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Abstract
Lower respiratory tract microbiome constitutes a unique immune microenvironment for advanced non-small cell lung cancer 
as one of dominant localized microbial components. However, there exists little knowledge on the associations between this 
regional microbiome and clinical responses to anti-PD-1 immunotherapy from clinical perspectives. Here, we equivalently 
collected bronchoalveolar lavage fluids from 56 advanced NSCLC participants treated with none (untreated, n = 28) or 
anti-PD-1 immunotherapy (treated, n = 28), which was further divided into responder (n = 17) and non-responder (n = 11) 
subgroups according to clinical responses, aiming to compare their microbial discrepancy by performing metagenomic 
sequencing and targeted metabolic alterations by tryptophan sequencing. Correspondingly, microbial diversities transformed 
significantly after receiving immunotherapeutic agents, where Gammaproteobacteria and Campylobacter enriched, but 
Escherichia, Streptococcus, Chlamydia, and Staphylococcus reduced at the genus level, differences of which failed to be 
achieved among subgroups with various clinical responses (responder or non-responder; LDA > 2, P < 0.05*). And the rela-
tive abundance of Staphylococcus and Streptomyces was escalated in response subgroup to anti-PD-1 immunotherapy by 
microbial compositional analysis (as relative abundance ≥ 3%, P < 0.05*), no significance of which was achieved among 
treated and untreated groups. In addition, relative abundances of bacterial tryptophan metabolites and its derivatives were 
also higher in the responder subgroup, distinctively being associated with divergent genera (VIP > 1, P < 0.05*). Our study 
revealed predictive performance of lower respiratory tract microbiome to antitumoral immunotherapy and further suggested 
that anti-PD-1 immunotherapy may alter lower respiratory tract microbiome composition and interact with its tryptophan 
metabolites to regulate therapeutic efficacy in advanced NSCLC, performing as potential biomarkers to prognosis and 
interventional strategies.
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Anti-PD-1 immunotherapy · Clinical responses

Introduction

The advent of immune checkpoint inhibitors (ICIs) over the 
past decade has achieved significant improvements in sur-
vival for patients with advanced non-small cell lung cancer 
(NSCLC), which accounts for the great majority of morbid-
ity and mortality in the worldwide [1]. Unfortunately, only 
20% of NSCLC could benefit from ICIs, especially targeting 

programmed death-ligand 1 and its ligand (PD-1/PD-L1) 
blockade therapy, with the presence of primary or acquired 
drug resistance to immunotherapy [2–5]. Although the rela-
tive expression of PD-1/PD-L1 has been taken as primary 
efficacy predictor to ICIs in clinic, tumoral heterogeneity and 
individual differences still make it vulnerable to reach unsat-
isfied therapeutic outcomes and even excessive expectation 
among identified potential beneficiaries by detecting PD-1/
PD-L1 alone [6]. Therefore, exploring innovative biomark-
ers to effectively identify potentially profiting cohort to ICI 
therapy is still an urgency in advanced NSCLC.

Microbiomes have been extensively validated to take 
effects in the efficacies of chemotherapy, radiotherapy and to 
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reduce treatment-related adverse events in advanced NSCLC 
[7–9]. Taking gut microbiome as an example, distinct micro-
bial characteristics in gut dynamically establish individual-
ized microecological environments from the birth. And gut 
microbiome usually performs as personnel “Identity Cards” 
to maintain health by organ-oriented axial transportation, 
disturbance of which may drive morbid, and even lung can-
cer-included tumoral conditions. Growing evidences have 
also proved that intestinal microbiome determines the sensi-
tivity to multiple antitumoral therapeutic strategies regarded 
as microbial predictors in NSCLC [10–12]. However, lower 
respiratory tract microbiome is seemingly negligent on car-
cinogenesis in pulmonary disorders, although amounts of 
studies have demonstrated its dominant performance on 
chronic obstructive pulmonary disease (COPD), cystic fibro-
sis, asthma, and other respiratory diseases. Due to the spa-
tial/temporal coexistence with malignant cells in lung, lower 
respiratory tract microbiome is correlated more closely with 
NSCLC by direct interaction than gut microbiome by axial 
transportation via blood [13–15]. Indeed, outburst of cultural 
techniques and multi-omics sequencings enables precise 
identification of lower respiratory tract microbiome rather 
than present invasive examinations [16], further presenting 
a potential preference for achieving dynamic monitoring and 
agent efficacy prediction during therapeutic steps to NSCLC.

Predictive performance of lower respiratory tract micro-
biome in antitumoral immunotherapy has been verified 
by several studies up to now. Recent reports illustrated 
that pulmonary immune signatures appeared to be more 
closely related to lower respiratory tract flora than to gut 
microbiome in the same ones, albeit in a restricted biomass 
compared to that in gut [17]. From clinical perspectives, 
responders to immunotherapy feature a more diverse lower 
respiratory tract microbiota than that in non-responders, and 
certain bacterial products could be crucial for the response 
group [18], but other studies have still reached no difference 
between them both [19]. Thus, enough attentions need to be 
further paid on the ICI-associated lower respiratory tract 
microbiome alterations, which may provide a convenient, 
implementable approach for illustrating the distinctive role 
of lower respiratory tract microbiome in clinical responses 
throughout immune checkpoint blockade therapy.

In addition, besides the microbe-derived direct interac-
tion to host cells, microorganisms are liable to produce vari-
ous metabolites as signaling mediums to crosstalk with the 
host [20]. Among them, tryptophan metabolism centers as 
a common therapeutic target in multiple cancer types, but 
reaches contradictory evidences as to whether tryptophan 
metabolism affects responses to immunotherapy. Several 
studies revealed that tryptophan metabolite L-kynurenine 
mediates the immunosuppression across different cancer 
types by activating aryl hydrocarbon receptor (AhR) ligands 
[21, 22], and yet, the others took on opposite standpoint that 

microbe-oriented tryptophan metabolite, indole-3-aldehyde 
(I3A), enhanced antitumoral immunity as a potent AhR 
ligand to activate ICI in preclinical melanoma [23]. Further-
more, positive response to ICI in pancreatic cancer seemed 
embraced higher concentrations of microbe-generated tryp-
tophan metabolite indole-3-acetic acid (3-IAA) [24]. Col-
lectively, tryptophan and its derivatives produced by lower 
respiratory tract microbiome deserve detailed investigation 
to further uncover their potential clinical values among mon-
itoring and prediction to antitumor immunotherapy.

In this study, we performed shotgun metagenomic 
sequencing to bronchoalveolar lavage fluid collected from 
lower respiratory tract in 28 patients with non-treated 
NSCLC and 28 patients after receiving standard ICIs thera-
peutic regimes to compare microbial differences. Addition-
ally, targeted tryptophan sequencing was also carried out 
on those received ICIs interventions subgroups to analyze 
potential correlations between targeted metabolic discrep-
ancy and responses. Our study attempted to uncover the 
role of lower respiratory tract microbiome in antitumoral 
immunotherapy and further suggested that anti-PD-1 immu-
notherapy may alter lower respiratory tract microbiome 
composition and interact with its metabolites to potentially 
determine treatment efficacy and long-term prognosis in 
advanced NSCLC.

Materials and methods

Ethics approval and consent to participate

This study involved human participants and was approved 
by Medical Ethics Committee of the First Affiliated Hospi-
tal of Fourth Military Medical University (NO. XJYY-LL-
FJ-002). All participants enrolled in this study have signed 
informed consent based on the voluntary principle before 
sample collection performance. This research presented here 
has been performed in accordance with the Declaration of 
Helsinki. All methods were carried out in accordance with 
relevant guidelines.

Study cohort description and participant enrollment

The study included a total of 56 advanced NSCLC partici-
pants at the Department of Pulmonary and Critical Care of 
Medicine, the First Affiliated Hospital of Air Force Medical 
University from May 2022 to December 2022. The enroll-
ment was assignment to randomizations and blinding. The 
final diagnosis depended on the pathological characteristics 
of electronic bronchoscopy-mediated needle biopsy tissue 
samples after bronchoalveolar lavage fluid (BALF) col-
lection. These participants were then equivalently divided 
into two groups as untreated and treated, former of which 
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received no medication before initial treatment as negative 
control and latter of which received at least four cycles of 
standardized treatment of immune checkpoint inhibitors. In 
detail, after at least four cycles of standardized treatment of 
immune checkpoint inhibitors with 3 mg/kg intravenously 
every 3  weeks until disease progression or intolerable 
toxicity, examined by computed tomography or magnetic 
resonance imaging, all enrolled patients, who refused to 
combine or failed to undergo chemotherapy, were classi-
fied into responder and non-responder subgroups mainly by 
their responses to antitumor schemes as defined by RECIST 
1.1, excluding those with pseudo-progression and delayed 
immune treatment efficacy. Subjects were excluded if they 
had a history of antibiotics and glucocorticoid drugs utili-
zation in the past 3 months, combined respiratory acute or 
chronic infectious diseases, significant alterations in dietary 
habits within previous 3 months, and other conditions in 
which they failed to perform immunotherapy normatively. 
Clinical characteristics were retrieved from electronic medi-
cal records and standardized case report forms. In detail, 
participants enrolled were at stage IIIB/IV according to 
TNM staging (Version 8th) and received immune check-
point blockade monotherapy or combined regimes according 
to the Guidelines for the Diagnosis and Treatment of Non-
Small Cell Lung Cancer (Chinese Society of Clinical Oncol-
ogy, CSCO; Version 2022) and Clinical Practice Guidelines 
in Oncology Non-Small Cell Lung Cancer (National Com-
prehensive Cancer Network, NCCN; Version 2022). Basic 

information is displayed in Table 1, including sex, gender, 
and subject demographics. Workflow is shown in Fig. 1B.

Bronchoalveolar lavage fluids collection and sample 
preservation

The same bronchoscopy specialist used a sterile broncho-
scope to collect BALF samples. Performed following the 
standard protocol, the target tumor lesion was treated with 
preheated sterile physiological saline for 50-60 ml, maintain-
ing a stable recovery rate > 60%. All samples intended for 
microbial and metabolomics analysis were under centrifuga-
tion at 4℃, 12000 rpm for 40 min. Centrifugal sedimentation 
and supernatant were segregated and restored at -80℃ for 
microbial and targeted metabolomics analysis concurrently 
until processing. All processes strictly abided by sterile 
operating standards. Detailed information is also displayed 
in our previous study [25].

DNA extraction and metagenome sequencing

Total DNA was extracted from BALF samples using the 
QIAamp Fast DNA Stool Mini Kit (RRID: SCR_008539; 
QIAGEN, Germany) according to the manufacturer’s 
instructions (www.​qiagen.​com/​handb​ooks). The concen-
tration and quality of extracted DNA were determined 
using Qubit® dsDNA Assay Kit in Qubit® 2.0 Fluorom-
eter (RRID:SCR_008817; Life Technologies, CA, USA). 

Table 1   Baseline characteristics 
of the cohort

Untreated (n = 28) Treated (n = 28) P value

Demographics/anthropometric
Age/year 63.0 ± 9.5 61.6 ± 10.5 0.605
Male/Female 21/7 24/4 0.313
BMI(kg/m2) 24.00 ± 3.21 22.64 ± 3.73 0.150
Tumor stage (%) 0.163
III 7 3
IV 21 25
Tumor type (%) 0.312
ADC 12 12
LCC 9 13
Others 7 3
Tumor metastasis 0.064
Metastasis 18 24
Non-metastasis 10 4
Ki-67(%) 68.64 ± 0.23 55.36 ± 0.24 0.041*
PD-L1
Yes 11 19 0.032*
No 17 9
Smoking status (%) 0.567
Never smoker 10 8
Ever smoker 18 20

http://www.qiagen.com/handbooks
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The library was prepared using the Illumina’s NEBNext® 
Ultra DNA library preparation kit (RRID: SCR_010233. 
NEB, USA). And the DNA sample was fragmented by 
sonication to a size of 350  bp for Illumina sequenc-
ing with further PCR amplification. At last, PCR prod-
ucts were purified by AMPure XP Capabilities (RRID: 
SCR_008940; Beckman Coulter, USA, https://​www.​beckm​
ancou​lter.​com/) and libraries were analyzed for size distri-
bution by Agilent2100 Bioanalyzer (RRID: SCR_019715; 
https://​www.​agile​nt.​com/​cs/​libra​ry/​poste​rs/​Public/​BioAn​
alyzer) and quantified using real-time PCR.

Pre‑processing of sequencings and metagenome 
assembly

Fastp software (RRID: SCR_016962; https://​github.​com/​
OpenG​ene/​fastp) was used for raw data quality control, 
default software parameters were selected to preprocess 
raw data obtained by Illumina HiSeqX platform (RRID: 
SCR_016385; https://​www.​illum​ina.​com/​syste​ms/​seque​
ncing platforms/hiseq-x.html), and clean data were obtained 
for subsequent analysis. Reads were aligned to the human 
genome by the Bowtie2 software (RRID: SCR_016368; 

Fig. 1   Study design and participant cohort enrollment. A Flow chart 
of this study. B Workflow demonstrating the cohort enrollment and 
exclusion criterion. Subsets are divided into patients with no therapy 
(Untreated, n = 28) and patients with anti-PD-1 therapy (Treated, 
n = 28), latter of which was further divided into Non-Responder (NR, 

n = 11) and Responder (R, n = 17) according to RECICST 1.1. C and 
D Representative Computed Tomography (CT) scanning images of 
indicated participants in NR (left) and R (right) at the identical lay-
ers among the same participant. Lung and mediastinum windows are 
shown as marked. Red arrow, suspected lesion sites

https://www.beckmancoulter.com/
https://www.beckmancoulter.com/
https://www.agilent.com/cs/library/posters/Public/BioAnalyzer
https://www.agilent.com/cs/library/posters/Public/BioAnalyzer
https://github.com/OpenGene/fastp
https://github.com/OpenGene/fastp
https://www.illumina.com/systems/sequencing
https://www.illumina.com/systems/sequencing
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v2.3.4, https://​bowti​ebio.​sourc​eforge.​net/​bowti​e2/​index.​
shtml ), and any hit associated with the reads and their mated 
reads were removed. Metagenomics data were assembled 
using MEGAHIT (RRID:SCR_018551; v1.2.9, https://​
github.​com/​voutcn/​megah​it), and contigs with the length 
being or more than 500 bp were selected as the final assem-
bling result. Open reading frames from each assembled 
contigs were predicted via GeneMark (RRID:SCR_011930; 
v3.38, http://​opal.​biolo​gy.​gatech.​edu/​GeneM​ark/). Combine 
the ORF prediction results of all samples and mixed assem-
bly, and use CD-HIT (RRID:SCR_007105; http://​weizh​ong-​
lab.​ucsd.​edu/​cd-​hit/) software to remove the redundancy, so 
as to obtain the non-redundant initial gene catalog [25]. By 
default, identity 95% and coverage 90% were used for clus-
tering, and the longest sequence was selected as the repre-
sentative sequence. Clean data of each sample were aligned 
to the initial gene catalog by using Bowtie2 (as mentioned 
above) to calculate the number of reads of the genes on each 
sample alignment. Genes with reads ≤ 2 in each sample were 
filtered out to finally determine the gene catalog by Unigene 
(RRID:SCR_004405; http://​www.​ncbi.​nlm.​nih.​gov/​unige​ne) 
for additional analysis. Based on the number of reads aligned 
and the length of gene, the abundances of genes in each 
sample were calculated by the following formula, in which 
R was the number of gene reads on alignment, and L was 
the length of gene.

Species annotation and functional profiles

On the basis of the NCBI RefSeq non-redundant proteins 
database (RRID:SCR_022748; https://​www.​ncbi.​nlm.​nih.​
gov/​refseq/​about/​nonre​dunda​ntpro​teins/), we annotated 
gene sets for bacteria, fungi, viruses, protozoa, and archaea 
using DIAMOND (RRID:SCR_009457; v0.9.9.110, https://​
github.​com/​bbuch​fink/​diamo​nd). On the basis of a unified 
database, each gene was assigned to the highest-scoring tax-
onomy, which facilitated simultaneous assessment of these 
microbial species in the lower respiratory tract of enrolled 
participants. We used the lowest common ancestor (LCA) 
algorithm to obtain the number of genes and abundance for 
each sample in each taxonomic hierarchy (kingdom, phylum, 
class, order, family, genus, and species). Krona analysis, 
relative abundance overview, abundance clustering thermal 
map, principal component analysis (PCA), and non-metric 
multi-dimensional scaling (NMDS) dimensional reduction 
analysis, Anosim intergroup (intragroup) difference analy-
sis, and LEfSe multivariate statistical analysis of intergroup 
differential species were performed based on the abundance 
tables at each classification level. The KEGG annotation 
was also conducted using DIAMOND against the database 
(RRID:SCR_012773; http://​www.​kegg.​jp/) with an e value 
cutoff of 1 × 10−5. Based on the abundance tables at each 
classification level and the number statistics of annotated 

genes, relative abundance overview, abundance cluster-
ing heat map, PCA and NMDS dimensionality reduction 
analysis, Anosim intergroup (intragroup) difference analysis 
based on functional abundance were carried out separately.

Tryptophan‑targeted metabolomic sequencing

Tryptophan and its metabolites were sequenced by MetWare 
(http://​www.​metwa​re.​cn/) based on the AB Sciex QTRAP 
6500 LC–MS/MS platform (RRID:SCR_021831). To put it 
simply, samples were thawed on ice, extracted with metha-
nol, and internal standard was added. The Waters ACQUITY 
UPLC HSS T3 C18 (100 mm × 2.1 mm i.d., 1.8 µm) was 
used for liquid chromatography. The mobile phase for liq-
uid chromatography was water with 0.1% formic acid (A) 
and acetonitrile with 0.1% formic acid (B). Tryptophan 
and its metabolites were analyzed using scheduled multi-
ple reaction monitoring. Data acquisitions were performed 
using Analyst®TF software (RRID:SCR_015785). And 
MultiQuant software on SCIEX (RRID:SCR_023651) was 
used to quantify all metabolites. Analyses such as PCA 
and OPLS-DA were implemented using R packages. Iden-
tified metabolites were annotated using KEGG database 
(RRID:SCR_012773; http://​www.​kegg.​jp/​compo​und), and 
annotated metabolites were then mapped to KEGG path-
way database (RRID:SCR_018145; https://​www.​genome.​jp/​
kegg/​pathw​ay.​html).

Statistical analysis

Statistical analyses were performed using IBM SPSS Sta-
tistics (RRID:SCR_016479). Demographic and clinical 
variables were shown as the mean (standard deviation) or 
the median (interquartile range) for continuous variables 
and number (%) for categorical variables. Continuous vari-
ables were compared between groups by the independent 
t test and Chi-square test for classification variables. The 
statistical significance level was set at P < 0.05*, P < 0.01**, 
P < 0.001***. No significance was labeled as P > 0.05 ns. 
Detailed statistical methods are described in the figure leg-
ends and Results section, respectively.

Results

Study design and participant cohort enrollment

We included a total of 56 participants with NSCLC in this 
study, in which computed tomography (CT) scanning highly 
suggestive of malignant lung tumors confirmed by electronic 
bronchoscopy biopsy ultimately. In detail, this cohort was 
divided into two groups including 28 participants received 
no treatment as control (untreated) and 28 participants who 

https://bowtiebio.sourceforge.net/bowtie2/index.shtml
https://bowtiebio.sourceforge.net/bowtie2/index.shtml
https://github.com/voutcn/megahit
https://github.com/voutcn/megahit
http://opal.biology.gatech.edu/GeneMark/
http://weizhong-lab.ucsd.edu/cd-hit/
http://weizhong-lab.ucsd.edu/cd-hit/
http://www.ncbi.nlm.nih.gov/unigene
https://www.ncbi.nlm.nih.gov/refseq/about/nonredundantproteins/
https://www.ncbi.nlm.nih.gov/refseq/about/nonredundantproteins/
https://github.com/bbuchfink/diamond
https://github.com/bbuchfink/diamond
http://www.kegg.jp/
http://www.metware.cn/
http://www.kegg.jp/compound
https://www.genome.jp/kegg/pathway.html
https://www.genome.jp/kegg/pathway.html


	 Cancer Immunology, Immunotherapy (2025) 74:140140  Page 6 of 16

received anti-PD-1 immunotherapy (treated), which was fur-
ther split into responder and non-responder subgroups after 
standardized therapeutic regimes based on the RICIST 1.1 
criteria (Fig. 1A and B). As expected, there were no signifi-
cant differences in age, gender, BMI, or tumor type between 
the untreated and treated groups (P > 0.05 ns) as previous 
reported [25]. The images complied with the grouping cri-
teria as well, and representative imaging graphs were posted 
(Fig. 1C and D). Baseline clinical characteristics of enrolled 
participants are summarized in Table 1.

Relative abundance of lower respiratory tract 
microbiome reconfigured in response to anti‑PD‑1 
immunotherapy

To investigate whether antineoplastic drugs affected the 
composition of the lower respiratory tract microbiome, we 
compared the discrepancies in the lower respiratory tract 

microbiome between the treated and untreated groups by 
metagenomic sequencings. Correspondingly, both groups were 
predominantly composed of Proteobacteria, Firmicutes, and 
Chlamydiae at the phylum level, with the virus Artverviricota 
also being found (Fig. 2A). However, the relative abundance 
of Proteobacteria was enriched in the treated group than in 
the untreated group, while Firmicutes and Chlamydiae were 
enriched in the untreated group (P < 0.05*) (Fig. 2C). The 
top eight represented genera in lower respiratory tract were 
Escherichia, Gammaproteobacteria, Bacillus, Pseudomonas, 
Staphylococcus, Chlamydia, Streptococcus, and Campylobac-
ter (Fig. 2B). The results of the Wilcoxon rank-sum nonpara-
metric test showed that the treated group had higher concen-
trations of Gammaproteobacteria and Campylobacter, while 
untreated group was enriched with Escherichia, Streptococ-
cus, Chlamydia, and Staphylococcus (Fig. 2D). These results 
indicated that immune checkpoint inhibitors might reconfig-
ure lower respiratory tract microbiome by changing relative 

Fig. 2   Relative abundance of lower respiratory tract microbiome 
altered in response to anti-PD-1 immunotherapy. A Microbial taxon-
omy of each participant at phylum level with indicated subgroups. B 
Microbial taxonomy of each participant at genus level with indicated 
subgroups. C and D, Bot plots display the prevalence of the relative 

abundance for most prevalent phylum and genera (present at ≥ 3% 
in any one of the samples), illustrating the dissimilarity in micro-
bial composition of each group. Significance was determined using 
Kruskal–Wallis rank-sum non-parametric test on each plot (P > 0.05ns 
not shown)
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abundance of several dominant microbes at genus level which 
presented an insight to monitor immunotherapy-mediated anti-
tumoral performances from a microbial perspective.

Lower respiratory tract microbial diversity 
decreased with standardized therapeutic 
interventions of immune checkpoint inhibitors

Next, we focused on the microbial community differences 
between treated, which was further divided into responder 
and non-responder subgroups according to clinical responses 
and untreated in terms of microbiome diversity. To sur-
prise, both Shannon index and Simpson index based on 
Kruskal–Wallis rank-sum nonparametric test showed that 
the diversity of the treated group was significantly lower 
than that of the untreated group (P < 0.05*) (Fig.  3A). 
Then we used PCA analysis and NMDS analysis based on 
Bray–Curtis distance to compare the beta diversity between 
groups. Correspondingly, PCA and NMDS ordination with 
95% confidence interval ellipses revealed a better differen-
tiation in the microbial communities between both groups 
(Fig. 3B). The diversity analysis and the examination of vari-
ous abundance levels determined differences in the micro-
bial communities between them both. To further explore 
which candidate microbe drove these dominant differences, 
we performed LEfSe analysis, finding that the results were 
similar to those acquired by Wilcoxon rank-sum test (Fig. 3C 
and D). We then applied Spearman correlation analysis to 
identify the differential microbes at species level found by 
LEfSe analysis and clinical characteristics, so as to inves-
tigate whether microorganisms and patient clinical charac-
teristics have a link. The results showed that smoking index 
and Ki-67 were not associated with bacteria, while the abun-
dance of some pathogenic microorganisms, such as Salmo-
nella, Enterobacter, Enterococcus, or conditional pathogenic 
ones, such as Cronobacter, Chlamydia, Streptococcus, and 
Staphylococcus, increased with age growing. There was a 
negative link between BMI and the abundance of Helicobac-
ter and Staphylococcus. Remarkably, we also observed an 
adverse relationship between PD-L1 and Neisseria (Fig. 3E). 
These results indicated that microbiome alterations corre-
lated closely to the application of standardized therapeutic 
interventions of immune checkpoint inhibitors, which might 
be achieved by reducing the diversities of lower respiratory 
tract microbiome besides their relative abundances to some 
extent, albeit the presence of selective bias in this cohort.

Lower respiratory tract microbiome performed 
as predictive microbial markers to evaluate clinical 
responses to anti‑PD‑1 immunotherapy

In order to further explore whether the lower respiratory tract 
microbiome was involved in antitumor response, we divided 

the treated group receiving ICIs into responder (R) and non-
responder (NR) subgroups according to RECIST criteria (ver-
sion 1.1). After routine reorganization on core-pan analysis 
based on the number and abundance of genes in each sample, 
correspondingly, there was a difference in the composition of 
lower respiratory tract microbiome between R and NR sub-
groups at genus level in microbiota compositional analysis. 
The top ten genera are Pseudomonas, Mycobacterium, Bacil-
lus, Sphingomonas, Campylobacter, Chryseobacterium, 
Clostridium, Escherichia, Senimuribacter, and Methyloversa-
tilis (Fig. 4A). Meanwhile, LEfSe analysis also confirmed that 
Staphylococcus and Streptomyces were enriched in R subgroup 
(Fig. 4B), which further indicated their distinguishable per-
formance to immunotherapy. Then, Metastats analysis further 
implied that the relative abundance of the 22 representative 
genera was identified with notable differences between two 
subgroups, such as Stutzerimonas, Saezia, Staphylococcus, 
Nostoc, and Mycobacteroides (Fig. 4C, left), several of which 
were overlapped with previous results. In order to explore 
their potent decisive roles in determining long-term surviv-
als, we examined the connections between relative microbial 
abundances and survivals using the Kruskal–Wallis rank-sum 
nonparametric test. In detail, these participants were divided 
into low and high subsets to compare indicated progression-
free survival (PFS) and overall survival (OS) according to 
an averaged biomass on relative abundance of each microbe. 
Interestingly, the results showed that low abundance of indi-
cated microbes was seemingly associated with relatively 
extended PFS (Fig. 4C, middle), even though they were more 
abundant in the R subgroup than those in NR, partially attrib-
uted to restricted cohort, and microbial diversity rather than 
relative abundances in specific ones. However, OS reached 
no significance for further divisions on subgroups (Fig. 4C, 
right). Based on results above, receiver operating characteris-
tic (ROC) curves were launched to evaluate diagnostic abili-
ties of each indicated candidate by assessing the area under 
the curve (AUC). Although the presence of limited samples, 
these indicated microbes also reached a relatively satisfying 
diagnostic performances, especially Staphylococcus to 0.8209 
(P < 0.05*) and Nostoc to 0.7540 (P < 0.05*) (Fig. 4D). Taken 
together, these results further illustrated that lower respiratory 
tract microbiome had the potential to predict clinical outcomes 
to anti-PD-1 therapeutic regimes in a relative abundance-
dependent manner, further presenting an operational, inter-
ventional approach to modulate its responses after amounts of 
well-designed experiments in the next steps.

Microbial diversity failed to be the dominant 
predictor to ICIs within preferred clinical responses

As for microbial diversity in lower respiratory tract micro-
biome as mentioned above, there seemed to be no signifi-
cant differences to predict specific clinical responses to 
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immunotherapy. In particular, we identified total 17295 
overlapped microbes by metagenomic sequencings, while 
the R group had 3969 unique genes and the NR group 

had 7488 unique genes (Fig. 5A). Although no significant 
differences in α diversity or β diversity were observed in 
this cohort (Fig. 5B-D), we also found tendencies that 
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lower respiratory tract microbiome seemingly responded 
differently to ICI interventions according to quite uniden-
tical outcomes by partially overlapped microbes, which 
deserved verifications in additional extensive cohorts.

Combined analysis of targeted tryptophan 
metabolomics and lower respiratory tract microbial 
candidates

Taken the dominant role of tryptophan as key microbe-
derived ligands to AhR-included endogenous cellular 
receptors, microbial-derived tryptophan sequencing was 
performed in BALF samples of R and NR subgroups. To 
our surprise, however, the clusters of PCA did not show 
significant separate visually and statistically (Fig. 6A). 
As for compositional analysis, a total of 8 tryptophan 
derivative products were found to significantly increase 
in the R subgroup (Fig. 6B), but there were no signifi-
cant compositional differences with PD-L1 expression 
(Supplementary Figs. 1, 2). These results indicated that 
unlike PD-L1 expression, tryptophan metabolites alone 
are short of independently diagnostic efficacy, and PD-L1 
on the host failed to be dominant in tryptophan metabo-
lites within complicated setting among enrolled cohorts. 
We then performed Spearman correlation analysis on the 
differential metabolites and various differential micro-
organisms. Accordingly, it revealed a negative correla-
tion between N-formyl kynurenine and Stutzerimonas, as 
well as Altericroceibacterium. Conversely, 2-ketoadipic 
acid and nicotinic acid showed a positive correlation with 
Chryseobacterium and Mycobacteroides, respectively 
(Fig. 6C). These results illustrated that several specific 
microbes in lower respiratory tract might be primary 
sources of microbe-derived tryptophan metabolites to 
constitute individual microecological environments, fur-
ther modulating drug responses to ICIs and their correla-
tions with clinical manifestations.

Discussion

Anti-PD-1/PD-L1 immunotherapy has been taken as a 
preferred therapeutic antitumoral strategy to non-mutated 
advanced NSCLC for recent years, and yet, from which 
partial participants fail to benefit, further suffering 
impaired clinical practices to immune checkpoint inhibi-
tors (ICIs). During clinical processes in seeking for effec-
tive prediction biomarkers, recent studies have shown that 
the microbiome, including those in lower respiratory tract 
with relatively low biomass, play a crucial role in modulat-
ing responses to immunotherapy as a potential predictive 
biomarker. Taken diverse outcomes after antibiotics uti-
lization in patients receiving ICIs into account, the pres-
ence of microbiome seems dominant on a double-edged 
standpoint, partially due to the co-existence of probiotics 
and pathogenic microbes spatiotemporally. But unfortu-
nately, there was quite limited knowledge about the exact 
performance of lower respiratory tract microbiome in 
reconstructing cancer-related microecological environ-
ment among advanced NSCLC and their corresponding 
correlations after ICI interventions. In this study, we col-
lected bronchoalveolar lavage fluids in lower respiratory 
tract from 56 participants with advanced-stage NSCLC 
treated with anti-PD-1 therapy or none equally, and com-
pared their microbial discrepancy by performing metagen-
omic sequencing to identify ICI-mediated microbial alter-
ations, and targeted metabolic alterations by tryptophan 
sequencing accordingly in different subgroups according 
to clinical response to immune checkpoint inhibitors, to 
uncover the potential microbial and targeted metabolite 
predictive effects.

Lower respiratory tract microbiome in modulating lung 
cancer behaviors has just been recognized for several years 
which used to be relatively neglected for decades. Indeed, 
recent studies have been conducted to identify that specific 
microbes in the lower respiratory tract may participate in 
the occurrence and biological modulations of lung can-
cer by inducing host inflammatory response, producing 
microbial toxins, and/or releasing microbial metabolites 
to transform the stability of the host genome and mediate 
signal transduction [26]. Lee and teammates suggested 
that Veillonella and Megasphaera were significantly more 
abundant in advanced NSCLC than those with benign dis-
eases or the health, indicating their potential to serve as 
biomarkers for prediction [27]. The latest research also 
found that Veillonella is thought to be associated with the 
upregulation of IL17, PI3K, MAPK, and ERK pathways 
in the airway transcriptome, and in vivo study showed that 
lower airway dysbiosis with Veillonella led to decreased 
survival, increased tumor burden, IL17 inflammatory 
phenotype, and even activation of checkpoint inhibitor 

Fig. 3   Microbial diversity in lower respiratory tract reduced after 
receiving anti-PD-1 therapy. A Alpha diversity measured by inverse 
Shannon (up) and Simpson (down) index using Kruskal–Wallis rank-
sum non-parametric test. P values were shown on the top. B Non-
metric multidimensional scaling (NMDS, left) and Principal Com-
ponent Analysis (PCA, right) of beta diversity measurements based 
on Bray–Curtis distances for indicated subgroups. Each symbol rep-
resented one individual patient. C and D Cladograms showing micro-
bial compositional differences at indicated subgroups analyzed by lin-
ear discriminant analysis effect size (LEfSe) method. From domain to 
species with linear discriminant analysis score (LDA) > 2. E Heatmap 
of the correlation between candidate microbial species and clinical 
characteristics. P < 0.05*, P < 0.01**, P < 0.001***, P < 0.0001****, ns, 
no significance

◂
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markers [28]. However, of noting, Veillonella was not 
detected in our studies, which may be attributed to varia-
tions in the population, restricted samples, and differences 
in sample types, but it also implied that other microbes in 

the lower respiratory tract might also possess the capaci-
ties of carcinogenesis. Interestingly, our study found that 
Escherichia, which is significantly associated with the 
occurrence of colorectal cancer, accounted for a high 
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proportion in the untreated subgroup at the genus level, 
coupled with a statistically significant discrepancy to those 
in treated groups. In accordance, previous studies found 
that E. coli increased IL-17 and enhanced DNA damage 
in the colonic epithelium with faster tumor onset [29, 30]. 
Our findings provided a new perspective that Escherichia 
might be involved in the occurrence and development of 
NSCLC by inflammatory approaches. In addition, after 
analyzing the relationship between clinical characteris-
tics and differentiated microbes, the relative abundance 
of potential pathogenic microbes, such as Staphylococ-
cus, Streptococcus, and Chlamydia, also increased with 
growing age, which was partially approved by that as peo-
ple aged, the quantity of probiotics declines, while the 
abundance of harmful bacteria increases [31]. This may 
also explain why older people have a greater chance of 
developing malignancies somewhat [32]. We had to admit-
ted that conclusions drawn by different studies are quite 
discordant, which call for extensive sample cohorts and 
reasonable basic experimental verifications in the coming 
future.

In correspondence, the relative abundances of indi-
cated microbes in the treated group, such as Streptococcus, 
Escherichia, Chlamydia, and Staphylococcus, were sig-
nificantly reduced to those in untreated group, which were 
previously thought to be related to the development of mul-
tiple cancer types [33–35]. In fact, a considerable enrich-
ment of Streptococcus at the genus level was achieved in 
a small-scale study of sputum samples from eight never-
smoking female lung cancer cases and eight never-smoking 
female controls in China [36], which were also obtained 
from another NSCLC cohort to healthy controls [37]. Our 
research also intended to illustrate from a microbial per-
spective that ICIs not only activated the antitumoral per-
formance of T cells, but also reshaped systemic microbial 
composition in lower respiratory tracts to facilitate beneficial 
immune microenvironment in advanced NSCLC. Strepto-
coccus in gut microbiome was positively associated with 

favored anti-PD-1/PD-L1 responses in different GI cancer 
types [38]. Zhang and colleagues observed a significant 
positive correlation between Streptococcus in the lower 
respiratory tract and the abundance of CD8+T cells [39]. 
In contrast, a short PFS was associated with both Strepto-
coccus salivarius and Streptococcus vestibularis in NSCLC 
patients receiving anti-PD-1 treatment [40]. It seemed par-
adoxical that tumorigenic microbes also exhibit a prefer-
ence for immune responses, which might be attributed to 
the pathogenic diversity of microbes at different diseases, 
and microbial antigens on subspecies mediated divergent 
immune responses to activate antitumoral immune balance 
[41]. We had to be admitted that such differences further 
highlighted the complexity of the interplay between the 
immune system and the malignancy, which deserved addi-
tional attentions. Correspondingly, our study showed that 
the lower respiratory tract of lung cancer patients treated 
with ICIs showed a marked increase in the proportion of 
probiotic Bacillus compared to the untreated group. Bacillus 
can not only activate innate immune responses to drive host 
clearance of pathogens [42], but also have the capability of 
biosynthesis in organic acids, such as SCFAs, which can 
enhance immune responses by inducing GPCRs-mediated 
dendrite protrusion of intestinal C-X3-C motif chemokine 
receptor 1+ cells [43]. Paradoxically, LEfSe analysis showed 
that Bacillus was the predominant genus in non-responders, 
which means that its role in lower respiratory tract immunity 
is complex and requires further investigation. However, our 
study cannot confirm that this change is caused by immune 
intervention, and we can only elaborate on the correlation. 
In the future, we can verify the causal relationship through 
studies with larger sample size and animal experiments.

Of note, diversity of the microbiome is essential for 
immune balance rather than relative abundances alone [44], 
which reflects the richness and evenness of microorganisms 
in a specific environment. Compared with restricted regu-
latory function from a single microbe, multiple microbes 
are prone to collaborate in concert to maintain the natural 
balance of relatively open environments by dynamic micro-
bial exchanges with outsides, such as intestinal tracts and 
lower respiratory tracts [45]. From this standpoint, immune 
microenvironment in these tracts is liable to be reassem-
bled by inherent colonized microbes with low biomass and 
relative microbial diversities, compositional disturbance 
of which may imbalance local and even integral immune 
system. A pan-cancer analysis of the microbiome in meta-
static cancer validated that microbial communities of vari-
ous types of cancer are generally rich and balanced. And 
in those with high microbial diversity, multiple pathways 
involved in extracellular matrix (ECM) tissue and antimi-
crobial peptides (AMP) are significantly enriched, which 
further promoted inherent and acquired immune cells infil-
tration [46]. Additionally, a significant decrease in bacterial 

Fig. 4   Microbial elements in lower respiratory tract acted as poten-
tial candidates for predicting clinical responses to anti-PD-1 therapy. 
A Relative abundance of the lower respiratory tract microbiota in the 
NR and R subgroups at genus level. B Cladograms showing micro-
bial compositional differences at both subgroups analyzed by linear 
discriminant analysis effect size (LEfSe) method. From domain to 
species with linear discriminant analysis score (LDA) > 2. C Bot plots 
display the prevalence of the relative abundance for most prevalent 
genera (Left, present at ≥ 3% in any one of the samples), illustrating 
the dissimilarity in microbial composition of each group. Significance 
was determined using Kruskal–Wallis rank-sum non-parametric test 
on each plot (P > 0.05 ns not shown). PFS of each candidate microbe 
are divided into High and Low subgroups according to the average 
expression (Middle). OS of each candidate microbe are divided into 
High and Low subgroups among R and NR, respectively (Right). D 
ROC curves of indicated microbes based on survival days. P < 0.05*, 
P < 0.01**, P > 0.05 ns; ns, no significance
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richness was observed in patients receiving only ICB treat-
ment; after receiving chemotherapy drugs with known 
antibiotic modes of action, such as doxorubicin/epirubicin 
and bleomycin, microbial abundance also decreased, which 
further demonstrated immunotherapy may reshape commu-
nity, especially more pronounced in responding one [46]. 
As for those in lower respiratory tracts, several researches 
have illustrated drastic alterations on microbial composition 
imbalance immune status by reducing its diversity. There 
is a notable decrease in the variety of lung cancer cohort 
when compared to the healthy or the healthy lung segment 
[37, 47]. Commensal bacteria in lungs stimulated Myd88-
dependent IL-1β and IL-23 production from myeloid cells, 
inducing proliferation and activation of Vγ6+Vδ1+γδ T cells 
that produced IL-17 and other effector molecules to promote 
inflammation and tumor cell proliferation [48]. Our study 
found a substantial decrease in the alpha diversity of the 
lower respiratory tract microbiota in lung cancer patients 
receiving ICIs, further supporting the point that antitumoral 

immunotherapy may reshape microbial constitution partially 
by disrupting its microbial composition.

However, there still existed several unavoidable limita-
tions in our study. First, our study is a retrospective study 
of single center, which may lead to a selective bias, and the 
restricted cohort may not be able to fully reflect the patients 
with lower respiratory tract flora composition. Secondly, 
BALF samples were not taken from the same patient before 
and after receiving ICIs, which was insufficient to provide a 
comprehensive and intuitive conclusion to the interventional 
effects of immunotherapy on the lower respiratory tract flora. 
Additionally, for microbial metabolites, we used a targeted 
tryptophan assay rather than a broad metabolic profiling 
assay, which may miss the impacts of other metabolites on 
the lower airway immune microenvironment due to the com-
plexity of lower airway flora metabolism. Finally, specific 
mechanistic principles could not be explored because it was 
not possible to isolate certain species from the immunother-
apy response group for animal experiments.

Fig. 5   Clinical responses to anti-PD-1 therapy embraced a rela-
tive constancy in microbial diversity among lower respiratory tract. 
A Venn plots of differentiated candidates within NR and R. B Chao 
and ACE analysis of indicated subgroups. ns, no significance. C Ano-
sim showing the outcomes of beta diversity measurements based on 

Bray–Curtis distances for NR and R. R2 and P values are shown on 
the top. D Principal Coordinate analysis (PCoA, left) and non-metric 
multidimensional scaling (NMDS, right) of beta diversity measure-
ments based on Bray–Curtis distances for NR and R. Each symbol 
represented a single participant
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Collectively, our study descripted the distinct compo-
sitional characteristics of microecological environment in 
lower respiratory tract among different responses to ICI 
interventions, further identifying metagenomic sequenc-
ing-based microbiomes, and untargeted metabolome as 
potent predictors of responder selection using integrated 
analyzing approaches. This study demonstrated the poten-
tial correlations of these enrolled components, highlight-
ing clinical response predictive potencies from multiple 
dimensional perspectives. Our findings also inspired 
detailed investigations into the practical applications of 
microecological characteristics-driven markers in ICI 
therapeutic regimes by bronchoalveolar lavage fluids.
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