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Abstract 

Background The gut microbiome represents a novel biomarker for melanoma and non-small cell lung cancer 
(NSCLC) patients treated with immune checkpoint inhibitors (ICI). Gut microbiome metagenomics profiling studies 
of patients treated with immunotherapy identified bacteria associated with ICI efficacy, while others have been 
linked to resistance. However, limitations of metagenomics sequencing, such as complex bioinformatic processing 
requirements, necessity of a threshold for positive detection, and the inability to detect live organisms, have hindered 
our ability to fully characterize the gut microbiome. Therefore, combining metagenomics with high-throughput 
culture-based techniques (culturomics) represents an ideal strategy to fully characterize microbiome composition 
to more robustly position the microbiome as a biomarker of response to ICI.

Methods We performed culturomics using fecal samples from 22 patients from two academic centres in Canada 
and the United Kingdom with NSCLC and cutaneous melanoma treated with ICI (cancer group), comparing their 
microbiome composition to that of 7 healthy volunteers (HV), along with matching shotgun metagenomics 
sequencing.

Results For culturomics results, 221 distinct species were isolated. Among these 221 distinct species, 182 were 
identified in the cancer group and 110 in the HV group. In the HV group, the mean species richness was higher 
compared to the cancer group (34 vs. 18, respectively, p = 0.002). Beta diversity revealed separate clusters 
between groups (p = 0.004). Bifidobacterium spp. and Bacteroides spp. were enriched in HV, while cancer patients 
showed an overrepresentation of Enterocloster species, as well as Veillonella parvula. Next, comparing cancer patients’ 
clinical outcomes to ICI, we observed that among the 20 most abundant bacteria present in non-responder patients, 
2 belonged to the genus Enterocloster, along with an enrichment of Hungatella hathewayi and Cutibacterium acnes. 

Open Access

© The Author(s) 2025. Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which 
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the 
original author(s) and the source, provide a link to the Creative Commons licence, and indicate if changes were made. The images or 
other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line 
to the material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory 
regulation or exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this 
licence, visit http://creativecommons.org/licenses/by/4.0/.

Gut Pathogens

†Khoudia Diop and Babacar Mbaye have contributed equally as co-first 
authors.

*Correspondence:
Arielle Elkrief
arielle.elkrief@umontreal.ca
Bertrand Routy
bertrand.routy@umontreal.ca
Full list of author information is available at the end of the article

http://creativecommons.org/licenses/by/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s13099-025-00694-4&domain=pdf


Page 2 of 12Diop et al. Gut Pathogens           (2025) 17:21 

Introduction
The gut microbiome—a community of mostly commen-
sal organisms residing within the human gastrointesti-
nal tract—has rapidly garnered traction in oncology [1]. 
Preclinical studies first unraveled the unforeseen link 
between the gut microbiome and response to immune 
checkpoint inhibitors (ICI) in several malignancies, such 
as non-small cell lung cancer (NSCLC) and melanoma 
[2–4]. Pioneering experiments described that ICI activ-
ity was abrogated in germ-free mice or after antibiotic 
administration in specific-pathogen-free mice, pointing 
to the critical role of the gut microbiome in modulating 
the antitumor immune response to ICI [2–4]. Antitumor 
immunity was then restored after fecal microbiota trans-
plantation (FMT) from responder patients or after oral 
supplementation with specific commensal bacteria asso-
ciated with response to ICI [2, 4–6]. In parallel, shotgun 
metagenomics sequencing of patients with NSCLC, mel-
anoma, and renal cell carcinoma demonstrated enrich-
ment of beneficial commensal bacteria in responder 
patients compared to enrichment of deleterious bacteria 
in non-responder patients, mirroring observations in 
preclinical models [2, 7]. Most recently, large and robust 
meta-analyses in 46,000 patients confirmed the deleteri-
ous relationship between pre-treatment antibiotic expo-
sure on survival to ICI [8]. These findings have driven the 
development of clinical trials aimed at modifying the gut 
microbiome through various methods, including FMT 
[9–11]. These early clinical trials have shown that micro-
biome interventions can circumvent secondary resist-
ance to ICI and potentially to prevent the development of 
primary resistance to ICI.

Indeed, with more than 50% of cancer patients treated 
with ICI at some point in their cancer care trajectory, 
and the majority developing resistance to these therapies, 
there is an unmet medical need to improve the efficacy 
of these agents [12, 13]. Moreover, currently available 
biomarkers to predict response and toxicity to these 
therapies are neither sensitive nor specific [14]. Given 
the rapidly evolving field of onco-microbiome research, 
the tremendous promise of gut microbiome biomarkers, 
and interventions to enhance immunotherapy efficacy, 

there have been significant efforts to deeply characterize 
the gut microbiome of patients undergoing cancer ICI 
to (1) predict response to these drugs, (2) select patients 
for appropriate microbiome interventions, and (3) iden-
tify key bacterial consortia for development of the next 
generation of microbiome therapeutics. While shotgun 
metagenomics sequencing has allowed for deep profil-
ing and characterization of these bacterial communities, 
sequencing techniques are limited by requirement for 
advanced bioinformatics support. In addition, shotgun 
metagenomics sequencing cannot evaluate for organism 
viability [15]. Lastly, a significant proportion of bacte-
rial hits detected from shotgun metagenomics sequenc-
ing are represented by as-of-yet uncharacterised species 
or strains [15]. Therefore, complementary techniques 
to counter these limitations are of great interest to pro-
pel the field of the gut microbiome forward to improve 
patient selection, stratification, and outcomes for micro-
biome interventions.

Culturomics has emerged as a complement to shot-
gun metagenomics sequencing due to  simple workflow, 
ability to detect live bacteria, to characterize previously 
unknown species and strains, and to detect taxa at low 
abundance [16–19]. Despite these advantages, the litera-
ture on culturomics in patients treated with ICI remains 
limited. Specifically, parallel metagenomics sequencing 
and culturomics describing the overlapping and distinct 
bacteria detected in patients with cancer has not been 
reported. To address this, we deeply characterized the 
gut microbiome using culturomics of 22 patients with 
advanced melanoma and NSCLC treated with ICI and 
compared their composition with 7 healthy individuals.

Materials and methods
Patients and samples
Human samples were collected from 3 different 
biobanks, including the CRCHUM NSCLC ethical num-
ber CE17.035, CRCHUM healthy  volunteers’ biobank 
ethical number CE20.300 and from the PRIMM study 
ethical number NCT03643289. Samples were collected 
by the patients in their homes according to International 

In contrast, responders to ICI exhibited a predominance of Bacteroides spp. In NSCLC patients, metagenomics 
analysis revealed that of the 154 bacteria species isolated through culturomics, 61/154 (39%) were also identified 
by metagenomics sequencing. Importantly, 94 individual species were uniquely detected by culturomics.

Conclusion These findings highlight that culturomics and metagenomics can serve as complementary tools 
to characterize the microbiome in patients with cancer. This integrated approach uncovers specific microbiome 
signatures that differentiate HV from cancer patients, and identifies specific species associated with therapy response 
and resistance.
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Human Microbiota Standard (IHMS), and stored in the 
fridge for 1 day, then brought to the research centre, and 
immediately at − 80 °C. Responder status was defined by 
either a partial or complete response to ICI as assessed by 
the investigator. Patients were considered non-respond-
ers if they had stable or progressive disease as assessed by 
the investigator.

Bacterial isolation by culturomics
Microbial culturomics was used to explore the bacterial 
diversity of stool samples and identification was facili-
tated using the MALDI-TOF MS. For the culture, we 
used two steps: Firstly, a direct inoculation of the stool 
sample was performed with 0.3 g of stool resuspended in 
1  mL of 1 × PBS. Ten serial dilutions of this suspension 
were performed, and 50 µL of each dilution was spread 
on 5% Columbia agar (COS) (Nepean, Ontario, Can-
ada) enriched with sheep blood (ThermoFisher, Mon-
treal Canada), plates were incubated under aerobic and 
anaerobic conditions using Zip bag (Becton Dickson 
Mississauga, Ontario, Canada) containing an anaerobic 
generator, GasPak (Becton Dickson Mississauga, Ontario, 
Canada) atmospheres at 37 °C for 48 h. Secondly, enrich-
ments were made by adding 200 µL of each sample in 
liquid broths BACTEC™ vials (Becton Dickson Missis-
sauga, Ontario, Canada) supplemented with 5% of defi-
brinated sheep blood and 5% of 0.22 µm filtered rumen 
fluid under both aerobic and anaerobic conditions. For 
anaerobic conditions, serial dilutions were prepared from 
the anaerobic BACTEC™ vials and then spread on COS 
agar at different time points (24 h, day 3, day 7, day 10, 
day 15, day 21 and day 30) over a period of one month, 
at 37  °C, using Zip and GasPak generators. For aerobic 
conditions, serial dilutions were also prepared from aero-
bic BACTEC™ vials and inoculated on COS agar at the 
same time points, but under an aerobic atmosphere. The 
colonies obtained were subcultured after incubation for 
48  h at 37  °C, and the purified colonies were identified 
using MALDI-TOF mass spectrometry. For each colony, 
a double deposit was made on a 96 MSP microplate 
and then coated with 2  μL of matrix solution, prepared 
from saturated α-cyano-4-hydroxycinnamic acid powder 
mixed with 50% acetonitrile and 2.5% trifluoroacetic acid. 
The spectra of each colony were then measured using 
the MicroFlex LT/SH spectrometer and automatically 
recorded using FlexControl v.3.4 and MALDI Biotyper 
Compass v4 software for assay preparation and biotyp-
ing. The spectra obtained were compared with the MBT 
Compass BDAL library (Bruker) and our local database. 
Colonies with a score > 1.9 were identified to the spe-
cies level. Colonies not identified by MALDI-TOF MS 
(score < 1.9) were subjected to genomic sequencing for 
identification.

Metagenomics sequencing and analysis
gDNA was quantified using the Quant-iT™ PicoGreen® 
dsDNA Assay Kit (Life Technologies). Libraries were 
generated from 50  ng of gDNA using the NEBNext 
Ultra II DNA Library Prep Kit for Illumina (New Eng-
land BioLabs) as per the manufacturer’s recommenda-
tions. Adapters and PCR primers were purchased from 
IDT. Size selection of libraries containing the desired 
insert size was performed using SparQ beads (Qiagen). 
Libraries were quantified using the Kapa Illumina GA 
with Revised Primers-SYBR Fast Universal kit (Kapa Bio-
systems). Average size fragment was determined using a 
LabChip GXII (PerkinElmer) instrument. Libraries were 
normalized and pooled, then denatured in 0.05 N NaOH 
and neutralized using HT1 buffer. The pool was loaded 
at 225 pM on an Illumina NovaSeq S4 lane using Xp pro-
tocol as per the manufacturer’s recommendations. The 
run was performed for 2 × 150 cycles (paired-end mode). 
A phiX library was used as a control and mixed with 
libraries at 1% level. Base calling was performed with 
RTA v3.4.4. Program bcl2fastq2 v2.20 was then used to 
demultiplex samples and generate fastq reads. Shotgun 
metagenomic sequencing was performed at a read depth 
of 15 Gb/sample. FASTQ files were processed using the 
MetaPhlAn4 pipeline as previously described [11].

Statistical analysis
Statistical analysis—culturomics
The detection frequency difference of each species was 
calculated to compare the microbiota profile obtained 
by culturomics based on its presence/absence in each 
sample. Once the frequency of each species in each 
group was determined, the difference was calculated 
to determine which species are enriched in each group. 
The bilateral Chi-squared test with False Discovery 
Rate (FDR) using the Benjamini–Hochberg method was 
used to compare frequency differences. Additionally, 
we conducted an overlap analysis, which compared 
the species isolated from each group to identify those 
common to all groups, as well as species specific to 
each. To compare the differences in numbers of species 
between different groups, we assessed the normality of 
the data using the Shapiro–Wilk test using GraphPad 
Prism version 9 for Windows (GraphPad Software, San 
Diego, CA, USA, www. graph pad. com). To compare two 
groups, we used Student’s t-test when the data followed 
a normal distribution. Otherwise, in the presence of 
non-normal data, we opted for the non-parametric 
Mann–Whitney test. For multiple comparisons, we 
used ANOVA followed by Tukey’s test with normal data 
or the Kruskal–Wallis test followed by Dunn’s test with 
non-normal data. R software (R version 4.4.0) was used 

http://www.graphpad.com
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to perform principal coordinate analysis (PCoA) with 
Bray–Curtis dissimilarity to examine the structure and 
distribution of microbial communities between samples. 
In addition, a permutation multivariate analysis of 
variance (PERMANOVA) was used to compare the beta 
diversity between groups. For multiple comparisons, 
pairwise PERMANOVA test FDR using the Benjamini–
Hochberg test was used to evaluate the difference 
between groups.

To assess species more frequent across groups (Cancer 
vs HV and Rvs NR), the Heatmap function in the Com-
plexHeatmap package was used to visualize data. For 
data with a normal distribution, a t-test was applied; oth-
erwise, a Wilcoxon test was used. Based on the results 
of these tests, a vector of p-values was generated. We 
then filtered the data, retaining only those species whose 
p-value was less than 0.05. For visualization, Heatmaps 
were constructed using frequency matrices and annota-
tions for rows (groups) and columns (species), grouped 
based on the filtered data.

Statistical analysis—metagenomics
To allow comparison with the culturomics results, we 
performed frequency comparison within each group, 
which considers only the presence or absence of each 
species. For diversity analyses and Linear Discriminant 
Analysis (LDA), we used the MicrobiomeAnalyst pipe-
line using the default parameters (https:// www. micro 
biome analy st. ca/), which relies on relative abundance 
or the number of read for each species. Alpha and beta 
diversity were also assessed using this last pipeline, with a 
p-value ≤ 0.05 considered statistically significant.

Results
Patient characteristics
Twenty-two patients with cancer were included in the 
study and compared with a control group of seven 
healthy volunteers (HV). In the cancer group, 13 patients 
had NSCLC, and 9 had cutaneous melanoma, with a 
median age of 66 and 61 respectively, and 69% of NSCLC 
and 67% of melanoma were male (Table 1). All patients 
with cancer in both cohorts had advanced disease. For the 
NSCLC cohort, 85% patients had adenocarcinoma with 
programmed death-ligand 1(PD-L1) tumor proportion 
score (TPS), a standard prognostic biomarker for patients 
with NSCLC) [20]. Most patients were treated with 
single-agent anti- programmed death-1 (PD-1). For the 
melanoma cohort, 78% of patients had a diagnosis of 
cutaneous melanoma with BRAF wild type status (BRAF 
is the most commonly altered genetic alteration in 
melanoma and used for treatment decisions), and most 
patients were treated with combination anti-PD-1 and 

anti-CTLA-4. In the HV group, the median age was 37, 
with 43% being male.

Culturomics profiling reveals higher species richness 
in healthy volunteers compared to patients with cancer 
and distinct bacteria associated with cancer
Through culturomics analysis of 29 samples, we identi-
fied 221 different species from 102 genera with Bacte-
roides, Enterococcus, Streptococcus and Alistipes being 
the most common genera present, including three novel 
species; Alistipes montrealensis sp.nov, Tractidigestivi-
bacter montrealensis sp. nov and Gabonibacter chumenis 
sp.nov [18, 19, 21] (Table S1).

We first compared diversity metrics between the 
cancer and HV groups. The HV group had significantly 
more isolated species compared to the cancer group, 
with 110 different species (mean of 34, range 21–43) 
compared to 182 different species (mean of 20, range 
5–55) (p = 0.0024), respectively, with the exception 
of one outlier in the cancer group (Fig.  1A, Table  2). 
Additionally, differences were observed between cancer 
histologies with NSCLC harboring more isolated bacteria 
than melanoma, with 145 different species (mean of 26, 
range 16–55) versus 75 different species (mean of 11, 
range 5–24) (adj p = 0.0067), respectively (Figure S1A, 
Table S1). Beta diversity analysis also showed clustering 
of HV compared to cancer patients and differences 
between HV and distinct cancer histologies (Fig.  1B, 
Figure S1B), (p = 0.004, p-adj = 0.003 and p-adj = 0.003, 
respectively).

Next, we performed heatmap representation to 
determine significant bacteria enriched in both groups. 
Several species were significantly enriched in the HV 
group compared to the cancer group including members 
of the Bifidobacterium genus (B. longum, and B. 
adolescentis), Bacteroides genus (B.ovatus, B.uniformis, 
B.nordii, B.vulgatus, B.fragilis and B. thetaiotaomicron) 
as well as Alistipes onderdonkii (Fig.  1C). Conversely, 
in the cancer group, Coprobacillus cateniformis, 
Klebsiella oxytoca and Veillonella parvula were more 
abundant (Fig.  1C). Subsequently, a separate analysis 
of the top 20 bacteria revealed that 18 species were 
significantly enriched in HV group. Frequency difference 
analysis confirmed the enrichment of B. longum, B. 
adolescentis and Bacteroides thetaiotaomicron in 
the HV group (Fig.  1D). In addition, using adjusted 
p-value 14 bacteria remained significantly increased 
in the HV group (Figure S1C). In the cancer group, we 
observed a trend for enrichment of two Enterocloster 
spp. (aldenensis, clostridioformis), Veillonella parvula 
as well as Alisitpes putredinis, Odoribacter splanchnicus 
and Erysipelatoclostridium ramosum reclassified as 
Thomasclavelia ramosa. For further characterization, 

https://www.microbiomeanalyst.ca/
https://www.microbiomeanalyst.ca/
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we performed an overlap analysis and found that 71 
bacteria were common to both groups, while 39 were 
unique to HV and 111 were exclusively isolated from 
cancer patients (Fig.  1E, Table  2). There were several 

genera exclusive to cancer including: Enterocloster, 
Peptoniphilus, Bacillus, Erysipelatoclostridium, and 
Veillonella. In the same way, Eikenella, Oscillibacter and 
Bifidobacterium genera were only found in HV (Table 2). 

Table 1 Baseline characteristics of patients and healthy volunteers

NSCLC N = 11

Age

 Median 64 (52–73)

Sex

 Male 9 (69%)

ECOG performance-status score

 0 8 (61%)

 1 4 (31%)

 2 1 (8%)

Histology

 Adenocarcinoma 9 (69%)

 Squamous 4 (31%)

PDL-1 expresssion

  > 50% 11 (85%)

  ≤ 50% 2 (15%)

Treatment

 Anti-PD-L1 10 (77%)

 Anti-PD-L1 + chemo 2 (15%)

 Anti-PD-L1 + Anti CTLA-4 + chemo 1 (8%)

Melanoma N = 9

Age

 Median 61 (45–81)

Sex

 Male 6 (67%)

ECOG performance-status score

 0 5 (56%)

 1 3 (33%)

 2 1 (11%)

Cancer Type

 Cutaneous 8 (89%)

 Uveal 1 (11%)

BRAF

 Wild Type 7 (78%)

 Mutant 1 (11%)

 Unknown 1 (11%)

Treatement

 Anti-PD-L1 3 (33%)

 Anti-PD-L1 + Anti CTLA-4 6 (67%)

Healthy volunteers (HV) N=7

Age

 Median 37 (27–42)

Sex

 Male 3 (43%)
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Fig. 1 Loss of bacterial diversity in cancer patients compared to HV using culturomics. A Number of species isolated in HV and cancer patients 
(melanoma and NSCLC) (Bilateral Mann–Whitney test). B Beta diversity between cancer patients and HV (PERMANOVA test). C Heatmap 
representation between cancer patients and HV. D Top 20 species enriched in each group, with bold values indicating significantly enriched results 
by bilateral Chi-squared test p ≤ 0.05. HV: Healthy volunteers. E Venn diagram representation between HV and cancer patients. Cancer- include 
patients with melanoma and NSCLC
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Altogether these results demonstrate an enrichment 
in the number as well as specific bacteria previously 
associated with a healthy gut microbiome in HV, and the 
presence of specific genera exclusively present in cancer.

Culturomics profiling reveals distinct species enriched 
in responders compared to non‑responders to immune 
checkpoint inhibitors
To identify cultivated bacteria associated with 
responder (R, n = 11) and non-responder (NR, n = 10) 
status of cancer patients (melanoma and NSCLC) 
based on objective response rate (ORR) to ICI, we 
first examined diversity metrics between these two 
groups. No significant differences were observed in the 
number of isolated species or in beta diversity (p = 0.17, 
and p = 0.12, respectively) (Fig.  2A, B). However, 
Hungatella hathewayi and Cutibacterium acnes were 
significantly enriched in NR. Conversely Bacteroides 
ovatus, B. vulgatus, Escherichia coli, Eggerthella lenta 
and Veillonella parvula were significantly increased 
in R patients (Fig.  2C). Subsequently, addressing the 
20 most frequent isolated bacteria in each group, NR 
patients exhibited a total of two Enterocloster species (E.
bolteae and E.clostridioformis), three Clostridium species 
(C.culturomicsense, C.cadaveris and C.perfringens) 
and Hungatella hathewayi and Cutibacterium acnes 
were the only significantly increased bacteria in this 
group (Fig.  2D). Conversely, the following species 
were significantly enriched in the R group with the 
predominance of Bacteroides genus (ovatus, vulgatus, 
cellulosilyticus, stercoris, and fragilis,) and as well as 
Escherichia coli, Eggerthella lenta, and Veillonella 
parvula were also enriched in this group (Fig.  2D). Of 
note, using Benjamini–Hochberg method to calculate the 
adjusted p-value, there no longer a significant difference 
between both groups (Figure S2A).

Next, we performed the same analysis in the subgroup 
of NSCLC patients (n = 13), and identified similar find-
ings as for the pooled NSCLC and melanoma results. NR 
(n = 6) exhibited an enrichment of three Enterocloster 
spp. (aldenensis, bolteae and clostridioformis) as well as 
Hungatella hatewayi and Clostridium perfringens (Fig-
ure S2B&C). In contrast, the R (n = 7) group showed an 
enrichment of Bacteroides genus (Figure S2B). These 
findings align with previous studies that differentiate the 
gut microbiomes of R from NR, further reinforcing the 
role of the gut microbiome in segregating patient pheno-
types to ICI.

Table 2 List of bacteria identified with culturomics in healthy 
volonteers (HV) feces and cancer patients (melanoma and 
NSCLC)

HV Common HV-Cancer Cancer
Actinomyces europaeus Actinomyces oris Acidaminococcus intestini
Adlercreutzia equolifaciens Alistipes finegoldii Actinomyces urogenitalis
Alistipes senegalensis Alistipes onderdonkii Alistipes indistinctus
Allisonella histaminiformans Alistipes shahii Alistipes montrealensis
Bacteroides fluxus Anaerococcus vaginalis Alistipes putredinis
Bacteroides intestinalis Bacteroides caccae Anaerosalibacter massiliensis
Bifidobacterium adolescentis Bacteroides cellulosilyticus Bacillus cereus
Bifidobacterium catenulatum Bacteroides fragilis Bacillus circulans
Blautia massiliensis Bacteroides nordii Bacillus licheniformis
Blautia phoccensis Bacteroides ovatus Bacillus pumilus
Butyricimonas faecihominis Bacteroides stercoris Bacillus sonorensis
Carnobacterium maltaromaticum Bacteroides thetaiotaomicron Bacillus subtillus
Clostridium butyricum Bacteroides uniformis Bacteroides eggerthii
Clostridium symbiosum Bacteroides vulgatus Bacteroides faecis
Corynebacterium durum Barnesiella intestinihominis Bacteroides salyersae
Dorea longicatena Beduinibacterium massiliense Bacteroides xylanisolvens
Eikenella corrodens Bifidobacterium longum Bifidobacterium animalis
Enterococcus malodoratus Bilophila wadsworthia Bifidobacterium bifidum
Hafnia alvei Catabacter hongkongensis Bifidobacterium dentium
Holdemanella biformis Christensenella minuta Blautia coccoides
Ihumia massiliensis Citrobacter freundii Brevibacillus borstelensis
Ileibacillus massiliensis Clostridium cadaveris Butyricimonas virosa
Intestinimonas massiliensis Clostridium culturomicsense Citrobacter farmeri
Lachoclostridium edouardi Clostridium paraputrificum Clostridium hylemonae
Leuconostoc lactis Clostridium perfringens Clostridium innocuum
Marseillibacter massiliensis Clostridium scindens Clostridium jeddahtimonense
Micrococcus luteus Clostridium tertium Coprobacillus cateniformis
Mitsuokella jalaludinii Collinsella aerofaciens Corynebacterium tuberculostearicum
Mitsuokella multacida Cutibacterium acnes Dermabacter hominis
Neisseria flavescens Dialister pneumosintes Desulfovibrio desulfuricans
Neobitarella massiliensis Dielma fastidiosa Dialister invisus
Oscillibacter timonensis Eggerthella lenta Dorea massiliensis
Pyramidobacter piscolens Enterocloster bolteae Dysgonomonas capnocytophagoides  
Schaalia odontolytica Enterococcus avium Eisenbergiella massiliensis
Staphylococcus capitis Enterococcus cassiflaveus Enterobacter cloacae
Staphylococcus haemolyticus  Enterococcus durans Enterobacter ludwigii
Streptococcus constellatus Enterococcus faecalis Enterobacter xyangfangensis
Streptococcus cristatus Enterococcus faecium Enterocloster aldenensis
Streptococcus hominis Escherichia coli Enterocloster citroniae

Eubacterium limosum Enterocloster clostridioformis
Facklamia hominis Enterocloster lavalensis
Flavonifractor plautii Enterococcus gallinarum
Gabonibacter massilliensis Enterococcus raffinosus
Gleimia europaea Erysipelatoclostridium innocuum
Hungatella hathewayi Erysipelatoclostridium ramosum
Klebsiella pneumoniae Eubacterium tenue
Lachnoclostridium symbiosum Ezakiella massiliensis
Lactilactobacillus sakei Finegoldia magna
Lactobacillus paracasei Gabonibacter chumensis
Lactobacillus rhamnosus Gemella haemolysans
Limosilactobacillus fermentum Gemella morbillorum
Murdochiella asacharolytica Hungatella effluvii
Negativicoccus succinicivorans Intestinibacter bartlettii
Oscillibacter massiliensis Jeddahella massiliensis
Parabacteroides distasonis Klebsiella oxytoca
Parabacteroides goldestenii Klebsiella variicola
Parabacteroides merdae Lachnoclostridium hylemonae
Paraclostridium bifermentans Lachnoclostridium scindens
Parasutterella excrementihominis Lactobacillus casei
Peptinophilus senegalensis/tyrelliae Lactobacillus gasseri
Peptoniphilus grossensis Lactobacillus mucosae
Peptoniphilus harei Lactobacillus parabuchneri
Peptoniphilus obesihominis Lactobacillus reuteri
Streptococcus agalactiae Lactococcus lactis
Streptococcus anginosus Lancefieldella rimae
Streptococcus mitis Leuconostoc mesenteroides
Streptococcus parasanguinis Lysinibacillus fusiformis
Streptococcus salivarus Massiliclostridium massiliense
Streptococcus vestibularis Massilimalia timonensis
Sutterella wadsworthensis Massiliprevotella massiliensis
Tractidigestivibacter montrealensis Mediterraneibacter gnavus

Morganella morganii
Murdochiella vaginalis
Neisseria mucosa
Neisseria subflava
Odoribacter splanchnicus 
Paenibacilles timonensis
Paenibacillus sp
Paravictivallis massiliensis
Peptoniphilus gorbachi
Peptoniphilus indolicus
Peptoniphilus lacrimalis
Peptoniphilus tyrelliae
Phascolarctobacterium faecium
Phocaeicola massiliensis
Porphyromonas asaccharolytica
Prevotella corporis
Priestia megaterium
Proteus mirabilis
Provencibacterium massieliense
Providencia rettgeri
Pseudomonas aeruginosa
Rothia denticariosa
Schaalia radingae
Schaalia turicensis
Slackia exigua
Sporosarcina psychrophila
Staphylococcus aureus
Streptococcus dysgalactiae
Streptococcus gordonii
Streptococcus infantis
Streptococcus intermedius
Streptococcus mutans
Streptococcus oralis
Streptococcus peroris
Terrisporobacter glycolicus
Tractidigestivibacter scatoligenes
Veillonella atypica
Veillonella dispar
Veillonella parvula
Winkia neuii
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Fig. 2 Different Bacterial composition between Responders (R) and Non-responders (NR) cancer patients (melanoma and NSCLC) treated 
with ICI using culturomics. A Number of species isolated in each group (Bilateral Mann–Whitney test). B Beta diversity between R vs NR patients 
(PERMANOVA test). C. Heatmap representation between Responders and Non-Responders. D Top 20 species enriched in each group, with bold 
values indicating significantly enriched results by bilateral Chi-squared test p ≤ 0.05. R: Responder; NR: Non-responder
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Overlap analysis between culturomics and metagenomics 
reveal the complementary profiling techniques
To understand the commonalities and differences 
between culturomics results and metagenomics, we 
performed shotgun metagenomics in all NSCLC 
patients. Metagenomics sequencing detected a higher 
number of species with 721 taxa (mean of 164 range, 
32–253) compared to 154 different species (mean of 26, 
range 16–55) (p-value < 0.001) identified by culturomics 
(Tables S2-S3). Among the 721 taxa, 425 were unassigned 
at the species level (Table  S2). Of the 296 species 
identified (assigned at the species level) by metagenomics 
(mean of 85, range 24–122), 61 species were common 
with culturomics, while 93 species were found only by 
culturomics (p-value < 0.001) (Fig. 3A, Tables S3-S4).

We then analyzed the metagenomics data taking 
into consideration the patient clinical outcome. As 

previously published in the literature [2, 3], alpha 
diversity was significantly higher in R compared to 
NR (p = 0.001) (Fig.  3B), with no difference in beta 
diversity (p = 0.27) (Figure S3A). Linear discriminant 
analysis (LDA) between R and NR NSCLC revealed 
that Faecalibacterium prausnitzii, Eubacterium 
rectale, Roseburia inulinivorans, Coprococcus comes, 
and Agathobaculum butyriciproducens species were 
enriched with R status (Fig.  3C). Conversely, only 
Clostridia_unclassified_SGB4367 species was increased 
in NR NSCLC patients (Fig.  3C). In addition, we 
performed frequency comparisons between R and NR 
groups which revealed only for non-adjusted p-value 
additional enriched species, including Lacrimispora 
amygdalina, Evtepia gabavorous, Streptococcus 
parasanguinis and Agathobaculum butyriciproducens 
in R, and Clostridia-unclassified-SGB4367, 

Fig. 3 Culturomics and metagenomics represent complementary methods to characterize gut microbiome of NSCLC patients. A Venn 
diagram representation comparing culturomics and metagenomics results of patients with NSCLC; the number of species shared and distinct 
between both methods are represented in the circle. B Alpha (α) diversity Shannon index comparing 7R and 6NR patients with NSCLC 
by metagenomics. C Linear discriminant analysis (LDA) on metagenomics sequencing results comparing R and NR; logarithmic LDA score > 0 
indicating a higher relative abundance in R compared to NR
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R u m i n o c o c c a c e a e - G G B 5 8 4 8 5 - S G B 8 0 1 4 3 , 
Enterococcaceae-GGB33516-SGB5434 and 
Anaerofilum-sp-BX8 in NR (Figure S3B and C).

These results reinforce previous findings demon-
strating higher alpha diversity as well as specific bac-
teria associated with response to ICI in NSCLC such 
as Faecalibacterium and Roseburia and also highlight 
the complementary nature of these two orthogonal gut 
microbiome profiling techniques.

Discussion
The gut microbiome has emerged as one of the most 
promising biomarkers for predicting clinical outcomes 
in patients treated with ICI [22, 23]. Despite this, studies 
in patients treated with ICI combining shotgun metagen-
omics sequencing and culturomics are lacking. This study 
performed dual profiling in 22 advanced NSCLC and 
melanoma patients, focusing on high-throughput cul-
turomics combined with metagenomics sequencing for 
the NSCLC patients. Our study supports the concept of 
cancer-related dysbiosis, characterized by lower bacterial 
counts and altered microbiome composition in patients 
with cancer compared to healthy individuals. In addition, 
we found this dysbiosis to be defined by bacteria asso-
ciated with cancer development, such as Enterocloster 
species and Veillonella species [23, 24]. Culturomics fur-
ther validated the presence of Hungatella hathewayi and 
Streptococcus spp. in non-responders, while Bacteroides 
spp. were prevalent in responders. Importantly, our study 
found a significant overlap between sequencing and cul-
ture-based techniques but also identified distinct bacteria 
using culturomics, highlighting its utility to detect low-
abundance species that might be filtered out by thresh-
olds required for shotgun metagenomics sequencing.

Yonekura et  al. investigated in preclinical models, 
how cancer can cause stress-induced ileopathy through 
β-adrenergic receptor activation [23]. This ‘stress ileopa-
thy’, associated with sustained Clostridium spp.-related 
dysbiosis. While numerous cohort studies have profiled 
the gut microbiome of cancer vs. healthy controls, these 
studies do not provide any causal links and reinforce the 
open ‘chicken or egg’ conundrum of the cancer microbi-
ome. For example, in a large cohort study by Gao et al., 
which included 156 colorectal cancer patients and 104 
healthy controls, the authors observed a significant 
reduction in microbial diversity [25]. These cohort stud-
ies, among others [26], emphasize the consistent patterns 
of microbial dysbiosis fingerprints across various can-
cer types compared to healthy controls, suggesting that 
microbial shifts could potentially serve as a diagnostic 
biomarker. This is corroborated by our study, which also 
found significantly reduced bacterial diversity in cancer 
patients compared to healthy controls.

Several studies have utilized culturomics to study gut 
microbiome differences in various health conditions, 
but its application in distinguishing between cancer and 
healthy gut microbiomes is still emerging. To the best of 
our knowledge, our paper is one of the first to compare 
cancer-associated and healthy microbiomes using 
both culturomics and metagenomics techniques. For 
example, Dubourg et  al. used culturomics to study the 
gut microbiota composition in healthy individuals, and 
identified specific bacteria not detected by metagenomics 
sequencing which led to the addition of 531 species 
to the human gut repertoire [27]. Importantly, our 
comparative analysis between culturomics with the gold-
standard of metagenomics sequencing found a significant 
overlap in species identified by the two techniques, with 
metagenomics identifying a higher proportion of species 
overall, as expected. However, 94 species were uniquely 
identified using culturomics. Interestingly, metagenomics 
was able to identify key bacteria associated with ICI 
efficacy such as Feacalibaterium prausnitzii [27] which 
is a fastidious bacterium typically difficult to culture. In 
addition, our culturomics findings re-capitulated prior 
findings of cancer vs. healthy microbiome imprint, such 
as enrichment of Bifidobacterium genus including B. 
longum, and B. adolescentis, Bacteroides species as well 
as Alistipes onderdonkii in healthy individuals [28, 29]. 
The present findings have important clinical implications 
in distinguishing health individuals from those with 
disease using gut microbiome profiling and in better 
identifying gut microbiome differences between R and 
NR to ICI. Notwithstanding the increasing evidence 
pointing to the modulation of the response to ICI by 
the gut microbiome, the mechanism remains elusive. 
Immunosuppressive bacteria such as Enterocloster or 
other Clostridia species can modulate host immune 
responses by producing immunosuppressive metabolites, 
which may suppress T-cell activation and promote 
regulatory T-cell differentiation [30]. Additionally, these 
bacteria influence the expression of mucosal addressin 
cell adhesion molecule-1 (MAdCAM-1), facilitating the 
recruitment of regulatory T cells to the gut-associated 
lymphoid tissue and contributing to a tolerogenic 
microenvironment. This immune modulation can 
dampen anti-tumor immune responses and reduce the 
efficacy of ICI [30].

Despite this being the first study to concurrently 
evaluate the microbiome of healthy individuals vs. can-
cer patients and to examine the gut microbiome com-
position of responders to ICI and non-responders, our 
study is limited by small sample size which reduces the 
statistical power to obtain significant adjusted p-values, 
and lack of functional validation. One limitation of our 
study is the use of frozen rather than fresh samples. 
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Thawed samples exhibit reduced bacterial viability, 
particularly affecting anaerobes, which may have influ-
enced our culturomics results. In addition, the healthy 
volunteer control group was significantly younger than 
the cancer group, pointing to the known impact of age 
on bacterial diversity [31]. Future studies with larger 
sample sizes should therefore account for participant 
demographics such as age and sex. Despite these limi-
tations, our study reinforces the need to complement 
metagenomics sequencing with culturomics in future 
microbiome studies.

Conclusion
This present study highlights the addition of culturo-
mics to metagenomics, demonstrating key differ-
ences in alpha diversity and species-level composition 
between healthy volunteers and cancer patients, as well 
as between responders vs. non-responders to ICI. It 
also reinforces the importance of using complementary 
techniques to more robustly characterize the cancer-
associated microbiome for future applications in cancer 
detection and biomarker discovery.
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