notion that reductions in microbial diversity are closely associated with diminished immunotherapeutic efficacy. The subsequent decline in treatment response may also be linked to a secondary loss of microbial diversity.

[image: Panel A shows three box plots comparing patients: all, non-ATB, and ATB at times T0, T1, and T2, illustrating different ranges. Panel B shows line graphs of Bacteroides caccae and Prevotella copri dynamics in non-ATB patients across T0, T1, and T2, with varied trends for response and non-response patients. Panel C shows line graphs of the same bacterial changes in ATB patients from T0 to T1, indicating different progression patterns.]
Figure 6 | Changes in bacterial diversity and marker abundance during immunotherapy. (A) To investigate the changes in alpha diversity of gut microbiota at different time points after immunotherapy and the effect of antibiotics on this trend. (B) Changes of s_Bacteroides caccae in the response group at different time points after immunotherapy. (C) Changes in the marker s_Prevotella copri in the non-response group at different time points after immunotherapy.

Furthermore, we examined the dynamic changes in the abundance of two key microbial biomarkers across different phases of immunotherapy. In patients without prior ATB exposure, the abundance of the core responder species B. caccae increased significantly in both the R and NR groups following treatment, whereas the potentially detrimental taxon P. copri markedly decreased (Figure 6B). These findings suggest that restoration of beneficial microbes and suppression of harmful taxa may contribute to modulating host immune status and enhancing treatment responsiveness. However, due to the lack of dynamic data on host immune parameters and inflammatory markers in this study, it remains unclear whether these microbial shifts represent a causal factor for immunotherapy efficacy or a secondary outcome of treatment response.

Notably, in patients who had received prior ATB treatment, an initial broad depletion of GM was observed. During subsequent immunotherapy, a substantial rebound in the abundance of both biomarkers was detected (Figure 6C). This non-selective recovery may have led to the concurrent enrichment of both beneficial and harmful taxa, potentially with distinct kinetics. Such microbial imbalance could disrupt gut ecological homeostasis and impair the regulatory role of the microbiota in host immune modulation. This dysbiosis may partially explain the reduced efficacy of immunotherapy observed in the ATB-treated group.




3.7 Functional analysis of immune-related microbiota

The results of the KEGG functional enrichment analysis revealed that the GM were predominantly involved in metabolic pathways, with carbohydrate metabolism and amino acid metabolism being the most significantly enriched categories. Notably, this pattern remained consistent regardless of ATB exposure (Figure 7A). These findings further support the characterization of LC as a metabolism-associated disease. The results of subsequent differential analyses also indicated that the primary functional discrepancies between responders and non-responders were concentrated at the metabolic level (Supplementary Figures S6-S8), suggesting that modulating microbial metabolic functions may influence host metabolite profiles and ultimately affect immunotherapeutic outcomes.

[image: KEGG enrichment bar plot and doughnut charts depict gene enrichment across different patient categories. Part A shows enrichment for all, non-ATB, and ATB patients, highlighting various KEGG categories. Part B displays response and non-response microbial compositions, with color-coded taxa. Part C illustrates the mean proportions and confidence intervals for specific genes in response and non-response groups.]
Figure 7 | Functional analysis of gut microbiota in patients receiving immunotherapy. (A) A level 2 functional pathway statistical map was drawn based on KEGG annotation results. (B) Species attribution analysis of resistance genes between responders and non-responders when the effect of antibiotics was not considered (C) results of differential resistance genes between the two groups of patients.

In addition, we explored the association between the microbiome and antibiotic resistance genes using the CARD. Taxonomic assignment revealed that the majority of resistance genes in both responders and non-responders were affiliated with the phyla Bacteroidetes and Proteobacteria, and this distribution was not affected by ATB exposure (Figure 7B, Supplementary Figures S7B, S8B). Several resistance genes, including ErmF and the rpoB gene from Bifidobacterium adolescentis, exhibited significant intergroup differences. Notably, the administration of ATB further exacerbated the divergence in resistance gene profiles between patient groups (Figure 7C, Supplementary Figures S7C, S8C).





4 Discussion

In this meta-analysis, we conducted the largest metagenomic study to date focusing on the gut microbiome in the context of immunotherapy for LC. Participants were recruited from five independent cohorts across the globe, aiming to establish a broader and more reproducible microbiome signature associated with response to ICIs.

Overall, the responders exhibited higher species richness. Although this trend did not reach statistical significance—likely due to inter-cohort heterogeneity—it aligns with previously reported findings from both Chinese and US cohorts (Heshiki et al., 2020; Lee et al., 2021). The observed decrease in α-diversity among non-responders suggests a more profound dysbiosis in this group. Similar patterns of reduced α-diversity have been reported in various metabolic disorders and are closely associated with disease states (Dang and Marsland, 2019; Hakozaki et al., 2020). However, findings across studies remain inconsistent—for instance, in the study by Lee et al., non-responders demonstrated greater microbial diversity, whereas David et al. found no significant differences in α-diversity between responders and non-responders (Lee et al., 2021; Dora et al., 2023). Although reduced α-diversity has been proposed as a characteristic feature in melanoma immunotherapy, its relevance as a predictive biomarker for ICI efficacy in lung cancer remains uncertain and warrants further validation using real-world datasets.

At the taxonomic level, intergroup differences were primarily observed at the species level, and the use of ATBs appeared to influence the abundance of specific key taxa. Regarding the debated enrichment status of the “signature” bacterium AKK, our study demonstrated that AKK was relatively enriched in responders across both genus and species levels in the overall population and the ATB-exposed subgroup. In contrast, in participants who had not received ATBs, AKK was enriched in non-responders. These findings suggest that, in responders, ATBs may exert a stronger suppressive effect on non-AKK taxa—particularly those associated with non-response—thereby indirectly enhancing the relative abundance of AKK. Consequently, a key question for future clinical research is whether targeted antibiotic interventions can modulate the abundance balance between responder- and non-responder-associated microbiota to improve the efficacy of immunotherapy. This represents an important direction for mechanistic and translational investigation.

The R-specific strain B. caccae and the NR-specific strain P. copri identified in our study have been previously reported in the context of cancer immunotherapy. Both B. caccae and AKK exhibit ecological variability and have been associated with favorable outcomes in response to ICIs (Liu et al., 2023). Enrichment of B. caccae has also been observed in responders with melanoma (Frankel et al., 2017). A systematic review by Mariam et al., encompassing 18 studies across five types of solid tumors, reached a similar conclusion—B. caccae was enriched in patients with better prognoses. Whether B. caccae produces known immunomodulatory metabolites remains unknown. Future research should employ metabolomics, along with in vitro co-culture systems or organoid models, to uncover potential immune-regulatory mechanisms associated with this strain. In contrast, the pathogenic potential of P. copri has been more extensively studied. Xiang et al. demonstrated that GM transplantation from patients harboring P. copri induced severe inflammation and immune dysregulation in murine models (Qian et al., 2022). Furthermore, P. copri has been implicated in the pathogenesis of carboplatin-induced intestinal mucositis, and the abundance of the Prevotella genus has been linked to tumor invasiveness in melanoma (Yu et al., 2019; Vitali et al., 2022). Despite these pro-inflammatory and pro-tumorigenic associations, some studies have reported a higher abundance of P. copri in responders (Jin et al., 2019; Robinson et al., 2023). Whether this strain contributes to limiting the long-term benefits of ICI therapy remains an open question, requiring further investigation through mechanistic and in vivo studies.

In recent years, numerous high-impact studies have demonstrated the feasibility and clinical potential of microbiome-based predictive models for therapeutic response—for instance, Huang et al. developed a cross-cohort, pan-cancer immune response prediction model achieving an AUC of up to 0.89 (Huang et al., 2023). A more recent study published in Nature Medicine further confirmed that strain-level abundance differences derived from metagenomic approaches can be utilized to predict immunotherapy response across multiple cancer types (Gunjur et al., 2024). In the context of LC, existing models primarily focus on distinguishing patients with long versus short PFS. Notably, Liu et al. reported that models based on differential microbial taxa yielded suboptimal performance, whereas those leveraging microbial functional protein profiles achieved superior predictive accuracy, with an AUC of 0.95 (Liu et al., 2022). In addition, Lisa et al. introduced a threshold-based stratification using the abundance of Akk, defining patients as positive or negative subgroups, further highlighting the potential of this species in predicting immunotherapy response (Derosa et al., 2022).

Although models constructed using WGS sequencing data exhibit robust classification performance, our approach faced limitations during external validation. To maximize data utilization, all available WGS samples were included in the training set. Consequently, an independent validation cohort at the genus level was retrieved through systematic data mining, relying on 16S rRNA sequencing data. Due to inherent differences in taxonomic resolution and annotation depth between WGS and 16S platforms, the model’s AUC dropped to 0.61 in the 16S cohort, suggesting limited cross-platform generalizability. Nonetheless, this result remains informative, especially in the absence of large-scale independent WGS cohorts. Moving forward, we will continue monitoring the release of new WGS datasets and explore the integration of multi-omics data, including metagenomics, metabolomics, and transcriptomics, to enhance model robustness and cross-platform adaptability. As global, multi-center metagenomic datasets continue to grow, we anticipate further validation and refinement of our findings and models in broader population contexts.

KEGG-based functional profiling revealed a significant enrichment of metabolism-related pathways across all three groups, suggesting a common microbial contribution to metabolic reprogramming associated with tumor progression and survival (Li and Zhang, 2016). Notably, in immunotherapy responders, pathways involved in amino acid biosynthesis (e.g., tryptophan and branched-chain amino acids) and carbohydrate metabolism (e.g., glycolysis and the pentose phosphate pathway) were markedly upregulated (highlighted in orange bars), indicating a more active microbial role in metabolite production and energy provision (Tufail et al., 2024). Importantly, several microbial-derived metabolites—such as short-chain fatty acids and tryptophan derivatives—are known immunomodulatory agents that can enhance T cell activation or suppress pro-inflammatory signaling, potentially promoting improved therapeutic outcomes. In contrast, non-responders exhibited a significant upregulation of cancer-associated pathways, particularly those involved in PD-L1 expression and PD-1 checkpoint signaling, suggesting that certain microbial taxa may facilitate immune evasion mechanisms. These findings underscore the potential of leveraging microbial functional signatures to identify key taxa whose targeted modulation may reduce tumor immune escape and enhance immunotherapy responsiveness.

Our findings are highly consistent with a recent metatranscriptomic study conducted in a LC immunotherapy cohort, collectively highlighting the pivotal role of GM in modulating responses to immune checkpoint blockade (Dora et al., 2024). Both studies reported significantly higher gut microbial diversity in responders compared to non-responders, suggesting a potential link between microbial ecological complexity and enhanced therapeutic efficacy. Moreover, the consistent enrichment of B. caccae and Akk in responders across studies reinforces the stability and generalizability of B. caccae as a potential predictive biomarker. Future efforts should prioritize integrative multi-omics approaches—including metagenomics, metatranscriptomics, and metabolomics—to elucidate the mechanistic underpinnings of microbe-mediated immune modulation, ultimately advancing personalized prediction and clinical application of immunotherapy.

In addition, we constructed microbial co-occurrence networks to preliminarily investigate potential microbe–microbe interactions associated with immune response, aiming to identify key taxa that may exert antagonistic or synergistic effects in responders. Given the large number of annotated species in the dataset, our analysis was restricted to the top 50 most abundant taxa to enhance robustness. However, it should be noted that correlation-based co-occurrence network methods are inherently limited by the compositionality and sparsity of microbiome data, which may introduce biases in inferring microbial associations. Moreover, since the interactions identified through co-occurrence analysis have not yet been validated by independent analytical approaches, we did not incorporate these results into the final biomarker prediction model to maintain scientific rigor. Future studies may benefit from applying more advanced microbial network inference tools, such as SPIEC-EASI, CoNet, and FlashWeave, to improve the accuracy of interaction inference and enhance biological interpretability.

With the growing body of evidence linking the gut microbiome to cancer immunotherapy outcomes, microbiome profiling is emerging as a promising avenue to advance personalized immunotherapy in lung cancer, with considerable translational potential. First, specific microbial biomarkers—such as B. caccae and Akk—may be assessed through non-invasive fecal testing prior to ICI administration, enabling more accurate patient stratification, enhancing treatment response rates, and reducing unnecessary exposure for likely non-responders (Chen et al., 2019; Han et al., 2023). Second, GM data can inform more rational antibiotic stewardship, including optimization of timing, drug selection, and withdrawal windows, in order to preserve immunologically relevant commensal taxa. Finally, microbiome-informed personalized interventions—such as targeted probiotic supplementation, FMT, or microbial metabolite administration—offer a novel adjunctive strategy to improve ICI efficacy (Lu et al., 2022; Yadegar et al., 2024). However, these approaches must be pursued with rigorous safety evaluation and mechanistic validation. Collectively, these considerations establish a feasible framework for integrating microbiome analysis into the clinical management of lung cancer and advancing precision immuno-oncology.

In future studies, we will focus on the key gut microbial taxa identified in this work to investigate their roles in modulating antitumor immunity. Using in vitro co-culture systems, tumor organoid models, and humanized mouse models, we will systematically explore three mechanistic dimensions: microbial metabolite production, immunomodulatory capacity, and mucosal adhesion or translocation properties. To elucidate functional links between the microbiota and host immunity, we will integrate fecal metabolomic and serum immune transcriptomic data to reconstruct microbe–metabolite–immune signaling networks. This approach will help identify key metabolic mediators driving systemic immune responses and reveal potential causal axes underlying microbiota–host interactions. Additionally, we will expand real-world LC cohorts, particularly those with WGS data, to enable strain-level microbiome profiling and robust external validation across diverse populations stratified by ethnicity, age, and treatment background. Finally, we will integrate microbiome features with clinical parameters, immune phenotypes, and genomic alterations to build high-resolution, multi-dimensional models for predicting immunotherapy response.




5 Conclusion

We established the first global cross-cohort gut microbiota landscape associated with immunotherapy response and developed a machine learning-based predictive model with potential translational relevance. These findings offer new insights into the design of microbiome-informed immunotherapeutic strategies and the identification of novel adjuvants or therapeutic targets.





Data availability statement

The original contributions presented in the study are included in the article/Supplementary Material. Further inquiries can be directed to the corresponding author.





Ethics statement

Ethical review and approval was not required for the study on human participants in accordance with the local legislation and institutional requirements because all samples were derived from other publicly available published studies. Written informed consent from the patients/participants or patients/participants’ legal guardian/next of kin was not required to participate in this study in accordance with the national legislation and the institutional requirements because the original authors of each source publication had already obtained these previously.





Author contributions

WH: Formal Analysis, Investigation, Methodology, Software, Writing – original draft, Writing – review & editing. YZ: Methodology, Software, Writing – review & editing. YW: Formal Analysis, Investigation, Writing – review & editing. XL: Formal Analysis, Software, Writing – review & editing. TS: Funding acquisition, Writing – review & editing. JX: Conceptualization, Funding acquisition, Resources, Supervision, Writing – review & editing.





Funding

The author(s) declare that financial support was received for the research and/or publication of this article. This work was supported by National Nature Science Foundation of China (82373113, XJ), Shenyang Breast Cancer Clinical Medical Research Center (2020-48-3-1, ST), Shenyang Public Health R&D Special Project (22-321-31-04, ST), LiaoNing Revitalization Talents Program (XLYC1907160, XJ).





Conflict of interest

Author XL is employed by Liaoning Kanghui Biotechnology Co., Ltd.

The remaining authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.





Generative AI statement

The author(s) declare that no Generative AI was used in the creation of this manuscript.





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fcimb.2025.1591076/full#supplementary-material




References

	 Cascone T., Fradette J., Pradhan M., Gibbons D. L. (2022). Tumor immunology and immunotherapy of non-small-cell lung cancer. Cold Spring Harb. Perspect. Med. 12, a037895. doi: 10.1101/cshperspect.a037895, PMID: 34580079


	 Chen D., Wu J., Jin D., Wang B., Cao H. (2019). Fecal microbiota transplantation in cancer management: current status and perspectives. Int. J. Cancer 145, 2021–2031. doi: 10.1002/ijc.32003, PMID: 30458058


	 Chen S., Zhou Y., Chen Y., Gu J. (2018). Fastp: an ultra-fast all-in-one Fastq preprocessor. Bioinf. (Oxford England) 34, i884–ii90. doi: 10.1093/bioinformatics/bty560, PMID: 30423086


	 Dang A. T., Marsland B. J. (2019). Microbes, metabolites, and the gut-lung axis. Mucosal Immunol. 12, 843–850. doi: 10.1038/s41385-019-0160-6, PMID: 30976087


	 Datar I., Sanmamed M. F., Wang J., Henick B. S., Choi J., Badri T., et al. (2019). Expression analysis and significance of Pd-1, Lag-3, and Tim-3 in human non-small cell lung cancer using spatially resolved and multiparametric single-cell analysis. Clin. Cancer Res. 25, 4663–4673. doi: 10.1158/1078-0432.CCR-18-4142, PMID: 31053602


	 Davar D., Dzutsev A. K., McCulloch J. A., Rodrigues R. R., Chauvin J.-M., Morrison R. M., et al. (2021). Fecal microbiota transplant overcomes resistance to anti-Pd-1 therapy in melanoma patients. Sci. (New York NY) 371, 595–602. doi: 10.1126/science.abf3363, PMID: 33542131


	 Derosa L., Routy B., Thomas A. M., Iebba V., Zalcman G., Friard S., et al. (2022). Intestinal akkermansia muciniphila predicts clinical response to Pd-1 blockade in patients with advanced non-small-cell lung cancer. Nat. Med. 28, 315–324. doi: 10.1038/s41591-021-01655-5, PMID: 35115705


	 Diao X., Guo C., Jin Y., Li B., Gao X., Du X., et al. (2025). Cancer situation in China: an analysis based on the global epidemiological data released in 2024. Cancer Commun. (Lond) 45, 178–197. doi: 10.1002/cac2.12627, PMID: 39659114


	 Dora D., Kiraly P., Somodi C., Ligeti B., Dulka E., Galffy G., et al. (2024). Gut metatranscriptomics based de novo assembly reveals microbial signatures predicting immunotherapy outcomes in non-small cell lung cancer. J. Transl. Med. 22, 1044. doi: 10.1186/s12967-024-05835-y, PMID: 39563352


	 Dora D., Ligeti B., Kovacs T., Revisnyei P., Galffy G., Dulka E., et al. (2023). Non-small cell lung cancer patients treated with anti-Pd1 immunotherapy show distinct microbial signatures and metabolic pathways according to progression-free survival and Pd-L1 status. Oncoimmunology 12, 2204746. doi: 10.1080/2162402X.2023.2204746, PMID: 37197440


	 Doroshow D. B., Wei W., Gupta S., Zugazagoitia J., Robbins C., Adamson B., et al. (2021). Programmed death-ligand 1 tumor proportion score and overall survival from first-line pembrolizumab in patients with nonsquamous versus squamous Nsclc. J. Thorac. Oncol. 16, 2139–2143. doi: 10.1016/j.jtho.2021.07.032, PMID: 34455068


	 Fang C., Fang W., Xu L., Gao F., Hou Y., Zou H., et al. (2022). Distinct functional metagenomic markers predict the responsiveness to anti-Pd-1 therapy in Chinese non-small cell lung cancer patients. Front. Oncol. 12. doi: 10.3389/fonc.2022.837525, PMID: 35530307


	 Frankel A. E., Coughlin L. A., Kim J., Froehlich T. W., Xie Y., Frenkel E. P., et al. (2017). Metagenomic shotgun sequencing and unbiased metabolomic profiling identify specific human gut microbiota and metabolites associated with immune checkpoint therapy efficacy in melanoma patients. Neoplasia 19, 848–855. doi: 10.1016/j.neo.2017.08.004, PMID: 28923537


	 Gunjur A., Shao Y., Rozday T., Klein O., Mu A., Haak B. W., et al. (2024). A gut microbial signature for combination immune checkpoint blockade across cancer types. Nat. Med. 30, 797–809. doi: 10.1038/s41591-024-02823-z, PMID: 38429524


	 Hakozaki T., Richard C., Elkrief A., Hosomi Y., Benlaïfaoui M., Mimpen I., et al. (2020). The gut microbiome associates with immune checkpoint inhibition outcomes in patients with advanced non-small cell lung cancer. Cancer Immunol. Res. 8, 1243–1250. doi: 10.1158/2326-6066.CIR-20-0196, PMID: 32847937


	 Han W., Wang N., Han M., Liu X., Sun T., Xu J. (2023). Identification of microbial markers associated with lung cancer based on multi-cohort 16 S Rrna analyses: A systematic review and meta-analysis. Cancer Med. 12, 19301–19319. doi: 10.1002/cam4.6503, PMID: 37676050


	 Heshiki Y., Vazquez-Uribe R., Li J., Ni Y., Quainoo S., Imamovic L., et al. (2020). Predictable modulation of cancer treatment outcomes by the gut microbiota. Microbiome 8, 28. doi: 10.1186/s40168-020-00811-2, PMID: 32138779


	 Hirsch F. R., Walker J., Higgs B. W., Cooper Z. A., Raja R. G., Wistuba I. I. (2022). The combiome hypothesis: selecting optimal treatment for cancer patients. Clin. Lung Cancer 23, 1–13. doi: 10.1016/j.cllc.2021.08.011, PMID: 34645581


	 Huang J., Deng Y., Tin M. S., Lok V., Ngai C. H., Zhang L., et al. (2022). Distribution, risk factors, and temporal trends for lung cancer incidence and mortality: A global analysis. Chest 161, 1101–1111. doi: 10.1016/j.chest.2021.12.655, PMID: 35026300


	 Huang X., Hu M., Sun T., Li J., Zhou Y., Yan Y., et al. (2023). Multi-kingdom gut microbiota analyses define bacterial-fungal interplay and microbial markers of pan-cancer immunotherapy across cohorts. Cell Host Microbe 31 (11), 1930–1943.e4. doi: 10.1016/j.chom.2023.10.005, PMID: 37944495


	 Jin Y., Dong H., Xia L., Yang Y., Zhu Y., Shen Y., et al. (2019). The diversity of gut microbiome is associated with favorable responses to anti-programmed death 1 immunotherapy in Chinese patients with Nsclc. J. Thorac. Oncol. 14, 1378–1389. doi: 10.1016/j.jtho.2019.04.007, PMID: 31026576


	 Lee S.-H., Cho S.-Y., Yoon Y., Park C., Sohn J., Jeong J.-J., et al. (2021). Bifidobacterium bifidum strains synergize with immune checkpoint inhibitors to reduce tumour burden in mice. Nat. Microbiol. 6, 277–288. doi: 10.1038/s41564-020-00831-6, PMID: 33432149


	 Leng Y., Dang S., Yin F., Gao T., Xiao X., Zhang Y., et al. (2021). Gdplichi: A DNA damage repair-related gene classifier for predicting lung adenocarcinoma immune checkpoint inhibitors response. Front. Oncol. 11. doi: 10.3389/fonc.2021.733533, PMID: 34970479


	 Li J., Rettedal E. A., van der Helm E., Ellabaan M., Panagiotou G., Sommer M. O. A. (2019). Antibiotic treatment drives the diversification of the human gut resistome. Genomics Proteomics Bioinf. 17, 39–51. doi: 10.1016/j.gpb.2018.12.003, PMID: 31026582


	 Li Z., Zhang H. (2016). Reprogramming of glucose, fatty acid and amino acid metabolism for cancer progression. Cell. Mol. Life Sci. 73, 377–392. doi: 10.1007/s00018-015-2070-4, PMID: 26499846


	 Liu B., Chau J., Dai Q., Zhong C., Zhang J. (2022). Exploring gut microbiome in predicting the efficacy of immunotherapy in non-small cell lung cancer. Cancers (Basel) 14 (21), 5401. doi: 10.3390/cancers14215401, PMID: 36358819


	 Liu R., Zou Y., Wang W.-Q., Chen J.-H., Zhang L., Feng J., et al. (2023). Gut microbial structural variation associates with immune checkpoint inhibitor response. Nat. Commun. 14, 7421. doi: 10.1038/s41467-023-42997-7, PMID: 37973916


	 Lu Y., Yuan X., Wang M., He Z., Li H., Wang J., et al. (2022). Gut microbiota influence immunotherapy responses: mechanisms and therapeutic strategies. J. Hematol. Oncol. 15, 47. doi: 10.1186/s13045-022-01273-9, PMID: 35488243


	 Newsome R. C., Gharaibeh R. Z., Pierce C. M., da Silva W. V., Paul S., Hogue S. R., et al. (2022). Interaction of bacterial genera associated with therapeutic response to immune checkpoint PD-1 blockade in a United States cohort. Genome Med. 14, 35. doi: 10.1186/s13073-022-01037-7, PMID: 35346337


	 Paulos C. M., Wrzesinski C., Kaiser A., Hinrichs C. S., Chieppa M., Cassard L., et al. (2007). Microbial translocation augments the function of adoptively transferred self/tumor-specific Cd8+ T cells via Tlr4 signaling. J. Clin. Invest. 117, 2197–2204. doi: 10.1172/JCI32205, PMID: 17657310


	 Qian X., Zhang H.-Y., Li Q.-L., Ma G.-J., Chen Z., Ji X.-M., et al. (2022). Integrated microbiome, metabolome, and proteome analysis identifies a novel interplay among commensal bacteria, metabolites and candidate targets in non-small cell lung cancer. Clin. Transl. Med. 12, e947. doi: 10.1002/ctm2.947, PMID: 35735103


	 Robinson I., Hochmair M. J., Schmidinger M., Absenger G., Pichler M., Nguyen V. A., et al. (2023). Assessing the performance of a novel stool-based microbiome test that predicts response to first line immune checkpoint inhibitors in multiple cancer types. Cancers (Basel) 5 (13), 3268. doi: 10.3390/cancers15133268, PMID: 37444378


	 Routy B., Le Chatelier E., Derosa L., Duong C. P. M., Alou M. T., Daillère R., et al. (2018). Gut microbiome influences efficacy of Pd-1-based immunotherapy against epithelial tumors. Sci. (New York NY) 359, 91–97. doi: 10.1126/science.aan3706, PMID: 29097494


	 Sholl L. M., Hirsch F. R., Hwang D., Botling J., Lopez-Rios F., Bubendorf L., et al. (2020). The promises and challenges of tumor mutation burden as an immunotherapy biomarker: A perspective from the international association for the study of lung cancer pathology committee. J. Thorac. Oncol. 15, 1409–1424. doi: 10.1016/j.jtho.2020.05.019, PMID: 32522712


	 Stein-Thoeringer C. K., Saini N. Y., Zamir E., Blumenberg V., Schubert M.-L., Mor U., et al. (2023). A non-antibiotic-disrupted gut microbiome is associated with clinical responses to Cd19-Car-T cell cancer immunotherapy. Nat. Med. 29, 906–916. doi: 10.1038/s41591-023-02234-6, PMID: 36914893


	 Tufail M., Jiang C.-H., Li N. (2024). Altered metabolism in cancer: insights into energy pathways and therapeutic targets. Mol. Cancer 23, 203. doi: 10.1186/s12943-024-02119-3, PMID: 39294640


	 Vétizou M., Pitt J. M., Daillère R., Lepage P., Waldschmitt N., Flament C., et al. (2015). Anticancer immunotherapy by Ctla-4 blockade relies on the gut microbiota. Sci. (New York NY) 350, 1079–1084. doi: 10.1126/science.aad1329, PMID: 26541610


	 Vitali F., Colucci R., Di Paola M., Pindo M., De Filippo C., Moretti S., et al. (2022). Early melanoma invasivity correlates with gut fungal and bacterial profiles. Br. J. Dermatol. 186, 106–116. doi: 10.1111/bjd.20626, PMID: 34227096


	 Wirbel J., Pyl P. T., Kartal E., Zych K., Kashani A., Milanese A., et al. (2019). Meta-analysis of fecal metagenomes reveals global microbial signatures that are specific for colorectal cancer. Nat. Med. 25, 679–689. doi: 10.1038/s41591-019-0406-6, PMID: 30936547


	 Yadegar A., Bar-Yoseph H., Monaghan T. M., Pakpour S., Severino A., Kuijper E. J., et al. (2024). Fecal microbiota transplantation: current challenges and future landscapes. Clin. Microbiol. Rev. 37, e0006022. doi: 10.1128/cmr.00060-22, PMID: 38717124


	 Yu C., Zhou B., Xia X., Chen S., Deng Y., Wang Y., et al. (2019). Prevotella copri is associated with carboplatin-induced gut toxicity. Cell Death Dis. 10, 714. doi: 10.1038/s41419-019-1963-9, PMID: 31558709


	 Zhang Q., Luo J., Wu S., Si H., Gao C., Xu W., et al. (2020). Prognostic and predictive impact of circulating tumor DNA in patients with advanced cancers treated with immune checkpoint blockade. Cancer Discov. 10, 1842–1853. doi: 10.1158/2159-8290.CD-20-0047, PMID: 32816849


	 Zhu Z., Cai J., Hou W., Xu K., Wu X., Song Y., et al. (2023). Microbiome and spatially resolved metabolomics analysis reveal the anticancer role of gut akkermansia muciniphila by crosstalk with intratumoral microbiota and reprogramming tumoral metabolism in mice. Gut Microbes 15, 2166700. doi: 10.1080/19490976.2023.2166700, PMID: 36740846







Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.


Copyright © 2025 Han, Zhou, Wang, Liu, Sun and Xu.. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fcimb-15-1591076-g002.jpg
N Richness B 02 C ‘ — .
=-0.019, P=0.918 H
80001 3000 ‘
2500
a H
0.0 ‘
6000 x ]
> 2000
©
[
g < 1500 |
40004 Q 2
.
» . 1000
. : : :
Group
2000 { 500
. Response 04 @ Response
BE Non-response . @ Non-response ,
° ] S
" " 03 02 01 0.0 0.1 0.2 '
Response Non-response Between Non-response Response
PCA1: 13.61%
Phylum level Genus level Species level
075 075 _ 075
S S g
g H s
£ s ]
s T
2 2 g
3 o0s0 3 o050 3 050
£ s E -
k: k] K
& & &
025 025 025
0.004 .00 0.00-
Response Non-response Response Non-response Response Non-response
[0 p_Bacteroidetes p_Euryarchaeota [0 g_Bacteroides g_Roseburia [0 s_Phocaeicola vulgatus s_Bacteroides thetaiotaomicron
p_Firmicutes [@ p_Uroviricota g_Phocaeicola [@ g_Parabacteroides s_Escherichia coli [ s_Bacteroides fragilis
p_Proteobacteria p_Lentisphaetae g_Alistipes g_Escherichia [] s_Bacteroides uniformis ] s_Prevotella copri
@ p_Actinobacteria p_Synergistetes [0 g_Clostridium g_Prevotella [ s_Bacteroides ovatus s_Akkermansia muciniphila

p_Verrucomicrobia

E

I Non-response
I Response

I a:s_Actinotignum_schaalii

I b:g_Actinotignum

I c:s_Bifidobacterium_pseudolongum
=) d:s_Bacteroides_caccae

[ ] e:s_Bacteroides_fragilis_ CAG:558
I f's_Bacteroides_sp_NSJ_48
I g:s_Butyricimonas_faecalis

I h:s_Prevotella_copri

I i:s_Prevotella_copri_CAG_164
I j:s_Prevotella_sp_CAG_1031
B k:s_Prevotella_sp_CAG_520
I |:s_Prevotella_sp_CAG_5226

B m:s_Alistipes_inops

I n:s_Parabacteroides_johnsonii_CAG_246

I o:s_Bacteroides_bacterium_52_46

I r:s_Bacteroides_bacterium_ADurbBin302

I 9:9_Lactococcus
I r:s_Streptococcus_equinus

[ p_Candidatus Melainabacteria

I s:s_Clostridium_porci

I t:s_Clostridium_sp_AM58_1XD
I u:s_Clostridium_sp_KLE_1755
I \:s_Clostridium_sp_OF03_18AA
I \v:s_Clostridium_sp_TF11_13AC
B x:s_Clostridium_transplantifaecale
I y:s_Hungatella_effuvii

I z:s_Eubacterium_sp_14_2

I 20:s_Bariatricus_massiliensis
I a1:g_Bariatricus

I 22:s_Blautia_coccoides

I 23:s_Blautia_marasmi

I 24:s_Dorea_phocaeensis

I a5:s_Dorea_sp_CAG_317

I =6:s_Eisenbergiella_poric

I a7:s_Eisenbergiella_sp_OF01_20
I 28:9_Eisenbergiella

g_Faecalibacterium

: F

I Non-response

—5.25 —-4.24 -3.23 -2.22 -1.21 -0.20 0.81

g_Ruminococcus s_Faecalibacterium prausnitzii

[0 s_Bacteroides caccae

I Response

s | Bacteroidles_cacca
s| Dorea_sp_CAG_31
s__Parabacteroides_johnson|i_CAG_24
s_ Preyotella_sp|CAG_103
s_| Lachnoclgstridium_[lostridiu
s__Lachnoclostfidium_Clgstridium_gymbiosu
s__ Closgridium_sg KLE_175

s__Preyotella_sp |CAG_520
s_ Preyotella_copri

1.82 2.83 3.84
LDA SCORE (log 10)

I h0:s_Lachnoclostridium_Clostridium_scindens [l c8:s_Candidatus_Avimonas_faecium
I b1:s_Lachnoclostridium_Clostridium_symbiosum [ c9:s_Candidatus_Avimonas_intestinalis
I b2:s_Lachnoclostridium_sp_An76
[ b3:s_Lacrimispora_saccharolytica
—/ b4:s_Mediterraneibacter_sp_NSJ_55
I b5:s_Oliverpabstia_intestinalis
I H6:g_Oliverpabstia

I b7:s_Schaedlerella_arabinosiphila
I b8:g_Schaedlerella

I b9:s_Anaerofilum_sp_BX8

I c0:s_Angelakisella_massiliensis
I c1:9_Angelakisella

I c2:s_Ruminococcus_sp_AM36_18
B c3:s_Ruminococcus_sp_CAG_108
I c4:s_Ruminococcus_sp_CAG_563
B c5:s_Massilistercora_timonensis
I c6:9_Massilistercora

I d0:s_Candidatus_Avimonas_merdigallinarum
I 1 :s_Candidatus_Falkowella_caecavicola
[ ] d2:g_Candidatus_Falkowella

I d3:s_Candidatus_Metaruminococcus_caecorum
I d4:f_Unclassified_Clostridia

I d5:s_Longicatena_caecimuris

I d6:g_Longicatena

I d7:g_Fusobacterium

I d8:s_Kluyvera_georgiana

I d9:g_Brachyspira

I <0:f_Unclassified_Spirochaetes

I <1:0_Unclassified_Spirochaetes

I c2:c_Unclassified_Spirochaetes

B ¢3:9_Unclassified_Caudovirales

I 29:s_Lachnoclostridium_Clostridium_hylemonae ([l c7:s_Candidatus_Avimonas_caecicola





OEBPS/Images/fcimb-15-1591076-g004.jpg
100 —

80 —

o
=)
I

Sensitivity(%)
T

20 =

100

80

@
o

Sensitivity(%)

20

100

80

)
=]

Sensitivity(%)

20

100

RF (auc = 81.1189)
Nnet (auc = 76.9231)
Treebag (auc = 76.2238)
«+++ Gbm (auc = 76.2238)
Pls (auc = 75.5245)
Bayes (auc = 72.7273)

KNN (auc = 66.7832)
SVM (auc = 70.7792)

| I I I
60 20 0

Specifi cnty(%)

Prediction model based on genus level

80

=== Response vs Non_response (auc = 79.4118)

«===|ndependent validation cohort (auc = 61.6071)

60 40 20 0

Specificity(%)

Prediction model based on species level

m Specificity Sensitivity cot?f?(g:nt 95% ClI

=== Response vs Non_response (auc = 82.1078)

T T T T

20 0
Specificity(%)

0.7692 0.5455 0.6667 0.3191

Nnet 0.9231 0.6364 0.7917 0.5714
Treebag 0.7692 0.6364 0.7083 0.4085
Gbm 0.8462 0.4545 0.6667 0.3094
Pls 0.7692 0.7273 0.75 0.4965
Bayes 0.6923 0.5455 0.625 0.625
SVM 0.5000 0.7273 0.6 0.2187
KNN 0.6923 0.5455 0.625 0.625

Importance Scores

g_Anaerofilum

g_Candidatus Avimonas

g_Angelakisella

g_Candidatus Falkowella

s__[Clostridium] symbiosum

O s e ®

Mean decrease in accuracy

Q

(0.4468,0.8437)
(0.5785,0.9287)
(0.4891,0.8738)
(0.4468,0.8437)
(0.5329,0.9023)
(0.4059, 0.812)
(0.3867,0.7887)

(0.4059,0.812)

Group

@ Response
@ Non-response

Importance Scores

s_Bacteroides caccae

s__Ruminococcus sp. AM36-18

s__Angelakisella massiliensis

s__Dorea sp. CAG:317

s__Candidatus Avimonas caecicola

s__Ruminococcus sp. CAG:108

Group

@ Response
@ Non-response

.
@
|
Sl e e e P S e e @

Mean decrease in accuracy





OEBPS/Images/fcimb-15-1591076-g007.jpg
KEGG Enrichment Bar Plot

All patients

non-ATB patients

ATB patients

Transport and catabolism Il 10375
Cellular community — prokaryotes - NI 63642

Cellular community - eukaryotes -

Cell motility 1l 11646

Cell growth and death - Il 29081

Signaling molecules and interaction -

Wl 7258 - 3033
I 44120 - N 19198
12 111 41
I 8801 M 2736
N 20437 - 8528
260 177 {783
I 38565 - 16594

Signal transduction - I 55466
Membrane transport - IR 117075

Translation {7 81260
Transcription 7891
Replication and repair4 = 78715

Folding, sorting and degradation{__ 45582
Substance dependence {9

Neurodegenerative diseases
Infectious diseases: Viral 4
Infectious diseases: Parasitic 4
Infectious diseases: Bacterial 4
Immune diseases -

Endocrine and metabolic diseases -
Drug resistance: Antineoplastic
Drug resistance: Antimicrobial 5
Cardiovascular diseases -
Cancers: Specific types
Cancers: Overview -

|, 70037
T T

{0 23788

Xenobiotics biodegradation and metabolism -

KEGG Subclass

Nucleotide metabolism - EE——

Metabolism of terpenoids and polyketides - 25580
Metabolism of other amino acids - IR 44037

Metabolism of cofactors and vitamins - IR

Lipid metabolism

1
Glycan biosynthesis and metabolism - IR
Energy metabolism - B
Carbohydrate metabolism - I 217479

{8 5575 401 2294
o 55644 - I 22780
(L 32258 13161
9 {0
1938 1342 4 589
1895 {1323 4 566
439 292 4 143
14047 1 10137 4 3848
1101 781 1313
9033 { 6342 4 2662
6427 1 4491 4 1904
30902 21697 4 9077
4512 1 3141 4 1345
2329 1630 4 690
12072 1 8559 <3463
12587 - 5680
102360 I 71547 - 30415
{HEE 17933 <. 7525
. 30872 - 13011
105922 | . 74901 | I 30544
49596 I 34725 - 14672
56181 N 39427 - 16572
104840 | 72847 | I 31552

Biosynthesis of other secondary metabolites R 37873

Amino acid metabolism 159747

150382

N
o3}
o2}
=}
@

66208

Sensory systemj 4 {4 40
Nervous system -l 4522 1 3129 1 1372
Immune system -l 4200 I 3021 41 1148
Excretory system | 752 1l 487 1 262
Environmental adaptation -l 4666 B 3346 0 1297
Endocrine system - [l 13785 <l 9699 -l 4041
Digestive system | 1706 I 1223 41 480
Development + 4 14 10
Circulatory system- 13 19 4
Aging Ml 7950 ; : ; ] |W_5626 | | 2295 ! |
0 50000 100000 150000 200000 250000 O 50000 100000 150000 0 20000 40000 60000

I Cellurlar Processes

Human disease

B

Response
9 4

Non-response

Number of gene

C

Firmicutes
Proteobacteria
Bacteroidetes
Actinobacteria
Lentisphaerae

~ Verrucomicrobia

Fusobacteria
Euryarchaeota
Tenericutes
Synergistetes
Others

[ Environmental Information Procesing
[ Metabolism

Vibrio_anguillarum_chloramphenicol -

APH(3")-Vllla-

APH(3')-1ib

Number of gene

Number of gene

Il Organismal Systems

- Response - Non-response

Oprz—

tet(K)

GIM-2+
dfrA3b—

DHA-16 Ill

BJP-1
|

ErmF o

95% confidence intervals

®---0---0---0---9---2--_-@--

v
80000

[ Genetic Information Procesing

1.619115e-02

- 1.529208e-02

[~1.469593e-02

-1.419017e-02,

1.298144e-02

X09o|1m)anjea-d

-1.277597e-02

(3s9y

[-9.661067e-03

[~9.071916e-03

-9.033886e-03

-5.713819e-03

T T T T T
0 25 50 75 100

Mean proportions

T T T
-30 -20 -10
Difference in mean proportions

@i e g~





OEBPS/Images/fcimb-15-1591076-g006.jpg
-~ All patients(R+NR) ()~ Non-response patients

All patients Non-ATB patients ATB patients
8000
8000 8000
7000
4566 6000
6000
4000
4000 . 5000
4000 .
2000 2000
. 3000 .
T0 ™ T2 T0 ™ T2 T0 T
B Dynamic change of s_Bacteroides caccae Dynamic change of s_ Prevotella copri
Non-ATB patients Non-ATB patients
0.007 0012
0995, 0.010644
0.006 .UUSY 5
0.005391 %01 0.009143
0.005
7842
0.004446 0.008 90078 0.007431
0.004039 0.003953
0003 008357 0.006172 0.006166
0.006
0.003
0.004
0.002
0.002
0.001 0.001108
0r T T ! [ T T
TO T1 T2 TO T T2
O All patients (R+NR) ()~ Response patients -( - Non-response patients -(O- All patients (R+NR) ~()- Response patients (- Non-response patients
Dynamic change of s_ Bacteroides caccae Dynamic change of s_ Prevotella copri
ATB patients ATB patients
0014 0012
0.011179
0.012013
0.012 001
0.01
0.008
0.008
0.006
0.006
0.004414 0,004
0004 0.003653
: o
o 0.002
0, T - 0 T
0 m 1o m

-~ All patients (R+NR) ()~ Non-response patients






OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fcimb.2025.1591076_cover.jpg
& frontiers | Frontiers in Cellular and Infection Microbiclogy

Exploring fecal microbiota signatures
associated with immune response and
antibiotic impact in NSCLC: insights from
metagenomic and machine learning
approaches





OEBPS/Images/fcimb-15-1591076-g003.jpg
s_Ruminococcus ' s_Ruminococcus
p._CAG:563 _sp._CAG:563

+_atorocetes i@Jun pout oz 5. prevotela:sp._CAGS20
5. Buyric@os_foccalis s__ Butyricin@has_fascals—Bacterdides_sp. NSJ48
s_scindy scronn S Akstpss fnops 5 Provoisio@pri CAG164

s_Prevolella &p_CAG5226

«_rro@oicom ._..7““,%5@ L e s
5__Actinotignum_ schaalii S Alitipes.i
+_ o oA ssrniadh_CHo 57z

5. Bacteroitetes_basterium AbuBRIRIges_ragiis_CAGSSS
5_Prevotelaisp,_CAGS20 s_Bact ¥ L Af

R patient samples NR parient samples o
Proportion of positive correlations within R microbiota: 418/449=93% Proportion of positive correlations within R microbiota: 252/266=94.7%

oo

5o 15 MBS

/nn-‘cw:w

= o Stohons s

PSS V-
<@ e

s

w*‘\*&-‘ S e e \\w\\ i
.,wwgmm_._m - = = S L“E;."“.::.,ih > op

R parient samples NR parient samples

Proportion of positive correlations within NR microbiota: 18/25=72% Proportion of positive correlations within NR microbiota: 6/7=85.7%

. Response species . Non-response species = POSitive correlation _— Negative correlation





OEBPS/Images/fcimb-15-1591076-g005.jpg
A

B

[ Long-PFS [ short-PFS

s_i Prevotella_copri
a1 2_
s_Ba:cteruides_'l‘ragiIis

,
i
i
i
i
i
i s__Batteroides_pvatus

si_Clostridium_sp_CAG_568
sE_CIostridi:ales_bactérium
i . n
s;_CoIIlnsellla_aerofaqlens
sl Clostridi'a bacteridm
s,_Dorea sb CAG 31:7

s{_CIostr|d|pm_sp_CA{G_l38
si__ Blautia_'producta i

1
i
i
i

si CIostridi'eles__bactérium_sz_is
— v T ]
1
1

si_Bifidobacterium_bifidum
i I I i [ [

i i
s_iBacteroides_xylanisolvens _

] 1 1 1
si_Methangbrevibactgr_smithii|

s,_Flrmlcutés bactenpm CAG

1

45

—4.858-3.838-2.818-1.798-0.778 0.242 1.262 2.282 3.302 4.322

LDA SCORE (log 10)

[ Long-PFS [ short-PFS

s_ Streptococcus_lytetiensis

s_EBacteroides_fragilis
s__ Bacteroides_stercoris

s__Dorea_sp_CAG §17

s__Clostridiales badterlum 52_15

lgl < Clostridium_sp_GAG_568

|
-4

Top 50

I | I
-2 0 2

LDA SCORE (log 10)

LEfSe Co-occurence

S __Bacteroides caccae

i
4

RF markers

C

i

[ Long-PFS [ short-PFS

1 ! 1
s._Bacteroides_cellulpsilyticus

"'m"’""""

e e e o

s 'Bactermdels ovatus

S, Bactermdds fragilis
Bacter¢|des xylahlsolvens
s Bacderondes mtestlnahs
s Anael’ptruncus tnassmen S
s uncultured crA$phage
s_EggevltheIIa_Ien{Ia
s_BIautilh_caecimléris
s_Chitin:ophaga_siIIvisoIi

{ ! PSR S !; -

w
et

s_Lachn:ocIostridiu:m_sp_An
s_Evtepia_gabavo:rous
s_NegIe:cta_timonlénsis
s_Bifido,bacteriumi_adolesce tis
s_CIostr,%diaIes_bai.:terium
s_LachriocIostridiLim_CIostn ium_scindens
s_Hung$teIIa_hatriewayi
s_Clostridium_sp_CAG_138
s_CIostr%dia_bacte‘:rium

5 Alnsthles Sp. CAqIS 29

5 Flrmu:utes bacterlum CAG_145

s CoII|n$eIIa aerofaC|ens

S - it

1 1
s_ Blautia_producta
1 1
s_ Bifidobacterium| bifidum
i T
s_AIistidles_ondert?onkii

| |

—5.402-4.322-3.242-2.162-1.082-0.002 1.078 2.158 3.238 4.318

E

Top 50

LDA SCORE (log 10)

LEfSe Co-occurence

RF markers

s__Prevotella copri





OEBPS/Images/fcimb-15-1591076-g001.jpg
Variance explained by immune response status
species average: 2.70%

0.5-

Variance explained by immune response status
species average: 1.22%

study

0.1 0.2 0.3 0.4

species average: 0.09%
Variance explained by study

cancer_type

0.1 0.2 0.3 0.4

species average: 0.06%

Variance explained by cancer_type

0.5

0.5

0.4-

; 0.3-

0.1-

Variance explained by immune response status
species average: 3.21%

0.0

0.5-

Variance explained by immune response status
species average: 1.34%

0.0

ATB
@ .
s
< e
0.1 0.2 0.3 0.4

species average: 0.13%
Variance explained by ATB

sex

0.1 0.2 0.3 0.4

species average: 0.08%
Variance explained by sex

0.5

0.5

Variance explained by immune response status

species average: 1.93%

age

o
Gl

=
bl

o
o

o
b

o
-

o
&

0.0 0.1 0.2 0.3 0.4

species average: 0.08%
Variance explained by age

Trimmed mean abundance

° 1e-05
: 1 e-04
1e-03

1 e-02

Significance (P<0.05)

e FALSE

e True

0.5





OEBPS/Images/table1.jpg
Type of

o Sample Age (average . Accession
First author P g (a 9 immunotherapy
numbers +s.d.?) - number
given
Sludy 1 Ben Liu (Liu et al., 2022) 2022 WGS 14 66.57 + 12.95 Anti-PD-1 PRJNA866654 Towa, USA
-He Le ul,
Study 2 SeiHod:Les 2021 WGS 2 61.00 +7.07 Anti-PD-1 PRJEB26531 Se0
(Lee et al,, 2021) Korea
Yoshitaro Heshiki (Heshiki Arizona,
Study 3 oshitaro Heshikd (Heshiki | ) | g 3 53.63 +6.72 Anti-PD-1 PRINA494824 s oo
et al,, 2020) USA
Bertrand Rout Paris,
Study 4 e 2018 WGS 118 6281 +9.61 Anti-PD-1 PRIEB22863 ans
(Routy et al,, 2018) France
Study 5 HMP* 2015 WGS 72 N _ PRINA48479 USA
Validation | Rachel C. Newsome w168 65 et Anti-PD-1/CTLA, prNATGssrs | TP
s(udy 1 (Newsome et al., 2022) rRNA anti-PD-L1 FL, USA

*The Human Microbiome Project (HMP) is a large-scale DNA sequencing program led by the National Institutes of Health. From it, we extracted metagenomic shotgun sequencing data from
healthy subjects for downstream analysis (http://segatalab.cibio.unitn.it/tools/metaphlan2/).





