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Custom scoring based on ecological topology of gut
microbiota associated with cancer immunotherapy
outcome
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Highlights

e Two topological metagenomic bacterial communities are
associated with patient survival

e A unidimensional dysbiosis score was calculated, allowing
survival risk stratification

e Gut dysbiosis TOPOSCORE computed from lung cancers
could be applied to other cancers

e The metagenomics-based score was translated into a rapid

21-bacteria-based qPCR test
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In brief

Topological communities of “favorable or
unfavorable” bacteria are functional
groups in interaction or competition in the
gut. The balance between these anti- or
pro-inflammatory communities can be
translated into a rapid diagnostic test to
evaluate the intestinal dysbiosis
associated with survival in patients with
lung and kidney cancer.
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Custom scoring based on ecological topology
of gut microbiota associated with cancer
immunotherapy outcome
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SUMMARY

The gut microbiota influences the clinical responses of cancer patients to immunecheckpoint inhibitors (ICls).
However, there is no consensus definition of detrimental dysbiosis. Based on metagenomics (MG)
sequencing of 245 non-small cell lung cancer (NSCLC) patient feces, we constructed species-level co-abun-
dance networks that were clustered into species-interacting groups (SIGs) correlating with overall survival.
Thirty-seven and forty-five MG species (MGSs) were associated with resistance (SIG1) and response
(S1G2) to ICls, respectively. When combined with the quantification of Akkermansia species, this procedure
allowed a person-based calculation of a topological score (TOPOSCORE) that was validated in an additional
254 NSCLC patients and in 216 genitourinary cancer patients. Finally, this TOPOSCORE was translated into a
21-bacterial probe set-based qPCR scoring that was validated in a prospective cohort of NSCLC patients as
well as in colorectal and melanoma patients. This approach could represent a dynamic diagnosis tool for in-
testinal dysbiosis to guide personalized microbiota-centered interventions.

INTRODUCTION nomic composition. Shifts in the gut microbiome, for instance,

have been directly linked to multiple chronic inflammatory
Microbial symbionts inhabiting our mucosae play crucial roles in  disorders, including cancer.>® Tumorigenesis can induce a
biogeochemical cycles and human health.” The biological prop-  stress ileopathy that promotes a protracted intestinal dysbiosis,
erties of microbial communities are determined by their taxo-  often characterized by the relative overrepresentation of the
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immunosuppressive Enterocloster genus that induces resis-
tance to PD-1 blockade.” However, fecal microbial transplanta-
tion (FMT) may circumvent primary resistance to immunotherapy
in melanoma by inducing distinct ecological changes accompa-
nied by anti-inflammatory, immunological, and metabolic
reprogramming of the original microbiota and tumor microenvi-
ronment of the recipient.5'6 Indeed, clinical benefit to immune-
checkpoint inhibitors (ICIs) or chimeric antigen receptor-T
cell therapy has been linked to the presence or absence of
distinct intestinal commensals across various malignancies.”™""
Of note, antibiotics (except vancomycin),”'? proton pump
inhibitors,*"'* and probiotics may alter the taxonomic composi-
tion of the intestinal microbiota, resulting in resistance to
immunotherapy.'>""

Beneficial gut ecosystems, comprising, among others, several
Lachnospiraceae and Ruminococcaceae family members, as
well as species from Faecalibacterium, Akkermansia, and
Bifidobacterium genera, harbor pattern recognition receptor
ligands, produce metabolites (such as short-chain fatty acids,
L-arginine, inosine, or tryptophan), and express cancer antigen
mimetics that can elicit type 1 interferon (IFN) or interleukin-12
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(IL12)-mediated TH1 or follicular T helper cell responses during
immunotherapy.'® " Despite compelling evidence for beneficial
and harmful metagenomic species (MGSs) associated with clin-
ical outcome in at least 18 ancillary studies,?>* little consensus
exists on which microbiome signatures are commonly associ-
ated with treatment responses.”*?® Additionally, there is a
need for user-friendly tools to support the application of micro-
biome profiling of clinically significant intestinal dysbiosis in
routine oncology practice.

Several confounding factors may have contributed to this lack
of consensus, such as technical considerations (fecal sample
collection methods and DNA extraction protocols), geographical
differences in patient populations (different diets and medica-
tions across different countries), statistical reasons (such as in-
ter-patient variability, small sample size), different definitions of
treatment outcomes (e.g., grouping stable disease with non-re-
sponders [NR] or responders [R], or using progression-free sur-
vival [PFS] instead of best clinical response as outcome
measure), and the significance of microbial signals that are
functionally related but driven by different species.?® Although
interest in defining the commensal gut microbiome has grown,
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our understanding of microbial interactions within commu-
nities is still limited. Moreover, it remains difficult to predict
which groups of microbes would form a stable community and
how a given community would respond to intrinsic (pathological)
or external (therapeutic) perturbations. In addition, although
resource competition, metabolic cross-feeding, and niche avail-
ability are among the main drivers of microbial community
assembly,?’2° the effect of host comorbidities and comedica-
tions on the gut microbiome is still being elucidated. Co-
abundance network analysis to identify “guilds,” or functional
groups consisting of diverse but cooperative bacteria, seems
to be a promising approach for identifying microbial sub-com-
munities as units relevant to host metabolic health or disease
progression.?’-*°

Based on shotgun metagenomics (MG) sequencing of fecal
materials at baseline, we constructed a co-abundance network
depicting relative abundance interrelationships within a discovery
cohort of 245 patients with advanced non-small cell lung cancer
(NSCLC). This network identified several microbial sub-consortia,
or sub-communities, named “species-interacting groups” (SIGs),
leading to the identification of two main SIGs driving the clinical
response to PD-1 blockade in advanced NSCLC, namely,
“SIG1” comprising 37 bacteria associated with poor responses
and “SIG2” encompassing 45 bacteria associated with good re-
sponses. The calculation of the SIG1/SIG2 ratio for each individual
mirrored the seesaw balance between these interactive groups.
Individuals with a score falling into an intermediate category
(“gray zone,” neither SIG1 nor SIG2) could be further segregated
based on the relative abundance of Akkermansia spp., as previ-
ously described.®’ The combination of the SIG1/SIG2 ratio and
Akkermansia muciniphila (Akk) abundance yielded a topological
score (TOPOSCORE) estimating the likelihood of an individual to
respond to PD1/PD-L1 blockade in a second cohort of 254
NSCLC patients (in 15t or 2" line (L) therapy) and a third cohort
of 216 kidney renal cell cancer (RCC) and urothelial cancer (UC)
patients. Using the TOPOSCORE, we observed that 20%, 53%,
58%, 35%, and 57% of healthy volunteers, 15t L NSCLC, 2" L
NSCLC, 2" L RCC, and 2™ L UC, respectively, presented with
gut dysbiosis. We finally scaled down the calculation of the
TOPOSCORE to 21 MGSs and set up a gqPCR-based user-
friendly test capable of accurately identifying the fecal presence
of the selected 21 bacteria. The reduced 21 MGS-based
TOPOSCORE was associated with immunotherapy outcome in
melanoma and colorectal cancer patients. By converting the
TOPOSCORE to a gqPCR-based test with a 48 h turnaround
time, it will be possible to adopt this score in routine clinical prac-
tice to improve patient stratification. Moreover, the observational
cohorts encompassing a total of 872 NSCLC, genitourinary, and
colorectal cancer patients reported here provide a resource for
correlating ICI responses with the gut microbiota.

RESULTS

Limitations in predicting clinical outcome across
cohorts and cancer types using single MGS

LUMIERE and ONCOBIOTICS are two prospective observa-
tional studies (NCT03084471) recruiting 499 patients with
advanced NSCLC in France and Canada since 2017 as well
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as 83 patients with RCC in France. For each patient, stool
samples were available before and during treatment (within 1
and 3 months of treatment start) and could be matched with
detailed clinical data, including information relative to comedica-
tions (Table S1). To study the prognostic impact of the gut
microbiota composition on ICI responses in NSCLC and RCC,
we performed MG sequencing of frozen fecal samples in a
partially reported”:° discovery cohort (enrolling NSCLC patients
from 2017 to 2019, n = 245) and in a partially reported®’ valida-
tion cohort (enrolling NSCLC patients from 2019 to 2023, n =
254) (Table S1).

We first determined whether the fecal taxonomic composition
at baseline (at the species level as previously reported” ") in
the discovery cohort composed of 245 NSCLC patients would
be associated with overall survival (OS) beyond 12 months (OS
> 12) upon 1% L or >2" | therapy with anti-PD-1 or anti-PD-
L1 antibodies (Abs). From the MG of the discovery cohort, 536
MGSs were identified using MetaPhlAn 4.0. To characterize differ-
ences in microbial composition between patient groups achieving
0OS<12(NR,n=112) or OS > 12 (R, n = 118), we monitored the
differences in stool microbial alpha diversity and performed prin-
cipal coordinate analyses (PCoA) of microbial beta-diversity dis-
tances (Bray-Curtis on normalized and standardized data as
described in the STAR Methods session). Of note, 15 patients
did not reach a 12-month-minimal follow up and could not be
included in this analysis. Alpha diversity (as defined as Shannon
index, inverse Simpson, or number of observed taxa) was signifi-
cantly different in the two groups with a higher richness in R (Fig-
ure S1A). Next, we utilized an unsupervised PCoA to explore pu-
tative differences in general microbiota composition between
short- and long-term survivors by means of two metrics, i.e., anal-
ysis of similarities (ANOSIM) and permutational multivariate anal-
ysis of variance (PERMANOVA) computed on the Bray-Curtis dis-
tance matrix. Both metrics revealed a difference between the two
groups (ANOSIM R = 0.031, p = 0.0039; PERMANOVA F = 2.895,
p =0.0029) (Figure S1A). To determine the relative contribution of
each microbial species abundance at baseline to the observed
group separation, MGSs were ordered according to their variable
importance (VIP) score (Figure S1A), which relies on the super-
vised partial least squares discriminant analysis (PLS-DA). Some
of the MGSs that were significantly associated with OS < 12
were already described in antibiotic-treated or poor prognosis
cancer patients (such as Hungatella hathewayi, Clostridium innoc-
uum, Streptococcus anginosus, or Actinomyces graevenitzii).*?

Next, we analyzed the validation NSCLC cohort (enrolled until
2022) in which slightly more therapy-naive patients were enrolled
than in the discovery cohort (Table S1). Alpha diversity (Fig-
ure S1B, p = 0.4413) was not different between OS < 12 and
OS > 12 subsets. The beta-diversity (Figure S1B, ANOSIM
R = 0.017, p = 0.0489; PERMANOVA F = 2.123, p = 0.0297)
was able to segregate the two groups. Considering strictly
MGSs identified using the MetaPhlAn 4.0 pipeline commonly
found in both cohorts (discovery and validation), we only recov-
ered four shared MGSs associated with OS > 12, including
Anaerostipes hadrus (Figures S1A and S1B). The Cox regression
analysis of OS based on the prevalence (presence or absence) of
A. hadrus was significantly associated with long-term clinical
benefit to PD-1 blockade, in both the discovery and the
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validation cohorts (Figures S1C and S1D). Despite these appar-
ently encouraging results, the StratifiedKFold (n_splits = 5)
random forest (RF) receiver operating characteristic (ROC)
curves, measuring the performance of the relative abundance
of these MGSs to classify patients into OS < 12 or > 12, indi-
cated area under the ROC curve (AUC) values around 0.6 in
the whole NSCLC cohort (discovery + validation, n = 499), sug-
gesting that these microbial species, alone or in a 4-species cu-
mulative RF model, were not able to robustly dictate patients’
treatment responses (Figures S1E-S1G). Moreover, in the
context of another malignant disease, in a cohort of RCC pa-
tients, the prevalence of Anaerostipes hadrus spp failed to pre-
dict long-term survival (Figure S1H). In fact, A. hadrus spp corre-
spond to highly prevalent (around 70%) (Figures S1C and S1D,
right panels) and relatively abundant species, suggesting that
they are necessary but not sufficient to accurately select patients
with better prognosis. Hence, as previously discussed,® despite
large and homogeneous cohorts handled by the same investiga-
tors using a clinically relevant endpoint (OS at 12 months,
0S12), we failed to identify a prototypical MGS fingerprint
robustly predicting clinical benefit to PD-1 blockade across
several malignancies.

Co-abundance networks within the microbial

ecosystem of NSCLC patients

The ecosystem community structural organization and the de-
gree to which such forces interact in long-term R or NR have
not been investigated to date. Here we used prevalence and/or
relative abundances of MGSs to assess their cooperative poten-
tial within large SIGs and the clinical relevance of SIGs for the
response to PD-1 blockade in the discovery cohort.

Building intestinal communities (SIGs)

Each MGS was categorized as either “low” or “high” based on the
median of its relative abundance in the whole population of 245
subjects (< median or > median, respectively). For those MGSs
that had a majority of null abundances (i.e., median = 0), the
MGSs were categorized as “present” or “absent” (relative abun-
dance > 0 or = 0, respectively). Cox proportional-hazard (CoxPH)
models were run to select MGSs associated with an elevated or
reduced OS with a hazard ratio (HR) < 0.80 or > 1.25, respec-
tively. The purpose of this selection was to discard MGSs with
HR close to 1, which are unlikely to contribute to the robustness
of the signature. Among the 536 MGSs identified in the discovery
cohort, a total of 266 MGSs were retained in the model
(Table S2A). The Akk MGSs (as well as Alistipes senegalensis
and Bacteroides caccae) were not considered in this screening
because their functional impact on NSCLC prognosis was tri-
chotomic (or not significant for the two others) with no linear
dose-effect relationship with patient prognosis.®’ Each pair of
these 266 MGSs was then analyzed by Fisher’s exact test on
2 x 2 contingency tables based on their absence/presence co-
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occurrences and scored by the —logo(p) X sign(OR — 1) metrics,
where p is the Fisher p value and OR, the odds ratio of the 2 x 2
table. This metric defined a score proportional to the significance
of the interaction between two MGSs (—/og¢(p)) that is negative in
case of co-exclusion pattern (OR < 1) or positive in case of co-
occurrence (OR > 1). Interactions with a Bonferroni-corrected p
value < 0.05 were retained for analysis (Figure S2A). A total of
180 connected MGSs were then clustered with Ward’s method
and Manhattan distance, resulting in the identification of 7 clusters
(C1 to C7) (Figures S3A and S3B; Table S2A). Two clusters (C5
and C6) contained 37 MGSs, mostly (95%) associated with
0S <12 (HR > 1.25) that were used to define the SIG1 signature.
Three clusters (C1, C2, and C3) that contained 45 MGSs all asso-
ciated with OS > 12 months (HR < 0.80) were compounded into
the SIG2 signature (Figure S3A; Table S2B). All the other clusters
failed to correlate with OS. In addition, interactions within SIG1
and SIG2 MGSs were >99% positive (indicating close-to-perfect
co-occurrence patterns), while edges in-between SIG1 and SIG2
MGSs were 98% negative (indicating a significant co-exclusion
pattern), thus reflecting a sharp and reproducible topological sep-
aration (Figure 1A). This interpretation is supported by the fact that
SIG1 contained members belonging to the Enterocloster genus
and Streptococcaceae, Veillonellaceae, and Lactobacillaceae
families that were already associated with dismal prognosis and
immunoresistance.”'"*>25%32 Conversely, SIG2 contained Lach-
nospiraceae (species from the genus Blautia, Roseburia, Dorea,
and Eubacterium) and Oscillospiraceae family members (Faecali-
bacterium prausnitzii, Ruminococcus bicirculans, and R. lactaris),
which were previously associated with general health and favor-
able clinical responses to ICls.®%

Scoring system for each individual

Next, we reduced the information on this whole-population-based
network to a unidimensional score. Each patient of the discovery
cohort received an S score computed as the difference of propor-
tions between present (relative abundance > 0) SIG2 and SIG1
MGSs and scaled from 0 to 1: S = (#SIG2/45 — #SIG1/37 + 1)/2.
A score of 0 would indicate that all MGSs of the SIG1 signature
but none of the SIG2 signature are detectable. Conversely,
ascore of 1 would indicate that all MGSs of the SIG1 are undetect-
able, contrasting with the detection of all MGSs of the
SIG2 signature. For MGSs with various annotated species at
the species-level genome bins (SGB) level of resolution in
MetaPhlAn4 (such as Faecalibacterium prausnitzii identified as
SGB15316, SGB15318, SGB15322, SGB15323, SGB15332,
and SGB15342), we considered the prevalence of at least one
of these subspecies for each patient. The performance of this S
score as predictor of OS12 was analyzed by a ROC analysis.
Two scores, 0.5351 and 0.7911, were identified as local maxima
of the Youden index (specificity + specificity — 1, Figure S2B)
and were used as cutoff values to define three categories:
SIG1if S < 0.5351, SIG2 if S > 0.7911, and otherwise a gray

Figure 1. Co-abundance networks and species-interacting groups (SIGs) associated with response or resistance to ICls in the discovery

cohort of NSCLC

Microbial network of the discovery cohort (n = 245) using co-occurrence matrices of 180 selected MGSs. Edges are significant (o < 0.001) Fisher associations
(pink and blue lines for co-occurrence and co-exclusion patterns, respectively). Nodes (representing MGSs) were colored according to SIG1 (black) or SIG2
(green), while others were left in light blue circled in gray. See also Figures S2 and S3. Numbers in the circles correspond to MGSs identification whose specific
taxonomic nomenclatures are aligned in the upper (SIG1) or lower parts (SIG2) of the graph.
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Figure 2. Design and performance of the TOPOSCORE in the discovery cohort

(A) The distribution of the S score is depicted by means of kernel density estimation (KDE). The boundaries between these two SIG distributions —identified as
local maxima of the Youden index (0.5351 and 0.7911)—are indicated in the x axis and individualize the limits of the gray zone. The percentages of patients with
0S < 12 months are annotated in each SIG group. Patients’ distribution was statistically significant as per % statistics. Refer to Table 1 for details of p values.
(B) Sankey diagram for the longitudinal follow up of patient categorization using the S score in 32 NSCLC patients.

(C) Decision-making tree to calculate the TOPOSCORE. Step 1 consists in calculating the S score (number of SIG2 MGSs present in individual patient stool
divided by 45 [frequency (f) SIG2] minus number of SIG1 MGSs present in individual patient stool divided by 37 [frequency (f) SIG1]) + 1 divided by 2. If the S score
falls into the gray zone (0.535 < x < 0.791), the Akkermansia muciniphila relative abundance allows to further classify the patient stool as follows: all patients
harboring physiological “normal” A. muciniphila (Akk) relative abundances (0 < Akk < 4.799) should be considered OS > 12, while all the other gray zone patients
(harboring high Akk levels [AkkH9", Akk > 4.8] and no Akk [AkkQ]) have to be considered OS < 12, allowing a final binary categorization into SIG1+ and SIG2+,
respectively.

(D) Cox regression univariate analysis and Kaplan-Meier curves of PFS and OS(left and right) in the 245 NSCLC patients according to the binary categorization of
the TOPOSCORE gave significant differences (p = 0.0060 for PFS, p < 0.0001 for OS). Refer to multivariate analyses in Table 1.

(E) Sankey diagram for the longitudinal follow up of patient categorization using the TOPOSCORE in 32 NSCLC patients.
See also Figure S4.
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zone (Figure 2A). Of note, 69% of patients with S < 0.5357 pre-
sented an OS < 12 months, contrasting with only 23% of patients
with S > 0.79171 (Figure 2A; Table S3). The Cox regression anal-
ysis of the clinical impact of the S score on OS confirmed
that patients with S > 0.79717 (henceforth called SIG2) exhibited
a significantly prolonged clinical benefit to PD-1 blockade
compared with patients falling into the gray zone or S < 0.5351
(henceforth labeled as SIG1) (Figure S4A). About 22.5%, 31%,
and 46.5% of patients in the discovery cohort fell into SIG2,
SIG1, and the gray zone, respectively.

Next, we analyzed the intraindividual dynamics of the S score
in 32 NSCLC patients who were sampled twice, before and
within 3 months after treatment start. Interestingly, 33% and
25% of SIG2 and SIG1, respectively, joined the gray zone,
while half of patients classified in the gray score shifted to
SIG2 and none among the patients changed from gray to
SIG1 (Figure 2B). Altogether, 67%, 50%, and 70% of individ-
uals within SIG2, gray, or SIG1 remained in the same category,
respectively (Figure 2B). R at 3 months (n = 12) were classified
either as SIG2 (n = 8) or gray (n = 4), while NR at this time point
(n = 20) were either classified as SIG1 (n = 14) or gray (n = 6).
Refining the prognostic model
To solve the uncertainty of the gray zone, which represented
about half of NSCLC patients, we segregated individuals
according to the trichotomized distribution of Akk relative abun-
dance (Figure 2C).*"

Normal levels of Akk (0 < Akk < 4.799%, Akk™™™) may be
considered as a surrogate of host fitness in comparison with
abnormal levels (Akk > 4.8%, Akk™9") or the absence of Akk
(Akk®).®" Starting from here, gray zone patients who harbored
physiological Akk levels (about 19% of the whole cohort)
were incorporated into the SIG2 category (to create the
“SIG2+” group), while gray zone patients devoid of (Akk®) or
harboring supraphysiologically high Akk levels (23% and 4%
of the whole cohort, respectively) were incorporated into the
SIG1 category (to create the “SIG1+” group) (Table S3).
Thus, based on S scoring and Akk levels, we built a final bino-
mial categorical score of immunoresistance-related dysbiosis,
which we termed TOPOSCORE, to classify NSCLC patients
into two risk categories, which were either SIG2+ (comprising
SIG2 patients plus gray zone AKk™™ patients) or SIG1+ (en-
compassing SIG1 patients plus gray zone patients with unde-
tectable or supranormal Akk) (Figure 2C; Table S3). Cox regres-
sion analysis confirmed the clinical impact of the TOPOSCORE
on PFS and OS. Thus, patients with a SIG2+ TOPOSCORE
exhibited a significantly prolonged clinical benefit to PD-1
blockade compared with patients with a SIG1+ TOPOSCORE
(Table S3; Figure 2D, left and right panels). Moreover, even af-
ter adjusting for established risk factors (age, gender, body
mass index, antibiotic use, PD-L1 expression, line of treatment,
and ECOG performance status), the TOPOSCORE indepen-
dently correlated with patient survival in multivariate analyses
(Table 1A, HR = 0.47 (0.33-0.67), p = 0.001). Finally, the intra-
individual dynamics of the TOPOSCORE in the same 32
NSCLC individuals sampled twice (baseline and 3 months)
showed the relative stability of the SIG phenotype with 67%
and 74% patients remaining in their SIG2+ and SIG1+ cate-
gory, respectively (Figure 2E).
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Scoring validation in lung cancer

We next applied the TOPOSCORE to an NSCLC validation cohort
of 254 patients under PD-1 blockade (Table S1). The proportions
of patients falling into SIG1, gray Akk"S" gray Akk®, gray Akk™™,
and SIG2 were approximately similar to those described in the
discovery cohort with 29%, 7%, 16%, 21%, and 27%, respec-
tively (Table S3). Here, 44.2% and 22% of patients with S <
0.5351 (SIG1) and S > 0.7911 (SIG2), respectively, presented
an OS < 12 months (Figure 3A; Table S3). As described above
for the discovery cohort, the Cox regression analysis of the asso-
ciation of the TOPOSCORE with PFS and OS validated that the
SIG2+ category of patients exhibited a significantly prolonged
survival compared with the SIG1+ subgroup (Table S3; Figure 3B,
p =0.058 for PFS, p = 0.0034 for OS), while the tripartite catego-
rization into SIG1, gray, and SIG2 did not perform well (Fig-
ure S4B). Here again, the TOPOSCORE classifier represented
an independent and more robust prognosis marker than PD-L1,
age, and antibiotics use in multivariate analyses (Table 1, HR =
0.59 (0.36-0.97), p = 0.041).

Importantly, when pooling all NSCLC patients from the discov-
ery and validation cohorts with an available PD-L1 immunohisto-
chemical tumor labeling (n = 344), we could demonstrate the
added value of the TOPOSCORE, not only in PD-L1 negative
tumors but also in PD-L1 positive NSCLC patients (Figure 3C,
p = 0.0046 and p = 0.0032, respectively). The prognostic value
of the TOPOSCORE was confirmed for previously treated
patients but also treatment-naive individuals receiving anti-PD-
1 Ab monotherapy alone or in combination with chemotherapy
(Figures 3D and 3E).

Prospective validation of the TOPOSCORE in other
cancer cohorts amenable to PD-1 blockade

We next extended the use of the NSCLC-related TOPOSCORE to
a prospective cohort pooling 83 RCC (from the ONCOBIOTICS
trial) and 133 UC (from the IOPREDI trial) treated with anti-PD-(L)
1 Abs in 2" L therapy (Table S1), for which baseline samples
and >6 months-clinical follow up were available. The percentage
of SIG1+ patients in the RCC and UC cohorts was 35% and
57%, respectively (Figure 4A). Pooling all urinary tract malig-
nancies, we found that the proportions of patients falling into
SIG1, gray Akk™" gray Akk®, gray Akk™™, and SIG2 were
approximately similar to those described in NSCLC with 26.4%,
1.4%, 21%, 24%, and 27.3%, respectively (Table S3). As found
in NSCLC, 80% and 36% of RCC+UC patients within SIG1 and
SIG2 had an OS < 12 months, respectively (Table S3). The Cox
regression analysis of the impact of the TOPOSCORE on PFS
and OS confirmed that the SIG1+ subset of patients exhibits
reduced clinical benefit compared with the SIG2+ subset
(Table S3; Figure 4B, left and right panels, p = 0.0039 for PFS
and p < 0.0001 for OS).

As a control, we computed the co-occurrence network, not
just for the 245 NSCLC patients who were first enrolled in
ONCOBIOTICS but rather randomly selected within the whole
cohort of 499 NSCLC patients, 10 times independently, using the
leave-one-out methodology to challenge our first TOPOSCORE,
and then validated the latter in the rest of the cohort of NSCLC
and RCC+UC. This calculation led to the performances summa-
rized in Table S4A. Hence, none of the alternative algorithms
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Table 1. Multivariate analyses of the TOPOSCORE in 499 NSCLC patients (discovery + validation cohorts)

Cox proportional-hazards univariate and multivariate analyses for discovery cohort

Variables Univariate analysis Multivariate analysis®

Groups Hazard Confidence p value® Groups Hazard Confidence p value

ratio interval 95% ratio interval 95%

TOPOSCORE SIG1+ (n=140) reference SIG1+ (n=126) reference

SIG2+ (n=105) 0.471 0.340-0.652  <0.001 SIG2+ (n = 88) 0.476 0.334-0.677 <0.001
Age, per year n =245 1.009 0.994-1.025 0.243 n=214 1.014 0.997-1.031 0.102
BMI <18 (n =22) reference  N/A 0.003 <18 (n = 20) reference N/A 0.002

18-25 (n=142) 0.537 0.323-0.893  0.017 18-25 (n=124) 0.545 0.324-0.915  0.022

>25(n=81) 0.395 0.230-0.680  0.001 >25(n=70) 0.371 0.213-0.646 <0.001
Antibiotics no (n = 189) reference no (n = 166) reference

yes (n = 56) 1.813 1.279-2.579  <0.001 Yes (n = 48) 2.262 1.549-3.303 <0.001
ECOG-PS 0-1(n=174) reference 0-1(n=178) reference

>2 (n=36) 1.441 0.971-2.139  0.069 >2 (n=36) 1.286 0.857-1.928  0.224
Treatment(s) 1 (n=50) reference not included N/A N/A N/A
line(s) >2 (n=195) 1.154 0.760-1.751  0.501 N/A N/A N/A N/A
PD-L1 0%-49% (n = 60) reference not included N/A N/A N/A

>50% (n=66) 1.128 0.705-1.803 0.616 N/A N/A N/A N/A
Gender female (n = 78) reference not included N/A N/A N/A

male (n = 159) 1.101 0.789-1.537  0.572 N/A N/A N/A N/A
Cox proportional-hazards univariate and multivariate analyses for validation cohort
Variables Univariate analysis Multivariate analysis®

Groups Hazard Confidence p value® Groups Hazard Confidence p value

ratio interval 95% ratio interval 95%

TOPOSCORE SIG1+ (n = 137) reference SIG1+ (n=103) reference

SIG2+ (n =117) 0.557 0.374-0.830  0.004 SIG2+ (n = 90) 0.595 0.362-0.978 0.041
Age, peryear n =254 1.314 0.894-1.93 0.165 n=193 0.970 0.942-0.999 0.43
BMI <18 (n=17) reference 0.075 <18 (n = 11) reference 0.310

18-25 (n = 132) 2.326 0.223-1.744  0.102 18-25(n=103) 3.108 0.723-13.364 0.128

>25(n=105) 1.604 0.573-4.486  0.368 >25(n=79) 2 864 0.651-12.605 0.164
Antibiotics no (n =217) reference no (n =170) reference

yes (n = 37) 1.385 0.833-2.302 0.210 yes (n = 23) 0.961 0.462-2.001 0.916
ECOG-PS 0-1 (n =104) reference 0-1 (n =170) reference

>2 (n=147) 1.631 1.085-2.452  0.019 >2(n=23) 2.463 1.199-5.059 0.014
Treatment(s) 1 (n=98) reference 1(n=94) reference
line(s) >2(n=132) 1.659 1.055-2.607  0.028 >2 (n=99) 1.275 0.723-2.250  0.401
PD-L1 0%-49% (n =73) reference 0 (n=104) reference

>50% (n = 145) 0.561 0.356-0.884 0.13 >50% (n=89) 0.632 0.350-1.141 0.128
Gender female (n = 98) reference not included - - -

male (n = 156) 1.040 0.845-1.268  0.694 - - - -

2Total patients included=214; missing data: 31; total events: 156
°Total patients included=193; missing data: 61; total events: 72

°Log-rank test was used to compare the survival of different groups. The p values < 25 presented in the table correspond to binary comparison,
including for BMI for the following groups, <18 x > 18, 18-25 x < 18 or >25, and < 25 x > 25.

yielded a better performance across all the different cohorts than
the first one (although some satisfactory scores were observed
and shared common MGSs across each other; Table S4B).
Finally, we applied the TOPOSCORE to healthy individuals (HV)
instead of cancer patients, computing the metagenomes of pub-
lic databases (matching HV with cancer patients based on age,
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sex, and country of residence) and utilizing the MetaPhlAn 4.0
pipeline. To analyze the differences in the taxonomic stool
composition between HV and the advanced NSCLC patients
(segregated into OS> or <12 months) described above, we per-
formed PCoA of Bray-Curtis distances on batch-corrected data
with MMUPHin (Ma et al. 2022°¢) and normalized/standardized
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data that unveiled significant separation among HV and cancer
groups (Figure S5A). To determine the relative contribution of
each MGS abundance at baseline to the observed three group
separation, MGSs were ordered according to their VIP score,
which relied on the supervised PLS-DA (Figure S5B). Not surpris-
ingly, significant MGSs were listed in SIG1 (such as Enterocloster
clostridioformis, E. bolteae, Clostridium symbosium, etc.) or SIG2
(Coprococcus comes, Dorea longicatena, etc.). In fact, the S
score applied to HV (matched for age and geography) highlighted
that 68.5% were SIG2, 27.5% fell in the gray zone, and 4% were
SIG1. Using the Akk trichotomic distribution, we could calculate
that approximately 20% of HV are SIG1+ (Figures 4A and S5C).

Altogether, the TOPOSCORE allowed us to conclude that
53%, 58%, 35%, and 57% of 1S'L NSCLC, 2"9L NSCLC,
15442"9 RCC, and >2"9L UC patients, respectively, are afflicted
by dysbiosis (defined by the SIG1+ phenotype) (Figure 4A) that
was associated with immuno- resistance independently of other
prognosis factors (Table 1). Thus, the TOPOSCORE represents a
robust biomarker correlating with responses to ICls in patients
with lung and genitourinary tract cancers.

Challenging the TOPOSCORE with machine-learning
approaches

We assessed the performance of the TOPOSCORE for the
identification of NSCLC patients who failed to respond to ICls
in the discovery cohort. The TOPOSCORE showed a sensitivity
of 74.1%, specificity of 56.8%, positive predictive value of
69.8%, and negative predictive value of 61.9%, with an
AUC of 0.66 (95% confidence interval 0.59-0.73). The
TOPOSCORE performance was compared with two machine-
learning algorithms. The first, RF via SIAMCAT(REF58), which
used the relative abundances of all microbial species, yielded
an AUC of 0.651 + 0.012 in the discovery cohort (Figure SEA).
Then, a metagenome-assembled genomes (MAGs)-based RF
model was employed, using relative abundances of 141
MAGs with a >95% quality score, which showed stability in in-
teractions across various conditions. This MAGs-based RF
model achieved an AUC of 0.65 (95% Cl 0.58-0.72) in the
same cohort (Figure S6B). Therefore, we conclude that the ma-
chine-learning algorithms provided similar degrees of accuracy
to foretell individual resistance to ICls as the TOPOSCORE in
the discovery cohort.

Functional pathways associated with SIG1 and SIG2
MGSs

To explore putative microbial functions underlying SIG1 and
SIG2 compositions, we analyzed MG pathways by means of
the HUMANN 3.0 pipeline. This pipeline first annotates microbi-
al-specific gene hits according to the Kyoto Encyclopedia of

Cell

Genes and Genomes (KEGG) orthology and then reconstructs
microbial metabolic pathways using the MetaCyc hierarchy.
We thus retrieved 664 pathways (unclassified excluded and
441 at 20% prevalence cutoff) in the whole cohort of 499
NSCLC patients, with 11 and 57 pathways exclusively present
in SIG1- and SIG2-associated microbial communities, respec-
tively, and 76 shared pathways for a total of 144 pathways (Fig-
ure S6C; Table S5A). PLS-DA ordination plots showed significant
compositional differences in the functional pathways across
sample types among SIG1+ and SIG2+ patients, while the VIP
plot showed discriminant and significant pathways for each
cohort (Figures S6D and S6E). SIG2 metabolic functions encom-
pass sulfur oxidation, tRNA charging and processing, stachyose
and mannan degradation, L-glutamate and L glutamine as
well as L-arginine and L-ornithine biosynthesis, L-tryptophane
and dTDP-L-rhamnose biosynthesis, as well as the pentose
phosphate pathways (Tables S5A and S5B). By contrast,
SIG1 metabolic functions comprise fatty acid beta-oxidation,
5'deoxyadenosine and L phenylalanine degradation, purine
and L-histidine degradation, and guanosine and L-lysine biosyn-
thesis (Tables S5A and S5B). A hierarchical clustering based on
the overall 144 pathway abundances related to SIG1 and SIG2
MGSs, was applied to the 499 NSCLC patients, showing a clear
separation of patients into two distinct groups, cluster 1
harboring 73% of SIG1+ individuals enriched in SIG1 functional
pathways and cluster 2 harboring 70% of SIG2+ patients
enriched in SIG2 functional pathways (2 statistic with Yates
correction = 88.305, p < 0.00001) (Figure S6F; Table S5C).
Thus, even though 76 pathways are shared among the SIG1
and SIG2 groups of microbial species, the overall distribution
of 144 pathways mirrored the seesaw balance between these
interactive groups, dividing them into two distinct functional
patterns related to SIG1 and SIG2 MGS functions (Fisher’s exact
test < 0.00001).

Development of a user-friendly qPCR-based assay
To transform the TOPOSCORE into a clinically actionable diag-
nosis tool, we considered circumventing the costly, laborious,
and time-consuming method of shotgun metagenomics by
means of a qPCR-based assay that can be performed within
48 h for determining the prevalence of bacteria. Based on the
most prevalent MGSs found for the gut oncomicrobial signa-
tures across various cohorts®>?° and the feasibility of designing
bacteria-specific and reliable probe sets (Figure S7), we
focused our gPCR-based assay on 15 SIG2- and 5 SIG1-asso-
ciated bacteria, as well as on Akkermansia spp. (Figure S8;
Table S6).

First, we re-ran the TOPOSCORE calculation for the whole
NSCLC cohort based on the MGS-based relative abundances

Figure 3. Performance of the TOPOSCORE in the validation cohort of NSCLC patients
(A) As for Figure 1A (discovery cohort), we applied the same calculation model and the same boundaries of the S score distribution in the validation cohort of 254
NSCLC patients by means of Kernel density estimation (KDE) and annotated the % of patients with OS < 12 in each group. Refer to Table S3 for statistical

analyses. Refer to Figure S4 for Kaplan-Maier curves according to the S score.

(B) Cox regression univariate analysis and Kaplan-Meier curves of PFS and OS in the 254 NSCLC patient validation cohort according to the TOPOSCORE gave
significant differences (p = 0.0583 for PFS, p = 0.0034 for OS). Refer to multivariate analyses in Table 1.

(C-E) Idem as in (B) but taking into account both NSCLC cohorts to analyze the effects of the TOPOSCORE on OS according to tumor PD-L1 expression (C, p =
0.0046 for PD-L1 < 1 and p = 0.0032 for PD-L1 > 1) or focusing on first-line immunotherapy (D, p = 0.0167) or first-line chemo-immunotherapy (E, p = 0.1408).
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Figure 4. Validation of the TOPOSCORE across malignancies

(A) Bar graph recapitulating the proportion of individuals (French adult HV or cancer patients) diagnosed with a gut dysbiosis (defined as SIG1+ using
TOPOSCORE) according to histotype, and treatment line (also refer to Figure S5C).

(B) Application of the TOPOSCORE in a prospective cohort of 133 UC and 83 RCC patients in Cox regression analyses and Kaplan-Meier curves of survival (PFS,
p =0.0039 and OS, p < 0.0001). Refer to Table S3.

(C) Cox regression analysis and Kaplan-Meier survival curves in 393 NSCLC patients according to the 83 (left, p < 0.0001) versus 21 (right, p = 0.0003) MGS-based
TOPOSCORE based on shotgun MG data.

(D) Implementation of the 21 MGS-based TOPOSCORE in a retrospective cohort of 165 melanoma patients (Lee et al.*®). Kaplan-MeierOS curves are depicted for
SIG1+ versus SIG2+ melanoma patients (p = 0.0644).

(E) Implementation of the 21 MGS-based TOPOSCORE in a retrospective cohort of colorectal cancer (CRC) patients enrolled in the open-label phase 2 trial
ATEZOTRIBE (Antoniotti et al. ASCO 2023°) and treated with chemoimmunotherapy (left, n = 102). Kaplan-MeierOS are depicted for SIG1+ versus SIG2+ CRC.
Cox’s proportional-hazards analysis and log rank tests were applied for all Kaplan-Meier curves (p = 0.033).
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Figure 5. A user-friendly gPCR-based TOPOSCORE

(A) Prototypic examples of two Spearman correlations between gPCR and shotgun MG-based bacterial relative abundances (also refer to Figure S8) gave
significant results (Coprococcus comes p < 0.0001, Enterocloster bolteae p < 0.0001)
(B) Consistencies between 21-gPCR-based and 83 MGS-based TOPOSCORE to determine SIG1+ versus SIG2+ categorization in the cohort of 401 NSCLC

patients evaluable both methods.

(C and D) Cox regression analysis and Kaplan-Meier survival curves using gPCR-based determination of bacterial abundance using the 21 MGS-based
TOPOSCORE in a first batch of 324 fecal sample DNA from NSCLC patients (C, p = 0.0264) and in a subsequent cohort of 77 NSCLC patients (batch 2, D, p =

0.0214) (also refer to Figures S7 and S8 and Table S6).

of these 21 microbial species (instead of the full set of 83 bacte-
ria). In Figure 4C, we show the survival curve of the 393 NSCLC
patients, confirming that the 83 MGS-based TOPOSCORE sep-
arates patients with a favorable versus dismal prognosis (left
panel). A comparable performance was obtained using the
reduced 21 MGS-based TOPOSCORE determined by shotgun
MG analyses (Figure 4C, right panel). The 21 MGS-based
TOPOSCORE was validated in an external cohort of 165 mela-
noma patients already described.® Using the 21 MGS-based
TOPOSCORE, we observed that the 43 patients classified as
SIG1+ tended to have a shorter OS (p = 0.06) than the 122 pa-
tients classified as SIG2+ (Figure 4D).

Lastly, we also challenged the TOPOSCORE in 102 colorectal
cancer patients enrolled in the chemoimmunotherapy arm of
the open-label phase Il “ATEZOTRIBE” trial.***” Here again,
the 21-MGS-based TOPOSCORE was associated with OS
(Figure 4E).

Next, we analyzed correlative patterns to score the relative
abundance of fecal bacteria with the two methods (shotgun
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MG versus gPCR) and to classify patients into SIG1+ versus
SIG2+ categories. First, the relative abundances determined
by MGSs and PCR of each of the 21 bacterium-specific DNA ex-
hibited high Spearman correlation coefficients, validating the
switch from shotgun MG to qPCR (Figure 5A to exemplify
C. comes and E. bolteae, Figure S8 for the other 19 bacteria).
Second, there was 78% matching between the categorization
into SIG1+ versus SIG2+ patients based on the 83-MGS-based
signature and the 21 qPCR-based TOPOSCORE (87/401 pa-
tients were inconsistently classified, Figure 5B). Third, when uti-
lizing the 21 bacterium-specific PCR probe sets on the remaining
fecal DNA (originally extracted for shotgun MG) from the whole
NSCLC cohort (n = 324), we confirmed that the 21 gPCR-based
assay dichotomized patients into two groups with significantly
different OS (SIG1 < SIG2) (Figure 5C, p = 0.0264). Fourth, we
validated the robustness of the gPCR-based assay in a prospec-
tive cohort of 77 NSCLC patients (Figure 5D, p = 0.0214).

In conclusion, we demonstrated that a rapid PCR-based test
that can be easily translatable into clinical routine, reliably
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stratified NSCLC patients amenable to immunotherapy with a
better prognosis.

DISCUSSION

Despite the use of microbiome-trained machine-learning across
different geographical cohorts, consistent prediction of PD-(L)1
therapy outcomes remains elusive. Notably, there has not
been a reproducible microbiome signature to reliably stratify pa-
tients individually. This observation is consistent with three
meta-analyses spanning various cancer types and therapies
that failed to resolve discrepancies in existing cohorts.®*°
Recently, two meta-analyses focused on melanoma utilized
shotgun MG databases and machine-learning methodology to
offer partial clarity on the “microbiotypes” associated with re-
sponses or resistance to immunotherapy.®>°

In this study, we chose an ecosystem-based strategy. Hence,
our work suggests gut residence of cooperative ecosystems
yielding consistent co-abundance patterns harboring opposite
clinical relevance (sensitivity versus resistance to ICls) in a
seesaw manner. Computing the TOPOSCORE on 920 advanced
cancer patients, we found that approximately 50% of individuals
could be classified as SIG1+ among whom 63% exhibited an
OS < 12 months.

The prevalence of bacteria from the SIG1 cluster is lower than
that of bacteria from the SIG2 cluster. Thus, ~50% of SIG1
MGSs have a prevalence <15%, while ~55% of SIG2 MGSs
have a prevalence >50% in both HV and cancer patients
(Figure S6). SIG1 contained 37 species belonging to the
Enterocloster genus, Streptococcaceae, Veillonellaceae, and
Lactobacillaceae families, already identified in immune-resistant
patients.>'®82% |n fact, SIG1 comprises many microbial com-
ponents of the oral cavity that can transit from the supraglottic
compartment down to the bronchoalveolar space or the small in-
testine, as a result of pH fluctuations, comedications (proton
pump inhibitors), or dysphagia.?****~*® QOralization of the intes-
tinal microbiota has been linked to the failure of immunotherapy
and immune-related adverse events.”®**~*® Veillonella spp. have
the capacity to expand TH17 pro-angiogenic and pro-oncogenic
lymphocytes that contribute to dismal prognosis and resis-
tance to cytotoxicants in NSCLC.** The Enterocloster genus
(E. aldensis, E. asparagiformis, and E. bolteage) represents a van-
comycin-sensitive clade of immunosuppressive bacteria, domi-
nant in the intestinal microbiota of people and patients suffering
from aging and chronic inflammatory disorders including can-
cer.®®*" By causing a beta-adrenergic receptor-dependent
stress ileopathy and an Enterocloster genus-dominated dysbio-
sis, some malignancies (and other pathological disorders such
as stroke) may increase gut permeability, favoring translocation
of inflammatory mediators and bacteremia with immunosup-
pressive potential.”*® Interestingly, the gut microbiome health in-
dex (GMHI), an index proposed to predict the disease likelihood
of an individual based on its fecal microbial composition*° found
species in the non-healthy group similar to the ones retrieved
here in SIG1 (see https://github.com/jaeyunsung/GMHI_2020/
blob/master/MN_species.txt). Instead, SIG2 was composed of
45 species gathering Lachnospiraceae and Oscillospiraceae
family members that are strongly associated with healthy status
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and favorable clinical responses.*®'"?55951 |ndeed, functional
fingerprints of SIG2 (such as stachyose degradation,'” biosyn-
thesis of L-ornithine and L-Arginine within the polyamine
pathway,”>>° purine ribonucleoside degradation®®) suggest
metabolic patterns that favor tumor cell cycle control and
immunosurveillance.

Sensitivity, specificity, positive and negative predictive values
of the 83 MGS TOPOSCORE applied to NSCLC were 74.1%,
56.8%, 69.8%, and 61.9%, respectively, with an AUC = 0.66
[95% confidence interval 0.59-0.73]. Of note, the alternative
state-of-the-art machine-learning algorithms (including SIRUS,
SIAMCAT, and MAGs-based RF) performed equally well (Fig-
ure S5). The robustness of the TOPOSCORE was not only illus-
trated for patients with NSCLC but also in patients with stage
IV urinary tract amenable to ICI (including 83 (1L + 2L) RCC
and 133 (>2L) UC. Interestingly, the fraction of SIG1+ patients
was lower in RCC (34%) than in UC (57%), suggesting that the
15! L treatment (mostly kinase inhibitors in RCC and platinum-
based chemotherapy in UC) may influence the incidence of
dysbiosis.

Longitudinal scoring of patients will be instrumental to under-
stand the impact of therapeutic interventions on gut homeosta-
sis. It remains to be established whether the 83 MGS
TOPOSCORE may be extended and applied to other types of
malignancies (that may be influenced by extraintestinal micro-
biota). At the speculative level, the TOPOSCORE might become
a valuable tool to select donors of FMT and hence to exclude the
20% of HV falling into the SIG1+ category and instead prioritize
the ~17% HV with a particularly favorable TOPOSCORE
(=0.90). Of note, in contrast to HV, only 6% cancer patients
(43/715) scored >0.90. The TOPOSCORE also covers the un-
met medical need of patient stratification based on intestinal
dysbiosis in order to ascribe resistance to ICls to an objective
deviation from the healthy taxonomic composition (rather than
to cancer cell-intrinsic molecular cues) and to guide micro-
biota-centered interventions. Hence, the TOPOSCORE repre-
sents a potentially actionable diagnosis tool for the pharmacody-
namics of live biotherapeutics, FMT, and prebiotics. More
specifically, the TOPOSCORE offers a user-friendly process to
rapidly evaluate gut dysbiosis in a given individual at any time
of the disease. Indeed, we showed that it was possible to replace
the 83 MGS-based shotgun MG TOPOSCORE by a 21-bacteria-
probe set-based gPCR with 78% consistency. Hence, pending
further optimization, this 21-bacteria-based qPCR assay may
be considered as a proxy of the TOPOSCORE.

Limitations of the study

This study has some limitations. The TOPOSCORE may fluctuate
with patient accrual, cancer histotype selection, the clinical
endpoint, and geography. Inclusion of additional MGSs into
the qPCR-based TOPOSCORE may improve its performance.
We could not verify the stability of the TOPOSCORE at baseline,
before treatment, by performing serial sampling. Longitudinal
analyses have been performed before and after treatment only.
The MG-to-PCR-switch of the TOPOSCORE has been biased
by the availability of bacteria-specific probe sets and bacterial
isolation techniques. Finally, the TOPOSCORE may misestimate
the frequency of dysbiosis in healthy volunteers because such
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volunteers were matched with cancer patients based on age,
sex, and geography but not based on diet and comedications.
The TOPOSCORE does not allow to distinguish the prognostic
versus predictive nature of the impact of the intestinal microbiota
composition on OS. Future studies with large effect sizes will be
required to answer this question.
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tionale Informatique et Libertés [CNIL]). Article 8 of this legislation states: ‘The collection and processing of personal data that reveals,
directly or indirectly, the racial and ethnic origins, the political, philosophical, religious opinions or trade union affiliation of persons, or
which concerns their health or sexual life, is prohibited’.[ https://www.advamed.org/sites/default/files/resource/112_112_code_of
ethics_0.pdf]

General Data Protection Regulation procedures and anonymization rules have been applied according to Oncobiome H2020
model system already in place in the ClinicObiome, Gustave Roussy. The bladder cancer cohort of patients allowing the
IOPREDI / STRONG ancillary study biobanking and data mining was provided by AstraZeneca. IOPREDI (EudraCT Number:
2016-005068-33) is the French cohort of the STRONG phase llIb trial.>® The Clinical Study Protocols and Informed Consent
Forms were approved by Independent Ethics Committees/Institutional Review Boards.*® Patients with bladder cancer who pro-
gressed on previous chemotherapy were treated with durvalumab (1500 mg every 4 weeks until progression). Baseline stool samples
were used for MG analyses (n=133) and pooled with the kidney cancer cohort from ONCOBIOTICS.

The melanoma patient cohort (PRIMM-UK) was analyzed and reported by University of Trento (Dr N. Segata).

The colorectal cancer (CRC) cohort from the AtezoTRIBE study provided stool biobanking and data mining (GONO founda-
tion).>>*” AtezoTRIBE was a prospective phase Il clinical trial, which enrolled 218 patients affected by unresectable Stage IV CRC
to receive two first line systemic regimens. These patients were not subjected to any other treatment at the time of the first stool sam-
ple collection. In particular, 150 stool samples were available for the first time point for the same number of patients, considering only
MSS CRC treated with chemoimmunotherapy. Samples were collected using the same guidelines and processes as for the
ONCOBIOTICS cohorts.

METHOD DETAILS

Shotgun metagenomics sequencing and bioinformatic analysis

For metagenomic analysis, the stools were processed for total DNA extraction and sequencing with lon Proton technology following
MetaGenoPolis (INRAE) France, as previously reported. Metagenomic analysis of fastq files was performed following previously pub-
lished guidelines” for taxonomic (MetaPhlAn 4.0) and functional (HUMANN 3.0)°° profiling of metagenomes. These two pipelines
leverage a set of 99,200 high-quality and fully annotated reference microbial genomes spanning 16,800 species and the 87.3 million
UniRef90 functional annotations available in UniProt. The taxonomic profiling and quantification of organisms’ relative abundances of
all metagenomic samples were quantified using MetaPhlAn 4.0 with default parameters. In total, we identified 536 microbial species.
Statistical analysis for Figure S1. For the forthcoming statistical and metagenomic analysis, patients were randomly distributed into a
discovery cohort (n=245) and validation cohort (n=254) by means of the Python “pandas” package v1.3.4, “df.sample” function.
Overall survival (OS), defined as the time from immune checkpoint inhibitor treatment start until death from any cause, was estimated
using the Kaplan—-Meier method and compared with the log-rank test (Mantel-Cox method) in a univariate analysis. Multivariate sur-
vival analyses were performed using Cox regression models to determine hazard ratios and 95% confidence intervals for overall sur-
vival adjusting for variables with p-values < 0.05 found in univariate analysis using the coxph function from the R survival package
(v3.2-7). Survival analysis and Kaplan-Meier curves were computed (R v4.1.2 packages survival, survminer, Rcpp) for each microbial
species harbored by each of the seven SIGs, retrieving survival curves parameters as per survfit function (records, n.max, n.start,
events, rmean, se_rmean, median, 0.95LCL, 0.95UCL) and per survdiff function (Observed, Expected, (O-E)"2/E, (O-E)"2/V, Chi-
squared, P value) (Supplementary Table KM_calculations). These parameters were computed using the “high” and “low’ relative
abundances (considering the “high” >0 and the “low”<0 of normalized and standardized relative abundance values as cut-off
values). We then computed the difference (AHigh-Low mOS) and fold-ratio (log2FRHigh/Low mOS) in median OS for each microbial
species, finding out a hierarchy of positive to negative microbial species in terms of their contribution to patients’ mOS.

Statistical analysis of metagenomic data

Within data matrices retrieved from the MetaPhlAn 4.0 pipeline, only microbial species having a prevalence >2.5% were considered
for subsequent analysis. Relative abundances of microbial species underwent transformation (multiplicative_replacement followed
by centre-log-ratio clr functions, Sci-Kit learn package v1.0.1), then normalization and standardization using QuantileTransformer
and StandardScaler methods from Sci-Kit learn package v1.0.1. Normalization using the output_distribution="normal’ option trans-
forms the distribution of each variable to a Gaussian-like, while the standardization results in each normalized variable distribution
having a mean of zero and unit variance. These two steps of normalization and standardization ensure the proper comparison of vari-
ables with different dynamic ranges, such as microbial relative abundances. Data were batch-corrected with MMUPHin (Ma et al.
2022).%° For microbiota analysis, measurements of o diversity (within sample diversity) such as Richness and Shannon index,
were calculated at species level using the SciKit-bio package v0.5.6. Exploratory analysis of B-diversity (between sample diversity)
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was calculated using the ‘Bray-Curtis’ measure of dissimilarity and ‘complete linkage’ method, and represented in Principal Coor-
dinate Analyses (PCoA) as an ordination plot. Metrics to compare groups of multivariate sample units (analysis of similarities -
ANOSIM, permutational multivariate analysis of variance - PERMANOVA) were employed to assess significance in data points clus-
tering.*® ANOSIM and PERMANOVA were automatically calculated after 999 permutations, as implemented in SciKit-bio package
v0.5.6. We implemented Partial Least Square Discriminant Analysis (PLS-DA) and the subsequent Variable Importance Plot (VIP)
as a supervised analysis wherein the VIP values (order of magnitude) are used to identify the most discriminant microbial species
among the cohorts. Bar thickness reports the fold ratio (FR) value of the mean relative abundances for each species among the
two cohorts, while an absent border indicates mean relative abundance of zero in the compared cohort. Mann-Whitney U test
and Kruskal-Wallis tests were employed to assess significance for pairwise or multiple comparisons, respectively, considering a
P value <0.05 as significant. All P values were corrected for multiple hypothesis testing using a two-stage Benjamini-Hochberg
FDR at 10%. Receiver Operating Characteristic (ROC) metric to evaluate classifier output quality was generated by a machine
learning model employed in Sci-Kit learn package v1.0.1 trained on ICl response, using the ML standard in metagenomics, a random
forest classifier within Sci-Kit learn package v1.0.1. Classifier parameters were: L1 regularization, n_estimators=1000, class_-
weight="balanced_subsample’, random_state=0, oob_score=True, n_jobs=-1, max_depth=2, bootstrap=True, criterion="gini’.
Venn diagrams were generated from selected species using the online software InteractiVenn, available at http://www.
interactivenn.net/. All the analyses were made with Python v3.8.2 or R v4.1.2. Sankey diagram was generated with the Plotly library
within Python v3.8.2.

Toposcore algorithm
The scoring algorithm was developed based on the relative abundance of 536 metagenomics species (MGS) derived from 245
NSCLC cancer patients of the discovery cohort (Table S1).

Each MGS was categorized as “low” or “high” if its relative abundance < or >median respectively. When a MGS had a majority of
null abundances (i.e., median = 0), this process matched the “absence” vs “presence” categorization. Cox Proportional Hazard
(CoxPH) models were run on “overall survival” for each categorized MGS. A total of 266 MGS with a Hazard Ratio (HR) < 0.80 or
> 1.25 were retained in the model. The purpose of this selection was to discard MGS with HR close to 1, which are unlikely to partic-
ipate in a diagnostic signature. Selected MGS were not necessarily significantly associated with OS as 1 might be contained in the
95% Confidence Interval (Cl) of their HR. The Akkermansia muciniphila MGS was not considered in this screening because its relative
abundance had a trichotomic distribution with no linear dose-effect relationship with patient prognosis as already reported in de-
tails.>' Each pair of MGS was then analyzed by a Fisher’s exact test on 2x2 contingency tables based on their Absence/Presence
co-occurrences and scored by the -log4o(p) x sign (OR - 1) metrics, where p is the Fisher p-value and OR the Odds Ratio of the
2x2 table. This metrics defined a score proportional to the significance of the interaction between two MGS (-log+¢(p)) that is negative
in case of co-exclusion pattern (OR < 1) or positive in case of co-occurrence (OR > 1). Interactions with a Bonferroni-corrected
p-value < 0.05 were retained for analysis. A total of 180 connected MGS were then clustered with Ward’s method and Manhattan
distance. The clustering tree was cut to obtain 7 clusters (C1 to C7). Two clusters (C5 and C6) contained 37 MGS mostly (95%) asso-
ciated with 0S<12 (HR > 1.25) that were used to define the SIG1 signature. Three clusters (C1, C2, C3) contained 45 MGS all asso-
ciated with 0S>12 months (HR < 0.80) that were used to define the SIG2 signature. In addition, interactions within SIG1 and SIG2
MGS were 99% and 100% positive respectively (co-occurrence patterns), while edges in-between SIG1 and SIG2 MGS were 98%
negative (co-exclusion patterns), thus reflecting a significant and opposite topological separation.

Each patient of the discovery cohort was then scored with a S score computed as the difference of proportions between present
(relative abundance > 0) SIG2 and SIG1 MGS and scaled from 0 to 1: S = (#S1G2/45 - #S1G1/37 + 1)/2. A score of 0 indicates that all
MGS of the SIG1 signature have strictly positive relative abundances and all MGS of the SIG2 signature have null relative abun-
dances. Conversely, a score of 1 indicates that all MGS of the SIG1 signature have null relative abundances and all MGS of the
SIG2 signature have strictly positive relative abundances. A score of 0.5 indicates an equilibrium in proportions of present SIG1
and SIG2 MGS. The performance of this S score was analyzed by a Receiver Operating Characteristic (ROC) analysis. Two scores,
0.5351 and 0.7911, were identified as local maxima of the Youden index (Specificity + Specificity — 1) and were used as cutoffs to
define three categories: SIG1+ if S < 0.5351, SIG2+ if S > 0.7911, and “gray zone” otherwise.

The association with OS was made based on these categories: 0S<12 in the SIG1+ category, and OS>12 in the SIG2+ category.
The gray zone defines a range of scores where the relative proportions of present SIG2 and SIG1 MGS hardly discriminated survival
outcomes. In this range, the Gram- anaerobic bacterium Akkermansia muciniphila SGB9226, for which a trichotomized distribution of
the relative abundance was shown to correlate with 0S,®" was used: 0S>12 if Akkermansia muciniphila is low (in normal ranges),
0S<12 if Akkermansia muciniphila is 0 or high (abnormal ranges). The performance was assessed by Kaplan Meier (KM) analyses
of predicted 0OS>12 vs. OS<12 in CoxPH analyses of OS in the discovery cohort, and repeated on several independent cohorts.

Machine learning approach for responsiveness to immunotherapy

First, we trained a RF classifier (SIAMCAT R package 1,000 estimator trees, with a minimumof 30% of features par tree)°” on the
discovery cohort in a 10-fold cross validation repeated 20 times, to assess AUC. Siamcat algorithm was used for the RF model,
and its performance was measured by ROC curves and AUC value. Second, the 284 metagenome-assembled genomes (MAGs)
from Guild1 and Guild2 found in our previous work were used as reference genomes to perform read recruitment analysis.*° The
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metagenomic reads were aligned to the MAGs using coverM with —min-read-aligned-percent 90 —min-read-percent-identity 99.
Abundances of the MAGs were used for the RF model, and its performance was measured by ROC curves and confusion matrix.

Gene Pathway Functional analyses

Functional potential analysis of the metagenomic samples was performed using HUMANN 3.0°° with default parameters. The
MetaCyc “path abundance” profiles, expressed as RPK units, were analyzed by Dask v2021.10.0 (https://docs.dask.org/en/
stable/), in order to have a final matrix of pathways, both bulk and species-specific. Subsequent statistical analysis was performed
as described in the paragraph “Statistical analysis of metagenomic data”, taking into consideration only the pathways with a prev-
alence equal or higher than 20%, and the patients’ categorization into SIG1+ and SIG2+ following TOPOSCORE. In order to analyze
the different pathways composition among SIG, each SIG species was measured for its contribution to each pathway, and RPK unit
results expressed as mean+SEM.

qPCR-based TOPOSCORE using Precision Microbiome Profiling (PMP™)

For each bacterium and archaea, we used the coords function of the pROC R package to determine the cut-off of gPCR amplification
using the Youden index allowing to reproduce the community detection of our reference measurement (shotgun metagenomics) with
the best trade-off in terms of sensitivity and specificity. Due to the non-linear relationship between the PCR quantification and the
presence status of Akkermansia spp. relative abundance (negative if Akk=0 or Akk>4.8, and positive if 0<Akk<4.8), we considered
three categories: negative/low (Akk=0), positive (0<Akk<4.8), and negative/high (Akk >4.8). We determined two PCR cut-offs ac-
cording to the Youden index for multinomial response with the multiclass.roc function of the pROC R package. These analyses
were realized using R v4.0.4.

ADDITIONAL RESOURCES

Clinical trial registry numbers
® ONCOBIOTICS (https://clinicaltrials.gov/ct2/show/NCT04567446)
o IOPREDI / STRONG ancillary study (https://clinicaltrials.gov/study/NCT03084471)
o PRIMM-UK (https://clinicaltrials.gov/study/NCT03643289)
® AtezoTRIBE (https://clinicaltrials.gov/study/NCT03721653)
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Figure S1. Classical method to estimate the performance of MGSs associated with clinical benefit to immune-checkpoint blockade

(A and B) Taxonomic alpha-diversities (insets) of patient samples were estimated using the inverse Simpson index, observed taxa, and Shannon diversity index
(right, upper). Alpha-diversity metrics were computed for non-responders (OS < 12 months, orange) and responders (OS > 12 months, blue) patients with follow
up >12 months from the discovery cohort (A) and the validation (B) cohorts. Beta-diversities (principal coordinate analysis, PCoA) of fecal microbiota (microbial
relative abundances) according to response (orange: OS < 12 months, blue: OS > 12 months.) in the discovery cohort (A) and the validation (B) cohorts (right,
lower). Supervised analysis using partial least square discriminant analysis (PLS-DA) and variable importance plot (VIP) to identify the most discriminant
microbial species among non-responders (OS < 12 months, orange) and responders (OS > 12 months, blue) (left). ANOSIM and PERMANOVA define
the separation of the groups; p values define the significance of group separation after 999 permutations of the samples. Mann-Whitney U test p values (“p < 0.05,
**0 < 0.01, **p < 0.001) are indicated.

(C—F) Cox regression univariate analysis and Kaplan-Meier curves of OS of NSCLC patients in discovery (C and D) and validation (E and F) cohorts according to
the presence or absence of Roseburia intestinalis (C and E) or Anaerostipes hadrus (D and F) in stools at baseline (left). The prevalence of each bacterium is
detailed in the right panels. Chi-square test was employed to assess differences in prevalence values.

(G) Receiver operating characteristic (ROC) curves and AUC measuring the performance of the relative abundance of most significant MGSs retained in machine-
learning algorithms using the discovery and validation cohorts.

(H) Cox regression univariate analysis and Kaplan-Meier curves of OS in patients with renal cell carcinoma (RCC). All analyses were performed using the
MetaPhlAn 4.0 pipeline. Refer to Table S1 for patient characteristics. OS, overall survival; HR, hazard ratio; AUC, area under the ROC curve.
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Figure S2. Co-abundance networks and SIGs associated with overall survival in the discovery cohort of patients with NSCLC

(A) Microbial network of the discovery cohort (n = 245) using co-occurrence matrices of 180 selected metagenomics species (MGSs). Edges are significant (o <
0.001) Fisher associations (pink and blue lines for co-occurrence and co-exclusion patterns, respectively). Nodes (representing MGSs) were colored according to
the 7 identified co-occurrence clusters, C1 to C7 (refer to Figure S3).

(B) The performance of the S score and its association with OS at 12 months (0S12) was analyzed by a receiver operating characteristic (ROC) analysis. Two
scores, 0.5351 and 0.7911, were identified as local maxima of the Youden index (indicated by red and green dots, respectively).
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Figure S3. Unsupervised hierarchical clustering of the bacteria associated with overall survival retained in the model in the discovery cohort
(A) A total of 180 metagenomics species (MGSs) were clustered with Ward’s method and Manhattan distance based on their presence in the discovery cohort (n =
245). In this heatmap, MGSs are in rows and subjects in columns. Presence of a given MGS in a subject is indicated in light blue (and absence in white). On the top
scale, the OS status of patients at 12 months is indicated (blue for OS > 12 months, orange for OS < 12 months, white for subjects with follow up < 12 months).
Seven MGS clusters, C1to C7, were identified. Clusters C1 to C3 contained MGSs uniquely associated with favorable OS outcome (HR < 0.80, in dark blue in the
scale on the left) and were assigned to SIG2 group (green). Clusters C5 and C6 contained MGSs mostly associated with unfavorable OS outcome (HR > 1.25, in
orange) and were assigned to SIG1 group (pink and red). HR, hazard ratio.

(B) Idem as in (A), but the clustering was supervised based on 0S12.
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Figure S4. Performance of the S score in the discovery and validation cohorts

(A) Cox regression univariate analysis and Kaplan-Meier curves of overall survival (OS) for the 245 NSCLC patients from the discovery cohort according to the 3
regions within the S score: (1) a SIG1 region (0 < x < 0.535); (2) a gray zone (0.535 < x <0.791); (3) a SIG2 region (x > 0.791) calculated from MG of fecal samples at

baseline.

Median OS

SIG2

SIG1 and Gray

HR (95% Cl), 0.48 (0.35 to 0.47)
p<0.0001

10 20 30 40
Time (Months)
45 17 8 3

77 39 14

Median OS

SIG2

SIG1 and Gray

HR (95% Cl), 0.74 (0.49 to 1.23)
p=0.1780

T
10

20 30 40
Time (Months)
67 65 64 62
179 170 161 152

Cell

(B) Idem as in (A), but for the 254 NSCLC patients from the validation cohort. Cox’s proportional-hazards analysis and log rank tests were applied for all Kaplan-

Meier curves.
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Figure S5. TOPOSCORE calculation in healthy volunteers and comparisons with cancer patients classified according to overall survival at
12 months

(A) Beta-diversity (principal coordinate analysis, PCoA) of fecal microbiota (microbial relative abundance) according to individual subgroups: patients with non-
small cell lung cancer (NSCLC) and renal cell carcinoma (RCC) and OS < 12 months (black), patients with NSCLC/RCC and OS > 12 months (green), and healthy
volunteers (HV) matched on age and geography with cancer patients (purple).

(B) We implemented partial least square discriminant analysis (PLS-DA) and the subsequent variable importance plot (VIP) as a supervised analysis in order to
identify the most discriminant microbial species among the patient (OS< or >12) and HV groups. ANOSIM and PERMANOVA define the separation of the groups;
p values define the significance of group separation after 999 permutations of the samples. Mann-Whitney U test p values (*p < 0.05, **p < 0.01,**p < 0.001) are
indicated.

(C) SIG1 and SIG2 ratio distributions for all patients with NSCLC and HV are depicted.
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Figure S6. Machine-learning algorithms based on RF or HQ-MAGs and SIG-related functional pathways

(A and B) Machine-learning algorithms using random forest (RF) classifier trained on the discovery cohort. SIAMCAT algorithm (A) and abundances of 284 high-
quality metagenome-assembled genomes (HQ-MAGs-based) (B) were used for the RF model, and classifier performance was measured by receiver operating
characteristic (ROC) curves and area under the ROC curve (AUC) value.

(legend continued on next page)
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(C-F) Microbial pathway analysis. Enumeration of the metabolic MetaCyc pathways distinct or shared between SIG1 and/or SIG2 pools of bacteria in the whole
cohort of 499 patients with non-small cell lung cancer (NSCLC) are shown in the Venn diagram and Table S3 (C). Beta-diversity (D). Partial least square ordination
plot of fecal microbiota MetaCyc pathways in the whole cohort of 499 NSCLC patients treated with ICIs and categorized with TOPOSCORE (black: SIG1+, green:
SIG2+). ANOSIM metric defines the separation of the groups; p value defines the significance of group separation after 999 permutations of the samples (D).
Partial least square discriminant analysis (PLS-DA) and the subsequent variable importance plot (VIP) as a supervised analysis to identify the most discriminant
stool MetaCyc microbial pathways for SIG1+ and SIG2+ patients. Mann-Whitney U test p values (*p < 0.05, **p < 0.01, ***p < 0.001) are indicated (E). Clustermap
of the 499 patients with NSCLC (colored by SIG1+ or SIG2+) forming two clusters following pathway abundances specifically enriched for SIG1 or SIG2 MGSs (F).
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Figure S7. Prevalence of metagenomics species belonging to SIG1 and SIG2
Prevalence of each MGS belonging to SIG1 and SIG2, including the 21 species used in the gPCR-TOPOSCORE (gray diamonds on the right side of bars) in 393

patients with non-small cell lung cancer (NSCLC).



¢? CellPress

OPEN ACCESS

Akkermansia muciniphila

80 = 341 .
20 0.9158
30, |p<0.0001
g I threshold = ‘
e BT 115 98403 .
3 i s
«© i
K i oo 1%
;j;
4

Normalized absolute quantification (PCR)

Veillonella atypica

20 n =341
g 1 r=0.7572 .
15 p<0.0001

g" o threshold = 30.1

3

g

5

Qo

8 05

(]

2

3

&
0.0

Normalized absolute quantification (PCR)

Dorea longicatena
in =341
r=0.8937
p <0.0001
threshold = 19.7

Relative abundance
>

. ‘. . .
0 [
NS > > Qe @
» I S

¢ N e

Normalized absolute quantification (PCR)

Gemmiger formicillis

n =341
r=0.7409
® p<0.0001
. -’
threshold = 3.9
LY « 3

s @ > >
S +»§ N S
Noaf o K

Normalized absolute quantification (PCR)

Roseburia inulinivorans
in =341

=0.9488 .
{p<0.0001

ithreshold = 22.3, ¢

Relative abundance
>

Normalized absolute quantification (PCR)

Relative abundance

Relative abundance

Enterocloster symbosium Erysipelatoclostridium ramosum

5 in=341 .
r=0.8527
p<0.0001 "'
0.3 i threshold = 5.05 .

Normalized absolute quantification (PCR) Normalized absolute quantification (PCR)

Anaerostipes hadrus Blautia wexlerae

8
&
kel
2
5
el
©
(]
2
3
4
> >
n),;s u,;&
Normalized absolute quantification (PCR) Normalized absolute quantification (PCR)
Eubacterium rectale Eubacterium ventriosum
.n =341
257 ir=0.9088 o °f
Q i p<0.0001 8 .
g2 i ° o § 06
) H = o . H
2 j threshold =17.3 g ! threshold = 18.5
3 15 ioe 3 H
© i o 04+ | .
210 £ ;
ﬁ =
T s 2 o2 . .
[} 0.0 —
° s s S8
IN NES
v o o AT
N >
Normalized absolute quantification (PCR) Normalized absolute quantification (PCR)
Phocaeicola massiliensis Roseburia hominis
& 72 3%heo n=ga1
r=
§ g «p<0.0001, ¢ @ § p <0.0001
8 ‘ﬁ"eszm'd =135 8 threshold = 100.9  *
3 e 3
4 o
© . . ©
2 ae”l e 2 s
o 1Y . o .
04— — —
v > v v oo
S S8 o n,+'§ S S SS
PO N
Normalized absolute quantification (PCR) Normalized absolute quantification (PCR)
Ruminococcus bicirculans Ruminococcus lactaris
,n =341 :
15 =0.9266 . 4
® p<0.0001 . . Q 2
e €20
5 threshold = 13.6 5
| jnreg . |
2 . 2
.
2 Lt 210
k<t o>, k<t
3 2 Sos
T
= 0.0
$ s S8
N N NN
& & of &
v?\ \9‘\ hid

Normalized absolute quantification (PCR)

Normalized absolute quantification (PCR)

Cell

0.405
< 0.0001 .
reshold = 58
.

Relative abundance

Normalized absolute quantification (PCR)
Dorea formicigenerans

n =341

r=0.7516
e P <0.0001
threshold = 34.9

Relative abundance

Normalized absolute quantification (PCR)

Faecalibacterium cf. prausnitzii KLE1255

n =341
3 r=0.6019
g p <0.0001
e threshold = 3.8
3
©
o
2
;j;
[i4
10000 20000 30000
Normalized absolute quantification (PCR)
Roseburia intestinalis
n =341
° r=0.9282
8 p < 0.0001
8 . ethreshold = 6.2
3
K o % .
2 L e .
.
»
5 > > 3
N FAJ AN
\E@\ A

Normalized absolute quantification (PCR)

Figure S8. Spearman correlations for microbial abundance between shotgun metagenomics-based sequencing and gPCR
Spearman correlation indices between the two detection methods for each of the 19 bacteria (the two others being presented in Figure 5A) belonging to the
TOPOSCORE with their detection thresholds (annotated in Table S6 and dotted line). Normalized values of the gqPCR quantification and relative abundances in
MG for each bacterium were correlated, the rho and p values being annotated for each bacterium. Each dot represents one fecal DNA sample. Each graph depicts
the result of one bacterial detection. Of note, we selected the very prevalent (>90%) Faecalibacterium cf. prausnitzii KLE1255 corresponding to SGB15342 in

MetaPhlAn4 for the gPCR determination of F. prausnitzii.
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