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SUMMARY
Immune checkpoint inhibitors (ICIs) improve outcomes in advanced melanoma, but many patients are
refractory or experience relapse. The gut microbiota modulates antitumor responses. However, inconsistent
baseline predictors point to heterogeneity in responses and inadequacy of cross-sectional data.We followed
patients with unresectable melanoma from baseline and during anti-PD-1 therapy, collecting fecal and blood
samples that were surveyed for changes in the gut microbiota and immune markers. Varying patient re-
sponses were linked to different gut microbiota dynamics during ICI treatment. We select complete re-
sponders by their stable microbiota functions and validate them using multiple external cohorts and exper-
imentally. We identifymajor histocompatibility complex class I (MHC class I)-restricted peptides derived from
flagellin-related genes of Lachnospiraceae (FLach) as structural homologs of tumor-associated antigens,
detect FLach-reactive CD8+ T cells in complete responders before ICI therapy, and demonstrate that FLach
peptides improve antitumor immunity. These findings highlight the prognostic value of microbial functions
and therapeutic potential of tumor-mimicking microbial peptides.
INTRODUCTION

The introduction of immune checkpoint inhibitor (ICI) therapy in

the last decade set a precedent for melanoma treatment, signif-

icantly improving patient outcome1,2 in an otherwise therapy-

resistant cancer type.2 However, a large proportion of advanced

melanoma remains non-responsive to ICI (nR). In this regard, the
2004 Cell Host & Microbe 32, 2004–2018, November 13, 2024 ª 2024
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influence of the gut microbiome has been widely reported, with

independent studies demonstrating that the gut microbiome of

patients with melanoma responding to ICI (R) is compositionally

and functionally different from those with nR.3–8 More impor-

tantly, recent clinical studies showed that fecal microbiota trans-

plantation (FMT) from either R9,10 or healthy donors11 can

broaden the benefit of ICI to more patients, including some
The Author(s). Published by Elsevier Inc.
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
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Figure 1. Longitudinally stable functions are enriched in the gut microbiome of patients with melanoma responsive to anti-PD-1 immuno-

therapy

(A) Overview of study design. See also Figure S1A and Table S1.

(B) UpSet plot showing overlaps of prevalent taxa (present in >80% of samples) found in complete responder (CR) and non-CR (nCR) groups at 0, 2–6, and 7–

13months of therapy. Connected dots indicate prevalent taxa shared between time point groups (‘‘stable’’), whereas non-connected dots indicate prevalent taxa

detected only in one time point group (‘‘sporadic’’). Plot is filtered to exclude taxa that have overlaps across CR and nCR (not group-specific). Stable CR is defined

as prevalent taxa that are present across 0, 2–6, and 7–13 months, whereas stable nCR is defined as prevalent taxa that are present in at least two time point

groups. See also Figures S1B–S1F.

(C) Order-level composition of stable CR (top) and nCR taxa (bottom) and the corresponding stable taxa measure in CR and nCR (i.e., log-ratio of their sum-

aggregated relative abundances (inset). Asterisks indicate significance by Wilcoxon rank sum test. See also Figures S2A–S2D. For further biological correlations

of stable taxa, see Figures S3 and S4.

(legend continued on next page)
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with ICI-refractory melanoma, suggesting that targeted modula-

tion of the gut microbiota has still untapped therapeutic poten-

tial. However, results of large-scale meta-analyses point to

high variability across cohorts as a major limitation,7,8 and

considering that microbiota is only one of many factors that

impact response, aggregating patients based on response out-

comes alone and assuming they will have similar microbial fea-

tures could be an incorrect strategy that overlooks biologically

relevant gut differences. Thus, successfully consolidating these

studies could elucidate what constitutes a therapeutic, im-

mune-modulating gut and guide the development of rationally

designed microbiome-based therapeutics.

On the other hand, the detection of immunogenic bacterial

peptides in melanoma as well as glioblastoma tumors and the

evidence that ICI therapy can induce the translocation of gut

bacteria12,13 indicate that a deeper mechanistic understanding

of the interplay between the gut microbiome and host immunity

in the context of immunotherapy is an essential step toward pre-

cise clinical interventions. However, current gut microbiome-

response associations are mostly founded on pre-ICI baseline

data,3,4,6,8 and longitudinal studies that follow gut-host dy-

namics from pre-ICI through therapy are scant.11,14

Here, we generate fecal 16S and metagenomic data and

analyze them with systemic immune features to provide a longi-

tudinal profile of patients with melanoma for up to 13 months of

anti-PD-1 therapy. First, we study gut microbiota profiles at

baseline and on therapy, where we use longitudinal diversity

measures to explore associations between gut stability,

response, and the systemic immune state in the ICI setting.

More importantly, we demonstrate that longitudinally stable mi-

crobial functions have generalizable prognostic value, and we

support experimentally the potential of tumor-mimicking pep-

tides in therapy.

RESULTS

Longitudinal profiling of microbiome in melanoma
patients undergoing anti-PD-1 therapy
To delineate gut microbiota changes related to host ICI response

and identify gut and host factors involved, patients with

advanced melanoma (n = 23) were enrolled in two Italian hospi-

tals between January 2018 and October 2022, and, along with

clinical information, fecal and blood samples were collected at

baseline and before every following injection of single-agent

anti-PD-1 treatment (Figure 1A). The objective response rate

(ORR) was 56% and the disease control rate (DCR) was 74%.
(D) Baseline enrichment of stable CR and stable nCR taxa among R- and nR-prev

Dashed line indicates arbitrary cutoff for enrichment (Fisher’s exact test |OR|=2),

asterisks indicate significant enrichment at unadjusted p < 0.05 (Fisher’s exact t

(E) Treemap of over-represented pathways in CR at p-adj < 0.05, based on KOs

indicate stable pathways, defined as over-represented pathways appearing at 0,

non-stable pathways. See also Figures S5A–S5C and Table S3.

(F) Average gene family abundances (log10(CPM)) per patient of bacterial flagellin

outlined in blue indicate the top CR-associated flagellin genes by log2(fold-chan

(G) Baseline enrichment of Lachnospiraceae-associated terms among R-associat

arbitrary cutoff for enrichment in R (Fisher’s exact test |OR|>1), line plots to the left

same size, line plots in gray indicate no enrichment, whiskers depict the interval fo

(Fisher’s exact test). See also Tables S4 and S5.

Legend: with overlap (violet), spurious (yellow). CR (light blue), nCR (red). p-adj<
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Cohort characteristics are summarized in Table 1 and Figure S1A

and detailed in the STAR Methods. Fecal samples were

collected from each patient within the window of 0 up to

13 months of therapy, employing the same standardized pro-

cedures for harvesting and storage. Processing and sequencing

of all samples were centralized to reduce technical bias. In par-

allel, blood samples were obtained at every time point for whole

blood cell (WBC) count and serum from a subgroup of patients

(n = 8) prepared for inflammatory soluble factor quantification.

The complete list of longitudinal samples included in the study

is reported in Table S1.

Stable taxa are associated with complete response to
immunotherapy in melanoma
Leveraging the longitudinality of our dataset, we sought to iden-

tify temporally robust features associated with clinical response.

We hypothesized that gut features consistently detected across

time could help delineate biologically relevant features from con-

founders. Shotgun metagenomic sequencing was performed on

samples collected at baseline (n = 14) and during therapy (n = 51,

Figure S1B; Table S1), and based on the number of taxa

retrieved (Figure S1C) and enrichment in response-associated

features (Figure S1D), we fixed a prevalence cutoff of 80%within

each response group. Considering that the majority of complete

responders (CRs) achieve excellent long-term outcomes that

endure for years after treatment discontinuation,15,16 we focused

on this group and compared it with the rest of the patients (non-

CR[nCR]), obtaining a well-balanced sample size between the

two response groups at each time point (Figure S1B).

Whereas taxa selected by differential abundance were mostly

sporadic across time (Figure S1E), prevalent taxa in both groups

were more stable (CR: n = 25, nCR: n = 7, Figure 1B). Among the

identified stable CR taxa, 46% ranked highly (i.e., >75th percen-

tile) by prevalence and 27% by differential abundance (Fig-

ure S1F). Notably, the three most prevalent among the stable

CR taxa were also among the top differentially prevalent

when comparing CR and nCR (namely Clostridia unclassified

SGB6369, Clostridia unclassified SGB14951, and Anaerostipes

caccae; Table 2), and CR and nCR can be distinguished at

7–13 months on therapy by the log-ratio of pooled abundance

of stable species (Figure 1C inset, but not of higher taxonomy

levels, Figure S2A). Taxonomically, stable CR taxa were domi-

nated by Clostridia (Bacillota/Firmicutes phylum, 77%), whereas

stable nCR taxa were split between Bacteroidales (Bacteroi-

detes phylum, 60%) and Clostridiales (40%) (Figure 1C), in

agreement with previous reports on baseline3,17 and on
alent taxa, respectively, across the indicated nine external melanoma cohorts.

line plots in blue indicate enrichment, line plots in gray indicate no enrichment,

est), and whiskers depict the interval for 95% confidence.

associated with CR across all samples (|LM coefficient| > 1.5). Terms in white

2–6, and 7–13 months (p-adj < 0.05) within CR, whereas terms in gray indicate

-related terms in CR and nCR, compared at 0, 2–6, and 7–13 months. Points

ge). See also Figures S5D and S5E and Table S5.

ed flagellin gene families across nine melanoma cohorts, dashed lines indicate

indicate enrichment of non-specific bacterial flagellin terms subsampled to the

r 95% confidence, and asterisks indicate significant enrichment at p-adj<0.05

0.001 (***), p-adj<0.01 (**), p-adj<0.05 (*), ns (unannotated).



Table 1. Breakdown of patient characteristics

Demographics n (tot = 23) %

Age, years (median) 54 (33–78) –

Sex

Male 17 74%

Female 6 26%

BMI, kg/m2 (range) 26.6 (23.2–33.6) –

RECIST 1.1 (median OS, PFS, months)

CR 7 (108, 50) 30%

PR 6 (104, 36) 26%

SD 4 (53, 21) 18%

PD 6 (25, 2) 26%

ECOG performance score

0–1 18 79%

2 3 13%

NA 2 8%

Tumor stage at study entry (AJCC 8th Edition)

Unresectable stage III (M0) 3 13%

Skin, soft tissue ±

nonregional nodes (M1a)

1 4%

Distant metastasis

to lung (M1b)

2 8%

Metastases to

visceral non-CNS (M1C)

12 53%

Metastases CNS (M1d) 4 18%

NA 1 4%

BRAF mutated

Yes 9 39%

No 12 53%

NA 2 8%

Previous adjuvant therapy

Vemurafenib 1 4%

Tafinlar 1 4%

Ipilumab 1 4%

Target therapy 2 8%

ORR – 56%

DCR – 74%

Adverse event

G1-G2 10 43%

G3 1 4%

NA 12 53%

BMI, body mass index; BOR, best overall response (RECIST 1.1); CR,

complete response; PR, partial response; SD, stable disease; PD, dis-

ease progression; OS, overall survival; PFS, progression-free survival;

DRR, durable response rate (CR/PR); DCR, disease control rate (CR/

PR/SD).
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therapy7,18 associations. Individually, 20 out of 25 of the stable

CR taxa were longitudinally consistent, showing a significant

difference in prevalence at baseline as well as during therapy

in patients from both hospital sites (Figures S2B and S2C).

Furthermore, 13 out of 25 stable CR taxa demonstrated an in-

crease in relative abundance from baseline to therapy in patients
with CR (Figure S2D), whereas those with nCR did not exhibit the

same trends (Figure S2D).

Interactions between the gut microbiome and host are bi-

directional: while the host state can induce changes in the

gut,12 features of the intestinal ecosystem can directly influence

the systemic immunological state.19 We examined patients with

paired fecal and blood samples at baseline and on therapy (n = 8,

Table S1) and analyzed if the gut microbiota was following the

counts of white blood cells over time. We found significantly

higher lymphocytes and lower neutrophils and neutrophil-to-

lymphocyte ratio (NLR) during therapy in CR compared with

nCR (Figure S3A), in line with previous reports.20,21 The systemic

state was reflected in the gut microbiota, where these blood cell

markers were significantly associated with stable CR taxa, such

as Clostridia spp. and Anaerostipes caccae (Figures S3B and

S3C). Conversely, low lymphocytes, high neutrophils, and high

NLR were associated with a few stable nCR taxa (Figure S3D).

These immune cell profiles were complemented by the quantifi-

cation of 41 soluble inflammatory molecules from serum sam-

ples (n = 40, Table S1), taken at baseline and during therapy (Fig-

ure S4A). Five cytokines were most important in classifying CR

status: interleukin (IL)-12p70, which was associated with CR,

and CX3CL1/FRACTALKINE, IL-7, IL-8, and HGF, which were

associated with nCR (Figure S4B, upper). These CR and nCR cy-

tokines distinguished between response groups during therapy

(Figure S4B, lower), the log-ratio of which associated positively

with lymphocyte count and inversely with neutrophils (Fig-

ure S4C). With respect to the gut microbiota, CR-associated

cytokine environments co-occurred mostly with stable CR taxa

(Figure S4D), while nCR-associated cytokine profiles were

related with only one stable nCR taxon, namely Blautia schinkii

(Figure S4E), in line with the more sporadic nature of nCR micro-

biota. In all, we show that longitudinally defined gut microbiota

features are associated with complete response to ICI and co-

occurred with systemic markers of immune response, most

notable of which are low NLR and high IL-12p70 levels.

Next, we sought to validate our findings on larger and more

diverse external datasets. Because stable CR taxa pertain to

bacteria that are present and prevalent in the CR gut from the

beginning of therapy, we interrogated nine baseline melanoma

cohorts (total n = 281) from Europe, the UK, and the USA.8 While

previous analysis found limited reproducibility of microbiome-

based signatures across these cohorts,7,8 our results demon-

strated enrichment of stable CR taxa in patients with melanoma

responsive to ICI in four of the tested studies (enrichment score

>2), two of which reached statistical significance (Figure 1D).

Notably, the highest enrichment of stable taxa was observed

when subsetting to the two extreme response groups of CR

(n = 29) and PD (n = 118), again supporting heterogeneity

in immunotherapy responses as a limitation in discerning

response-related factors from confounders.

Longitudinally stable functions are enriched in the gut
microbiome of patients with melanoma responsive to
anti-PD-1 immunotherapy
Having demonstrated compositional differences in the gut

microbiota between CR and nCR, we reasoned that microbial

functions may better depict response-related mechanisms

than individual taxa, which can be more sensitive to geographic
Cell Host & Microbe 32, 2004–2018, November 13, 2024 2007



Table 2. Stable complete responder/non-CR taxa definition

Group Longitudinal overlap List of taxa

0 month 2–6 months 7–13 months

core CR (n = 25) x x x Evtepia gabavorous SGB15120

Clostridium SGB6179

Anaerostipes caccae SGB4529

Bacteroides nordii SGB1858

Clostridiales bacterium Choco116 SGB15149

Clostridiales bacterium BX7 SGB72833

Clostridia unclassified SGB14951

Candidatus Metaruminococcus gallistercoris SGB14870

Candidatus Cryptoclostridium obscurum SGB61016

Bifidobacterium pseudolongum SGB17279

Veillonellaceae SGB5809 group

Clostridia unclassified SGB6369

Clostridia unclassified SGB14016

Clostridia unclassified SGB6293

Eubacterium maltosivorans SGB4078

Carnobacterium maltaromaticum SGB7902

Candidatus Metalachnospira gallinarum SGB5181

Candidatus Roslinia caecavium SGB4165

Candidatus Gallimonas caecicola SGB14041

Candidatus Heteroscilispira lomanii SGB63278

Bifidobacterium pullorum SGB17264

Firmicutes SGB47515

Bacteroidales unclassified SGB2173

Aggregatibacter sp oral taxon 458 SGB9733

Clostridiales bacterium S5_A14a SGB3977

core nCR (n = 7) x x x Alistipes sp AF17_16 SGB2326

Clostridiaceae bacterium NSJ_31 SGB14839

– x x Blautia schinkii SGB4825

Candidatus Saccharibacteria unclassified SGB19893

Bacteroidaceae SGB1808

Bacteroides sp Marseille P3684 SGB1429

Alistipes sp An66 SGB2306

Stable CR is defined as prevalent taxa in CR (>80% of samples) across 0, 2–6, and 7–13 months of therapy; stable nCR is defined as prevalent taxa in

nCR across at least two time points.
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distribution7 or dietary habits.17,18 Thus, we analyzed our longi-

tudinal metagenomic data for genes and pathways that are

maintained in these communities (see STAR Methods). We re-

grouped gene family abundances into KEGG orthologs (KOs)

and mapped them to higher-level pathways to determine over-

represented functions. Among the main pathways associated

with CR were flagellar assembly and bacterial chemotaxis as

well as starch and sucrose metabolism (Figure 1E), which were

consistently significant from baseline through early and late ther-

apy time points. By contrast, pathways associated with nCR

were more variable across time (Figure S5A). The log-ratio of

KOs that mapped to these pathways discriminated between

CR and nCR specifically at 7–13 months (Figure S5B), which

included enzymes involved in fatty acid metabolism (acetyl-

CoA carboxylase), butanoate metabolism (4-hydroxybutyrate
2008 Cell Host & Microbe 32, 2004–2018, November 13, 2024
dehydrogenase), and membrane transport (major facilitator su-

perfamily transporter) (Figure S5C; Table S3). Thus, patients

with melanoma achieving CR also carry a subset of stable meta-

genomic functions that distinguish them from nCR.

Seeing flagellar assembly as a top pathway in CR, we tested its

potential involvement in gut microbiota-mediated response to ICI,

observing that flagellin-related gene families (n = 1,563 from

UniRef90, see STAR Methods) were significantly more abundant

in CR from baseline through therapy (Figure 1F). We validated

these findings across the nine baseline cohorts, detecting signifi-

cantly higher abundancesof flagellin gene families inR in three da-

tasets3,6,22 (Figure S5D). Furthermore, we interrogated metage-

nomic functional data from a recently published longitudinal

melanoma cohort14 and observed similar associations between

flagellin abundance and response during therapy (Figure S5E).



Figure 2. Patients with melanoma responding differently to anti-PD-1 therapy have progressively different gut microbiome diversity

(A) Aitchison gut composition distance (PERMANOVA pseudo F-ratio) between PFS-L (PFS > 24months) and PFS-S (PFS < 24months) groups compared across

time (0, 2–4, 5–8, and 9–13 months of therapy). Asterisk indicates PERMANOVA p-adj (distance�Response) at the given time point group. See also Table S1 and

Figure S6A.

(B) PCA plot of PFS-L and PFS-S Aitchison beta diversity using randomly sampled unique patient samples at each time point group during therapy (2–4, 5–8, and

9–13 months). Statistics are from multi-variate PERMANOVA (distance�Response+Patient+Time point). See also Figure S6B. For similar analyses on 16S data,

see Figures S5C–S5G. For comparison against tumor-free, see Figures S7A–S7C and Table S2.

(C–F) Aitchison gut composition difference between R and nR from Shotgun sequencing of (C) longitudinal melanoma-ICI study by Bjork et al.16, compared at

visits 0, 1, 2, and 3, spanning 0 to 1–4 months of therapy, depending on patient. Cutoff of < 4 months of therapy was set for this analysis based on sample size

(legend continued on next page)
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Bacterial flagellins are of particular interest because of their well-

knownmodulatory effects on innate as well as adaptive immunity.

Top CR-associated flagellin genes retrieved from our dataset

mostly annotated to Lachnospiraceae taxa (particularly to buty-

rate-producer Roseburia inulinivorans, Table S4), with 62% (77

out of 124) of CR-associated flagellin terms (log2(fold-change) > 0)

annotated to known Lachnospiraceae genera (Table S5). Flagellin

has been shown to play immunomodulatory roles that can influ-

ence antitumor response23 and those belonging to Lachnospira-

ceae specifically have been implicated in host tolerance24 We

thus restricted our investigation to Lachnospiraceae-associated

flagellin terms (n = 391, UniRef90), with which we obtained signif-

icant gene set enrichment in patients with melanoma responsive

to ICI in eight out of the nine external cohorts used for validation

(Figure 1G). Overall, these results demonstrate the clinical rele-

vance of longitudinally delineated gut microbiota functions, such

that they stratify patients by response across baseline cohorts in

a way that was not demonstrated with baseline-derived micro-

biome taxonomic signatures.8

Gut microbiome stability characterizes response to
anti-PD-1 immunotherapy in patients with melanoma
We have shown that peculiar microbial functions in the gut of CRs

distinguish them from other patients experiencingmore heteroge-

neous responses to ICI. Because such functions are defined by

their longitudinal stability rather than taxonomy alone, we investi-

gated whether they reflect differences in gut microbiota dynamics

from baseline through ICI treatment. We addressed this point

leveraging our single-batch metagenomic dataset (n = 65,

Table S1) and stratified patients based on progression-free sur-

vival at 24 months (PFS24) (Figure S6A). Significant differences

in beta diversity (Aitchison) were observed between patients

with long survival (PFS >24 months, PFS-L) and those with short

survival (PFS <24 months, PFS-S) starting from 5 months of ther-

apy up to 13months (Figure 2A), but not at baseline (Figure 2B and

Figure S6B) or earlier therapy time points. 16S sequencing data

from the same patients aligned with this increasing trend (see

STAR Methods, Figures S5C and S5D), even when patients

were stratified using RECIST 1.1 measures (Figures S5E–S5G).

Similarly, we found increasing differences between response

groups during ICI treatment when re-analyzing publicly available

longitudinal metagenomic data from a longitudinal melanoma

study averaging two months of ICI therapy per patient14 (Fig-

ure 2C) as well as three independent studies whose recipients

received anti-PD-1 treatment in combination with FMT9–11

(Figures 2D–2F). These differences may be particularly contrib-

uted by an increasingly divergingmicrobiota in patients withmel-

anoma non-responsive to ICI, as resulting from the comparison

of the distance-among-samples between each of the two

response groups and a reference group (n = 14) of tumor-free

subjects (see STARMethods, Table S2; Figures S7A–S7C), sug-

gesting that the microbiota of PFS-L and PFS-S patients may

have different dynamics on therapy.
distribution across time points of this study, and FMTmelanoma-ICI studies by (D

different time points as indicated. Asterisk indicates PERMANOVA p-adj (distance

microbiota transplant (FMT, yellow) and/or anti-PD1 immunotherapy (violet) comm

Table S8.

Legend: PFS-L (blue), PFS-S (red). p-adj<0.001 (***), p-adj<0.01 (**), p-adj<0.05
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MHC class I-restricted peptides derived from FLach

genes show structural homology with human TAAs
Next, we sought to precisely define the mechanism underlying

the modulation of the response to ICI by longitudinally defined

gut microbiota functions. Preclinical evidence supports the

contribution of immunomodulatory bacterial metabolites, direct

stimulation of antitumor T cell responses, and molecular mimicry

between shared bacterial and tumor epitopes.12,13,25 In this re-

gard, gut-residing Lachnospiraceae can be a rich source of tu-

mor-mimicking epitopes26; thus, we searched our shortlist of

CR-associated flagellin-related Lachnospiraceae (FLach) pro-

teins for peptides predicted to bind to HLA class I receptors

(HLA-I), then matched them against a public database of exper-

imentally validated tumor-associated antigens (TAAs, n = 271,

see STAR Methods). Out of 14 FLach proteins tested, 13 en-

coded for 9-mers predicted to bind to HLA-I (Table S6). Among

those showing some extent of sequence homology to TAAs

(Table S6, see STAR Methods for details), 3 FLach-TAA epitope

pairs were predicted to share strong binding affinity (SB) to their

respective HLA-I (<100 nM), while in the other 10 pairs only the

FLach was an SB. The 3 SB TAAs were all associated with mel-

anoma, namely: preferentially expressed antigen in melanoma

(PRAME), a melanoma-associated antigen expressed in 87%

of metastatic and 83.2% of primary melanomas27; melanoma

antigen recognized by T cells 1 (MART-1/Melan-A), one of the

oldest identified tumor antigens found in most melanomas28,29;

and secernin 1 (SCRN1), a protein involved in MMP2/9 exocy-

tosis,30,31 and overexpressed in amelanotic melanoma32

We confirmed by immunohistochemistry the expression of

Melan-A (p = 0.033, Fisher’s exact test) and PRAME (p =

0.018, Fisher’s exact test) on available primary tumors from CR

(n = 2) as compared with nCR (PR n = 7 and PD n = 2), with

CR expressing both antigens while none of them was detected

on PD samples (Figure S8A). On the other hand, in silico

modeling revealed high structural homology between the 3 SB

FLach peptides and their respective SB TAAs in terms of 3D

conformation and points of contact to HLA (cyan Figure 3A)

and T cell receptor (TCR, green Figure 3A). We consolidated

these predictions by directly measuring the binding affinity of

FLach to purified major histocompatibility complex class I

(MHC class I) in vitro (Figure 3B), demonstrating that some of

the bacterial-derived 9-mers bind their predicted MHC class I

with a higher affinity than prototypic control peptides (Table 3).

Overall, these data demonstrate that analysis of stable gut meta-

genomes associated with complete response to ICI leads to the

identification of MHC class I-restricted bacterial antigens with

previously unexplored tumor-antigen mimicry potential.

Complete response is associated with a higher
reactivity against FLach peptides in circulating and
tumor-infiltrating CD8+ T cells in melanoma patients
The data above indicate that bacteria-derived FLach pep-

tides are constitutively present in CRs and may be involved in
) Davar et al., 2021,10 (E) Baruch et al.,24 and (F) Routy et al.13 and compared at

�group) at the given time point group. Arrows indicate time point at which fecal

enced for that study. Differences among these studies are outlined in detail in

(*), ns (unannotated).



Figure 3. MHC class I-restricted peptides derived from flagellin-related Lachnospiraceae gene families show structural homology with hu-

man tumor-associated antigens

(A) Structural simulation of three candidate epitopes (right of pair) predicted from CR-associated flagellin gene families, determined to have sequence and

structural homology to a tumor-associated antigen (TAA) (left of pair) and strong affinity to the sameHLA allele as that of the TAA (<100 nM). See also Table S6. For

immunohistochemistry results, also see Figure S8A.

(B) Experimental binding affinities of the selected flagellin peptides toward A02:01 (left), B07:02 (center), and B08:01 (right), calculated by titrating different

concentrations of the test peptide in the presence of 1 mMof protein and fixed concentration (25 nM) of probe peptide HIV-RT (left), MAGE2 (center), and ELR-IAV

(right), respectively. See Table 3.
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anti-tumoral immune responses elicited by ICI therapy. We

tested this hypothesis experimentally, first by assessing whether

we can detect T cells with reactivity against FLach peptides in

the peripheral immune compartment of melanoma patients

before any ICI treatment. Specifically, we pulsed peripheral

blood mononuclear cells (PBMCs) isolated from patients with

melanoma undergoing ICI therapy (baselines, n = 11) with two

pools of purified FLach peptides, namely the FLach-G pool

(including the 3 SB bacterial-derived peptides that share struc-

tural homology with melanoma SB TAAs, Figure 3A; Table S7

in green) and the FLach-R pool (a mix of the 7 SB bacteria-

derived peptides matching low-affinity TAAs, Table S7 in red),

and measured CD8+ T cell-specific reactivity by flow cytometry.

Compared with patients with non-responding melanoma (n = 4),

CD8+ T cells of CR (n = 7) showed greater activation following

peptide stimulation, as measured by an increased proportion

of IFNg-secreting CD8+ T cells (peptide mix/control ratio 1.3 ±

0.2 vs. 0.6 ± 0.1 for FLach-G and 1.4 ± 0.2 vs. 0.3 ± 0.2 for
FLach-R in CR vs. nCR, respectively) in the large majority of

CR tested (5/7 and 6/7 with FLach-G and FLach-R pools,

respectively, Figures 4A–4B), especially with the FLach-G pool,

which resulted in upregulation of the IL-2 receptor subunit

CD25 (Figure S8B). No differences in terms of CD4/CD8 ratio

nor naive T cells were observed (Figures S8C and S8D). Impor-

tantly, neither mix showed TLR5 agonist activity (Figure S8E),

suggesting that the immune modulatory effects of FLach pep-

tides are completely distinct from those of flagellins.24,33,34

While providing evidence of FLach peptide immunogenicity,

the fact that PBMC reactivity is differentially correlated with

response suggests that CRs bear the potential to mount a

FLach-directed CD8+ T cell-mediated response, targeting struc-

turally matching TAAs expressed on their tumors. To evaluate

this hypothesis, we next analyzed tumor-infiltrating lymphocytes

(TILs) isolated from freshmelanoma tumors (n = 4) and expanded

in vitro in the presence of IL-2, alone or in combination with either

FLach-G or FLach-R pools. After 14 days of culture, TIL
Cell Host & Microbe 32, 2004–2018, November 13, 2024 2011



Table 3. Binding affinity of FLach peptides to MHC class I

Peptide Sequence Allele Predicted Affinity (nM) Experimental Affinity (nM)

LN-1 KMSYEDIEL A02:01 71.69 110.7

LN-3 ALNETSAIL A02:01 67.47 64.02

LN-9 GLDALNNLL A02:01 66.44 111.9

HIV-RT ILKEPVHGV A02:01 40.85 63.81

LN-2 MPKDGAAFI B07:02 93.13 271.7

LN-7 SVRGRLGAF B07:02 66.44 325.5

MAGE2 VPISHLYIL B07:02 46.13 730.3

LN-8 FPELKHFTM B08:01 41.60 64

ELR-IAV ELRSRYWAI B08:01 6.53 143

NetMHCpan4.1 predicted and experimentally calculated affinity of indicated peptides to MHC class I.
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expansion was significantly higher in the presence of FLach

compared with control, especially with the FLach-G pool (which

contained SB FLachSBmatching SB TAAs), indicating a specific

reactivity of TILs against those FLach antigens mimicking known

melanoma-associated TAAs (Figures 4C and 4D).

Finally, we assessed direct TIL-killing ability on melanoma pa-

tient-derived organoids (MPDOs), co-cultured by semi-immersion

on Matrigel (Figure S8F, see STAR Methods). Similar to parental

tumors, MPDO retained diverse immune cell populations,

including antigen-presenting cells (APCs), enabling testing the ef-

fect of FLach peptides on the cytotoxicity of expanded autochtho-

nous TILs. Indeed, live/dead cell staining revealed that TILs

expanded by IL-2 plus FLach-G pool exhibited significantly higher

antitumor activity than FLach-R pool or bulk TILs expanded with

IL-2 alone in all four patients (Figures 4E and 4F), demonstrating

that FLach peptides can improve antitumor immune responses.

In all, these data show that (1) T cells with reactivity against

HLA-I-restricted FLach peptides exist in the peripheral blood

and correlate with ICI response, (2) a fraction of FLach-directed

T cells cross-recognizing TAAs infiltrates the tumor, and (3) they

can mount an antigen-specific antitumor response.

DISCUSSION

Amidst the body of work relating gut microbiota to ICI response

in melanoma patients, precisely identifying response-modu-

lating microbial features remains a challenge. Hurdles in consol-

idating such studies include biological heterogeneity inherent to

clinical responses and scarce data on the gut microbiota during

therapy when response modulation takes place. We address

these problems by leveraging a unique longitudinal dataset

of patients with melanoma who, unlike other longitudinal

studies,11,14,35 were followed from pre-ICI up to 13 months of

ICI treatment in an adjuvant setting. Despite its limited size,

this unique cohort enabled the identification of enduringly stable

features that were fundamental in capturing nuances between

response groups, as opposed to differential features identified

at single time points. In addition, we validated insights about

the long-term ICI-exposed gut and host immune state usingmul-

tiple external cohorts and, experimentally, on patient-derived

samples.

Parallel evaluation of the gut microbiota and the systemic im-

mune state of CR patients helped us reduce the overwhelming
2012 Cell Host & Microbe 32, 2004–2018, November 13, 2024
influence of heterogeneity when matching clinical and biological

features throughout the study. Indeed, this approach identified a

group of Clostridia-dominated taxa that stably inhabits the gut

and associates with distinctly low NLR and high levels of

IL-12p70. Although only correlative, these immunological differ-

ences prompt questions on how the gut and systemic immunity

reciprocally influence each other during ICI therapy. While

Clostridia have been previously associated with response to

ICI3,7,18,36 and successful FMT engraftment,37,38 IL-12p70 is pro-

duced by dendritic cells either upon antigenic stimulation (where

it is implicated in helper T cell differentiation)39 or in response to

the IFNg released by anti-PD-1 activated T cells40 As such, IL-

12p70 has been associated with severe immune-related adverse

events (irAEs)41 and enhancement of anti-PD-1 response40,42

respectively. Future experiments should be designed to disen-

tangle anymechanistic link between stable gutmicrobes and im-

mune markers.

Fitting the gut-immune narrative, ICI-induced translocation of

specific enteric bacteria from the gut to secondary lymphoid or-

gans has been recently demonstrated in preclinical models, elic-

iting antitumor T cell activity systemically.12 However, our results

suggest that defined shared functions rather than individual taxa

may be key to immune modulation. Among them, genes for

starch andsucrosemetabolismare stably carried inCRgutmeta-

genomes. Starch granules are abundant in many natural foods

(i.e., potatoes, rice, and cereal grains) and include polymers of

glucose linked to an a-glucan by linkages either soluble (amylo-

pectin) or resistant to enzymatic degradation (amylose). While

the soluble portion is processed by the host, resistant starch is

metabolized by gut microorganisms via the collective metabolic

activities of primary and secondary degraders, the latter scav-

enging partially digested polymers and completing their fermen-

tation to end-products such as short-chain fatty acids (SCFAs),

including butyrate.43 Beneficial effects of SCFAs on intestinal

epithelial homeostasis44,45 and immune functions46–50 have

been widely reported, but their role in host immunity during

immunotherapy response appears ambiguous51–53 with concur-

rent immune-activating (driven by IFN-g and IL-12)54,55 and sup-

pressive (mediated by Treg)55 effects described. However, a

higher intake of dietary fibers, which are metabolic precur-

sors of SCFAs, has been shown to favorably impact immuno-

therapy outcome,18 prompting dietary intervention trials (e.g.,

NCT04645680). Effects on antitumor immunity18 and intestinal



Figure 4. Complete response associates with a higher FLach-directed reactivity and antitumor immunity in melanoma patients

(A and B) (A) Representative flow cytometry contour plots and (B) MFI measurements of IFN-g (normalized on untreated controls) on CD8+ T cells in peripheral

blood monocytic cells (PBMCs) from patients with melanoma grouped by response to ICI (responsive = 7, non-responsive = 4). See also Figures S8B–S8E and

Table S7.

(legend continued on next page)
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inflammation17 likely contribute to the beneficial impact of dietary

fiber oncancer immunotherapyoutcome.However,more studies

are needed to tease apart systemic versus local intestinal immu-

nomodulatory interactions and tomechanistically define how the

type and source of dietary fiber drive changes in the gut commu-

nity. Current methods suffer from a limited ability to predict enzy-

matic degradation activities frommetagenomic data and ascribe

them to specific microbial groups, especially non-bacterial mi-

crobiota (i.e., fungi and protists) whose metabolic contributions

are largely unknown.

Based on our longitudinal analyses of the microbiota, we also

propose that patients with better or worse outcomesmay exhibit

different gut dynamics during therapy. A previous cross-

sectional study from McCulloch et al. reported the strongest as-

sociation between baseline microbiota and ICI response in mel-

anoma patients at around one year of treatment,7 suggesting a

more pronounced role of microbiota in response at a specific

window during therapy. Here, following gut diversity on individ-

ual patients, we add that, while the microbiota is more base-

line-like over time in patients with a better survival (PFS-L), it is

increasingly more variable in those experiencing earlier disease

progression (PFS-S), demonstrating different gut dynamics

over long-term ICI in patients with different outcomes. Notably,

we cannot rule out that changes observed in the gut during ICI

may be due either to an overall improvement in health among re-

sponders or to other sources of variation (i.e., diet, psychologi-

cal, and lifestyle factors), and disentangling causative from con-

founding factors is untenable with observational data alone.

Nevertheless, different predictive abilities of gut microbiota for

response in monotherapy (i.e., anti-PD-1) and combination

(i.e., anti-PD-1 and CTLA-4) settings across cancer types sup-

port that the ICI regimen itself exerts a specific influence on

the microbiota.56 In any case, measuring the gut dynamic could

be developed as a tool for decision-making, either in the neoad-

juvant (e.g., determining optimal surgery time) or adjuvant (e.g.,

guiding therapy completion) therapies.

Our functional data reveal a previously unappreciated role for

the flagellum in the microbiota-host crosstalk during ICI. We de-

tected significantly increased flagellin-related gene families in

the CR metagenomes, both in our patients as well as in re-

sponders of various international cohorts, and their presence

at baseline suggests that they were not incidentally emerging

from lifestyle and diet changes during therapy. However,

comprehensive longitudinal lifestyle and diet surveys provided

by each patient would be needed to rule this out unequivocally.

Interestingly, a large portion of flagellin-related genes we

retrieved in the CR gut were carried by Lachnospiraceae, which

reportedly exhibit a peculiar weak-agonist activation of Toll-like

receptor (TLR)5 immunity,24 allowing the carriage of a ‘‘silent,’’

host-tolerated repertoire of antigens with broad tumor-mimicry

potential. A study demonstrated the capacity of commensals

in mediating a host-tolerated immunogenic response in a colo-

nized mouse model57 and, here, we provide proof that a distinct

pre-ICI immunity directed against FLach peptides exists in pa-
(C and D) (C) Representative flow cytometry contour plots and (D) number of T

indicated peptide pools. See also Figure S8F.

(E and F) (E) Flow cytometry and (F) bar plots showing cytotoxicity (measured as

indicated peptide pools and tested on four matching melanoma patient-derived
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tients with CR, in the peripheral immune compartment, as well

as in the tumor. The latter is important, as the role of tumor anti-

gens in ICI response is a re-emerging paradigm. Recent studies

have shown the success of ICI on MMR-deficient (dMMR) pa-

tients, which is linked, at least in part, to a higher immune ‘‘visi-

bility’’ of their highly mutated and presumably more neoantigenic

tumors.58–61 Extending this concept, trials combining immuno-

therapy with personalized tumor-specific neoantigen vaccines

are showing early promise (NCT03897881).62 The immunomod-

ulatory (and TLR-5mediated) effect of one flagellin has also been

demonstrated,33 and its safety and efficacy as part of a live bio-

therapy is being clinically tested on patients with cancer,

alone (NCT03934827) or in combination with immunotherapy

(NCT03637803). While suggesting that a subgroup of patients

is predisposed to complete response to ICI treatment and that

FLach reactivity can be used as a non-invasive biomarker to

stratify patients, our results demonstrate that FLach peptides

can also be used therapeutically to either improve the expansion

of autochthonous TILs for adoptive T cell therapy or, potentially,

as a pre-conditioning treatment on selected patients undergoing

ICI therapy. Mechanistic and preclinical studies are underway to

address these outstanding points.

In conclusion, we propose that the immune response elicited

by ICI therapy shapes a host niche favorable for gut taxa that

synergistically support immune cell function and tumor recogni-

tion while being well-adapted to host conditions, such as

flagellin-carrying gut commensals under the Clostridia clade.

Patients that carry such a beneficial gut are thus disposed to

respond well to ICI and manifest gut stability as a direct or indi-

rect consequence of this healthy response (Figure S9). Address-

ing how to harness or induce such an ICI-conducive gut micro-

biota or its host immune reactivity will pave the way to more

efficient treatment of melanoma and potentially other solid

tumors.

Limitations of the study
The longitudinality of our study was instrumental, first, to estab-

lish ‘‘homogeneity’’ among CRs based on gut and systemic

profiling and, second, to utilize stability as a marker of response

by gut dynamic and persistence of gut features during ICI.

Nevertheless, the limited size of the initial cohort remains a

grounding caveat, and despite having our longitudinally derived

gut markers corroborated by multiple baseline studies, the over-

arching hypothesis of gut stability among ICI responders would

require validation in larger, long-term longitudinal studies.

Furthermore, we cannot rule out that gut and systemic fea-

tures found in CRs were the result of an overall improvement in

health or other confounding factors rather than linked to immune

response—although their presence since baseline would sup-

port the latter. In this regard, complementary in vivo studies on

preclinical animal models would help deconvolute causative fac-

tors, elucidate underlying gut-immune mechanisms related to

response, and conclusively demonstrate the therapeutic effect

of FLach peptides.
ILs from four human melanoma tumors expanded with or without adding the

% of PI-positive melanoma cells) of TILs expanded with or without adding the

organoids.
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Lead contact

Inquiries and requests related to the study should bemade out to the lead con-

tact, Luigi Nezi (luigi.nezi@ieo.it).

Materials availability

All reagents are available from the corresponding authors upon reasonable

request. Patient-derived biological samples were limited and may not be

further available. Peptides were designed in-house and purchased from

GenScript Biotech (NJ, USA).

Data and code availability

All sequencing data have been deposited on the ENA archive and are acces-

sible under the accession number ENAProject: PRJEB61942.Metadatawill be

available as well upon request, subject to approval by the Ethical Committees

of IEO and INT-FGP.

All in-house computer codes are available on https://github.com/ADGM/

melanoma-longitudinal-paper. Remaining data are available within the article,

STAR Methods, supplemental information, or source data file.

Any additional information required to reanalyze the data reported in this

work paper is available from the lead contact upon request.
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Experimental models: Cell lines
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Software and algorithms

R version v4.1.1 (2021-08-10) R Core Team67 https://www.r-project.org

RStudio v2022.07.2+576 RStudio https://posit.co

Inkscape v1.2.2 Inkscape Developers https://inkscape.org/

BioRender BioRender https://www.biorender.com/

qiime2-2018.11; qiime2-2019.7 Bolyen et al.68 https://qiime2.org/

qiime2-2018.11 DADA2 plug-in Callahan et al.69 https://docs.qiime2.org/2018.11/plugins/

available/dada2/index.html
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available/feature-classifier/fit-
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bowtie2/index.shtml

MetaPhlAn v4.0.3 Blanco-Mı́guez et al.65 https://github.com/biobakery/MetaPhlAn

HUMAnN v3.6 Beghini et al.63 https://github.com/biobakery/humann

NetMHCstabpan v4.1 Rasmussen et al.73 https://services.healthtech.dtu.dk/

services/NetMHCpan-4.1/
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phyloseq v1.36.0 McMurdie et al.74 https://joey711.github.io/phyloseq/

vegan v2.6-8 Oksanen et al.75 https://github.com/vegandevs/vegan

picante v1.8.2 Kembel76 https://github.com/skembel/picante
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sva v3.40.0 Johnson et al.78 https://bioconductor.org/packages/

release/bioc/html/sva.html

usedist v0.4.0 Bittinger79 https://github.com/kylebittinger/usedist

gtools v3.9.5 Warnes et al.80 https://cran.r-project.org/web/

packages/gtools/index.html

dplyr v1.1.4 Wickham et al.81 https://dplyr.tidyverse.org/

Maaslin2 v1.7.3 Mallick et al.82 https://github.com/biobakery/Maaslin2
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software/clusterProfiler/

ggplot2 v3.5.1 Wickham et al. 81 https://ggplot2.tidyverse.org/
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package=gridExtra
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Study design and enrollment
Fecal samples were obtained from patients with melanoma treated with anti-PD-1 immunotherapy enrolled at Istituto Europeo di On-

cologia (IEO, Milan) and at Istituto Nazionale Tumori IRCCS ‘‘Fondazione G. Pascale’’ (INT-FGP, Naples) between January 2018 and

October 2022. All subjects gave their informed consent for inclusion before they participated in the study. The study was conducted in

accordance with the Declaration of Helsinki and approved by the IEO and INT-FGP Ethical Committee (studies registered as R845/18-

IEO 889 and 37/22 oss, respectively). A total of 23 patients were assessed for eligibility and enrolled. Inclusion criteria encompassed

patients with a confirmed diagnosis of unresectable or metastatic cutaneous melanoma (BRAF wild-type or mutant) that did not meet

any of the exclusion criteria (i.e systemic use of antibiotics during the last month before the start of therapy, concomitant use of immu-

nosuppressivemedications, known autoimmune conditions). Themedian age of patients at study entry was 54 years (33–78 years) and

17 (74%) were male. Participants underwent anti-PD1 therapy (480mg every four weeks). Eighteen (79%) patients had an Eastern

Cooperative Oncology Group (ECOG) performance status of 0–1, with 9 patients (39%) had stage IV disease, including 3 (15%)

with brain metastases and 4 (20%) with an elevated baseline serum lactate dehydrogenase (LDH). Patient baseline characteristics

are summarized in Table 1. At the time of data cutoff (15 December 2022), the median follow-up time was 20.7 (7.5–42.3) months,

with six patients (30%) still on anti-PD-1 therapy. In parallel, fourteen donors (median age of 42) were enrolled as tumor-free group.

METHOD DETAILS

Sample collection
Melanoma patients were followed at baseline and over the course of anti-PD1 immunotherapy and collected fecal (Canvax Biotech,

ES) and blood samples for at least one timepoint. Select fecal samples were processed for 16S amplicon (n=94) and Shotgun meta-

genomic sequencing (n=65), whereas blood samples were processed as whole blood for white blood cell count (n=58) and as serum

for soluble factor quantification (n=40).
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For the 16S sequencing, 19 patients have baseline samples, 17 have therapy samples, and 13 have baseline and at least 1 therapy

sample. Of the 13, 8 had samples both at 2–7 months (early therapy) and 8–13 months (late therapy); these 8 patients were used for

the 16S longitudinal analysis.

For the Shotgun sequencing, 14 patients have baseline samples, 11 have samples at 2–7 months (early therapy) and 7 have sam-

ples at 8–13 months (late therapy). These samples were used for stable taxa and functional analyses.

16S amplicon sequencing
Fecal samples were processed for 16S sequencing to compare the microbiota structure and composition at baseline (t0) (i.e.,

before therapy) and at each cycle of therapy (t1, t2, t3. tn). Briefly, DNA was extracted from feces of melanoma patients and

healthy donors using the DNeasy PowerSoil Pro kit (Qiagen), after which the V3-V4 region of 16S was amplified. Libraries were

prepared following the 16S sequencing library preparation protocol (Illumina), and sequenced by a 2x250 bp paired end chemistry

on a MiSeq platform.

16S sequence processing
For each 16S sequencing run, data were filtered and denoised using the DADA2 plug-in in qiime2 (qiime2-2018.11)68 where param-

eters were set to trim sequences at the 50 region by the length of the primer, to generate a counts table of amplicon sequence variants

(ASVs) for that dataset.

For the rest of the core 16S analyses, qiime2-2019.7was used. Phylogenetic tree reconstruction for downstreamdiversity analyses

was done with the q2-fragment-insertion plug-in,70 using SILVA 128 database64 as reference sequence. For taxonomy assignment

the q2-feature-classifier plug-in was used. Briefly, full-length reference sequences from the SILVA 132 database were downloaded

from the SILVA resources page for qiime (https://www.arb-silva.de/download/archive/qiime), after which the sequences were used

to train a Naı̈ve-Bayes classifier using the fit-classifier-naı̈ve-bayes function.71 The trained classifier was run on the representative

sequences output of DADA2 using the classify-sklearn function to generate taxonomic assignments for each ASV.

All downstream analyses were performed in R, after exporting the taxonomy table, ASV counts table, phylogenetic tree, andmeta-

data in R and converting into a phyloseq object.74

16S-related analyses are further described under ‘quantification and statistical analysis’ section.

Shotgun metagenomic sequencing
DNA extracts from fecal samples of select melanoma samples from our study were subjected to metagenomic sequencing, where

libraries were prepared using the Illumina DNA Prep Kit according to manufacturer’s protocol. Libraries were multiplexed using dual

indexing and sequencing was performedwith a 300-bp paired-end chemistry, using the Illumina NovaSeq6000 platform according to

manufacturer’s protocol.

Shotgun sequence pre-processing
Shotgun metagenomic sequencing was performed at the NGS Core Facility at University of Trento. The quality of all sequenced

metagenomeswas controlled using the preprocessing pipeline implemented in https://github.com/SegataLab/preprocessing, which

consists of three main stages: (1) initial quality control by removing low-quality reads (quality score <Q20), fragmented short reads

(<75 bp) and reads with more than two ambiguous nucleotides; (2) contaminant DNA removal using Bowtie 272 and the sensitive local

parameter, removing both the phiX174 Illumina spike-in and human-associated reads (hg19); and (3) sorting and splitting for the cre-

ation of standard forward, reverse and unpaired reads output files for each metagenome.

Core diversity from Shotgun data
Beta diversity distances were computed from the relative abundances using the calculate_diversity.R function from MetaPhlAn,

setting the method to ‘aitchison’. The distances were ordinated by PCoA using the ape::pcoa function. Beta-diversity group differ-

ences were computed from the distance matrices by PERMANOVA,88 checking for balance in dispersion by PERMDISP.75 All re-

ported significant p-values by PERMANOVA were checked to have non-significant dispersion. The overall composition of the sam-

ples was projected into a PCA after computing the Aitchison distance on the transformed abundance, testing group differences on

the abundance table by PERMANOVA while checking for balance in dispersion by PERMDISP.

Metagenomic analyses
Metagenomic sequence data from our study as well as from previously published baseline melanoma cohorts8 were run through the

biobakery 3 pipeline,63 which leverages a set of 99,200 high-quality and fully annotated reference microbial genomes spanning

16,800 species and the 87.3 million UniRef9066 functional annotations available in UniProt as of January 2019. Taxonomic profiling

of taxa composition of all metagenomic samples was performed with MetaPhlAn v4.0.365 using default parameters and

CHOCOPhlAnSGB v202103 as database. Functional potential analysis of the metagenomic samples was performed with

HUMAnN v3.663 using default parameters.

Shotgun-related analyses are further described under ‘quantification and statistical analysis’ section.
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Epitope prediction and tumor antigen matching
Candidate flagellin proteins determined from metagenomic data were tested for tumor mimicking potential following the methods

described in Ragone et al.26 Briefly, protein sequences of our candidate flagellins were queried, NetMHCstabpan 4.173 was used

to shortlist 9-mer peptides with predicting strong-binding (SB) affinity (<100 nM) toMHC class I HLA alleles. BLAST homology search

was performed on these SB peptides against a pre-determined list of tumor-associated antigens (n=271), after which homologous

sequences were queried for epitope prediction using NetMHCstabpan 4.1. Among the homologous sequences, those peptides with

matching HLA allele affinity to any of the TAAs were selected for structural prediction.

Molsoft Mol Browser (version 3.8-7d) (Molsoft LLC, San Diego, CA) was used for epitope modeling and molecular docking and

conformation calculations for the shortlisted peptides and matching TAAs.

Assembly of peptide-filled MHC class I molecules
HLA-B*0801 and HLA-B*0702 molecules were reconstituted in vitro as described previously.89 Briefly, urea-solubilized inclusion

bodies of class I heavy chain (HC) (1 mM) and b2m (2 mM) were combined with a synthetic peptide (10 mM) (FLRGRAYGL for

HLA-B*0801; APRTVALTA for HLA-B*0702) in an oxidative refolding buffer. The refolding mixtures containing MHC I/peptide com-

plexes were concentrated and purified on a Superdex 200 Increase 10/300 gel filtration column at 4�C. Stock solutions of purified

MHC I/peptide complexes (10-30 mg/mL) in 20 mM Tris-HCl, pH 7.5, 150 mM NaCl, were kept at -80�C.

Assembly of peptide-deficient MHC class I molecules
Peptide-deficient HLA-B*0801 and HLA-B*0702 molecules were reconstituted in vitro from the denaturation of peptide-filled mole-

cules.90 In brief, peptide-filled molecules were incubated in buffered 6M guanidine hydrochloride for 5 hours at room temperature.

Denatured HC and b2m subunits were separated from the peptide ligand by extensive washes in centrifugal filters (MWCO 10K). The

retentate fraction containing HC and b2m were diluted to 0.1 mg/mL and dialyzed overnight in buffered 8M urea, after which an

excess of b2m (to 0.1 mg/mL) was added to the dialysis bag. Renaturation and assembly of the two subunits was initiated by exten-

sive dialysis in 20 mM Tris-HCl, pH 7.5, 150 mMNaCl, at 4�C. Glycerol (to 15%) was added to the crude mixture of peptide-deficient

molecules prior to concentration. Peptide-deficient molecules were purified on a Superdex 200 Increase 10/300 gel filtration column

in 20mMTris-HCl, pH 7.5, 150mMNaCl, at 4�C. Desired fractions of peptide-deficient molecules were concentrated in the presence

of 15%glycerol and analyzed byMALDImass spectrometry to ascertain that themolecules are devoid of peptides. Stock solutions of

purified peptide-deficient molecules were kept at -80�C.

HLA-A2:01, B07:02 and B08:01 peptide binding exchange assay
A fluorescence polarization competition binding assay was used to calculate the binding affinity of the proposed peptides to HLA-

A02:01 or B07:02, or B08:01. HIV-RT (ILKEPVCGV), MAGE2 (VPICHLYIL) and ELR-IAV (ELRSRCWAI) were labeled with Alexa Fluor

488 C5-maleimide and used as the probe peptide for A02:01, B07:02 and B08:01 respectively. Alexa488 labeled and unlabelled

probe peptides for these studies were obtained from 21st Century Biochemicals (Marlborough, MA). The binding reactions were car-

ried in buffer conditions of 1X PBS, 0.1% b-octylglucoside, 1X protease cocktail inhibitor. The A02:01, B07:02 and B08:01 concen-

tration used was selected by titrating the proteins against fixed labeled peptide concentration (25 nM) of HIV-RT peptide, MAGE2

peptide and ELR-IAV peptide respectively. We chose the concentration of the proteins for the assay that showed�50% of maximum

binding. IC50 values were calculated by incubating 1mM of protein with their respective Alexa488 labeled peptides in presence of

5-fold dilution of the test peptides starting from 40mM to 0.5mM. The reactions were incubated at 4�C for 16hrs. The capacity of

each test peptide to compete for binding of probe peptide was measured by FP after 16 hrs at 4�C. The assay was read using a

SpectraMax plate reader (Molecular Devices). FP values were converted to fraction bound by calculating [(FP_sample - FP_free)/

(FP_no_comp - FP_free)], where FP_sample represents the FP value in the presence of test peptide; FP_free represents the value

for free Alexa488-conjugated peptide; and FP_no_comp represents values in the absence of competitor peptide. We plotted fraction

bound versus concentration of test peptide and fit the curve to the equation y = 1/ (1 +[pep]/IC50), where [pep] is the concentration of

test peptide, y is the fraction of probe peptide bound at that concentration of test peptide, and IC50 is the 50% inhibitory concen-

tration of the test peptide.

Immunohistochemistry
Slides (5 mm) from formalin-fixed paraffin embedded (FFPE) samples were processed for deparaffinization and rehydration. Heat-

induced antigen retrieval (citrate buffer pH 6 for MEL-A or 9 for PRAME, Thermofisher) was performed using the microwave and in-

cubation in 3% H2O2 was used to inactivate endogenous peroxidase. Slides were incubated ON at 4 �C with rabbit anti-human

MEL-A (1:400) and rabbit anti-human PRAME (Abcam, Ab219650; 1:400), in a blocking solution composed of 3% BSA, 5% goat

serum (Invitrogen, 10000 C) and 0.1% Triton in PBS. After incubation with HRP-secondary antibody (30 min) and Aminoethyl Carba-

zole (AEC) + High Sensitivity Substrate Chromogen (Dako) slides were counterstained with hematoxylin and mounted and acquired

by using Aperio (Leica).

In vitro PBMC reactivity assay
Cryopreserved PBMCs of patients with melanoma R and NR were used for the in vitro stimulation after challenge with FLA peptides.

After thawing, washing, and resting PBMCs in pre-warmed RPMI-1640 (Euroclone, Cat. No. ECM2001L) with 10% FBS (Euroclone,
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Cat. No. ECS0165L), 10mMHepes (Sigmna, Cat. No. H0087), 1X Sodium Pyruvate (Eurocloene, Cat. No. ECM0742D), 1X Pen/Strep

(Euroclone, Cat. No. ECB3001D) and 100 U/ml IL2 (PROLEUKIN), cells were plated at 1x106/ml (200,000 cells/well), pulsed with pep-

tides (1ug/ml), and incubated for 5 days, after which the media was changed. At day 8 cells were restimulated with 2ug/ml of peptide

and 1ug/ml of anti-CD28/49d (BD, Cat. No. 347690) for 6h. After 4h, Golgi plug (BD, Cat. No. 555029) was added. Staining was per-

formed using Fixable Viability Stain BV510 (BD, Cat. No. 564406), CCR7 BV421 (BD, Cat. No. 150503), CD8 BV605 (BD, Cat. No.

564116), CD25 BV786 (BD, Cat. No. 741035), CD45RA PE (BD, Cat. No. 561883), CD69 APC (BD, Cat. No. 555533), CD3

APCR700 (BD, Cat. No. 565119) and CXCR3 PerCP-Cy5.5 (BD, Cat. No. 560832); then, cells were fixed and permeabilized using

Fixation/Permeabilization Solution Kit (BD, Cat # 554714), and stained intracellularly with an antibody cocktail (IL17A FITC (Invitrogen,

Cat. No. 11-7179-42), IFNG PE-CF594 (BD, Cat. No. 562392), TNFA APC-CY7 (BioLegend, Cat. No. 502944) in the permeabilization

solution. Samples were acquired using a FACSCelesta BVYG equipped with FACSDiva software version 8.0.1 (all from BD

Biosciences).

Analysis of TLR5 activation pathway
To determine the effects of the peptide pools on TLR5 signaling, a HEK reporter cell line, purchased from Invivogen (San Diego, USA),

was used. This reporter cell line expresses Secreted Embryonic Alkaline Phosphatase (SEAP), which is coupled to the nuclear factor

kB/Activating protein-1 (NF-kB/AP-1) promotor. Upon activation of the TLRs by a specific agonist, high levels of intracellular NF-kB

will lead to the secretion of SEAP which can be quantified by spectrophotometer at 620-655nm. The HEK-Blue-hTLR5 cell line ex-

pressing TLR5 was cultured in DMEM medium, containing 10% heat-inactivated FBS, 2 mM l-glutamine, 4.5 g L�1 glucose, 50 U

mL�1 and 50 mg mL�1 penicillin/streptomycin and 100 mg mL�1 Normocin. All reporter cell lines were cultured for 3 passages

before they were maintained in a cell medium containing selective antibiotics (blasticidin 10 ug/mL, zeocin 300 ug/mL). HEK cells

were seeded into a flat-bottom 96-well plate at a cell density following the manufacturer’s protocol (25000 cells in 180 ul per well)

directly into Hek-Blue Detection medium. To determine the activation of TLR5 by the pool peptides, cells were stimulated 16h

(37 �C, 5% CO2) with 20 uL of 1ug/mL of the pools G and R as well as increasing concentrations of the Ultrapure flagellin from Sal-

monella Typhimurium from InvivoGen (San Diego, USA). After 16h, the plate was read at 643 nm by Tecan spectrophotometer.

The expression of TLR5 was also measured in PBMCs from R and NR patients by means of flow cytometry. After thawing PBMCs

as previously described, the staining was performed using Fixable Viability Stain BV510 (BD, Cat. No. 564406), HLADR BV605 (BD,

Cat. No. 562845) and TLR5 APCR700 (Bio-techne, Cat. No. FAB6704N). Then, cells were fixed (BD, Cat. No. 554722) and acquired

using a FACSCelesta BVYG equipped with FACSDiva software version 8.0.1.

Analysis of blood markers
White blood cell counts (% of total WBC) and soluble factor data (mean-centered and scaled by SD of pg/mL) were analyzed, making

group comparison on the quantities by Wilcoxon rank sum test. For the soluble factor data, important features were determined by

the mean decrease in accuracy computed from random forest regression using randomForest::randomForest91 with mtry=6 and

ntree=1000. Regression was performed on data that was controlled for even patient and response representation across timepoints,

selecting for unique patients in timepoints of 0, 1–4, 5–8, 9–11, and >11 months.

Bead-based multiplexed ELISA
Multiplexed ELISA on patients sera were performed on a Luminex 200 platform (Luminex Inc.,) using custom kits of pre-mixed anti-

body-coated beads (R&D System Inc., MN), which included the following analytes: CCL11_eotaxin, CCL13_MCP4, CCL2_MCP1,

CCL22_MDC, CCL26_EOTAXIN3, CCL5_RANTES, CD25_IL2Ra, CX3CL1_FRACTALKINE, CXCL1_GROa, CXCL10_IP10, CXCL2,

CXCL6_GCP2, CXCL9, EGF, IFNg, GMCSF, HGF, IL10, IL1ra_IL1F3, IL7, IL8_CXCL8, TRAIL, VEGFA, IL1b_IL1F2, IL5, IL6,

IL-17F, IL23, TNFa, PDGFBB, CCL3_MIP1a, CCL4_MIP1b, FGFbasic_FGF2, GCSF, IL1a_IL1F1, IL2, IL21, IL-12 p70, IL13, IL15,

IL-17/IL17A. The assay was performed based on manufacturer recommendations. Briefly, 50 ml of samples together with kit stan-

dards were added to each well in duplicate and incubated with the diluted Microparticle Cocktail at 4 �C, ON, on a shaker at

850 rpm. Unbound soluble molecules were removed by washing the plate. The Biotin-Antibody Cocktail specific to the analytes

of interest was added to each well for 1 h at RT. After washing again, the Streptavidin-Phycoerythrin conjugated was added for

30 min at RT. After the final washing steps, the microparticles are resuspended in kit buffer and read on a Luminex 200 platform.

The outputs (pg/mL) were visualized and statistically analyzed in R upon centering and scaling using the scale function in R (SD

from mean pg/mL). Data were visualized together with sample annotations using the ComplexHeatmap package.84 Group compar-

isons were visualized as boxplots using the ggpubr package and statistically analyzed by applying the non-parametric Wilcoxon

signed-rank test on the values, where significance is set at p-value <0.05. Soluble molecule data were associated with other exper-

imental data by Spearman correlation and visualized using the corrplot package.

Cross-data feature association
To make associations between metagenomic features and systemic data, Fisher’s exact test was used. Binary states of metage-

nomic features (present: >0, absent: 0 abundance) and systemic features (high: >median; low: <median) were transformed into a con-

tingency table, with the odds ratio computed by Fisher’s exact test.

For cross-data correlations, Spearman r coefficients were computed with rstatix::cor_test.77
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Cross-cohort feature set enrichment analysis
Enrichment analysis was performed by Fisher’s exact test.92 Briefly, contingency tables were computed; binary categories for feature

states were generated, by prevalence (prevalent: |OR|>1; not-prevalent: |OR|<1) for the taxonomic data and abundance (abundant: |

fold-change|>1.1; not-abundant: |fold-change|<1) for the flagellin abundance data, and presence of the term in the query feature set

(present: TRUE; absent: FALSE). Enrichment magnitude was determined by Fisher’s exact test OR; unadjusted p-values were re-

ported (*p<0.05).

QUANTIFICATION AND STATISTICAL ANALYSIS

Core diversity from rarefied 16S data
All downstream analyses were performed in R, after exporting the taxonomy table, ASV counts table, phylogenetic tree, andmeta-

data in R and converting into a phyloseq object. Alpha and beta diversity analyses were performed using the vegan package,75

using counts rarefied by the lowest sequence depth within a given dataset. For alpha-diversity analysis by standardized Faith’s

phylogenetic diversity, the ses.pd function from the picante package was used.76 For computing higher level taxa ratios, raw

counts were first aggregated to that level before rarefaction. Group differences based on alpha-diversity and counts ratio were

computed byWilcoxon rank sum test93; beta-diversity differences were computed from the distance matrices by PERMANOVA,88

checking for balance in dispersion by PERMDISP.75 All reported significant p-values by PERMANOVA were checked to have non-

significant dispersion.

Batch correction
For batch correction, raw counts tables were first transformed by centered-log-ratio (CLR) following the mixOmics workflow for pre-

processing microbiota data.94 Briefly, an offset of 1 was added to the raw counts, low-frequency OTUs with an overall abundance of

<0.01%were filtered out, and outlier samples with library size greater than 2x105 were removed. Batch effect correction was applied

usingCOMBATwith non-parametric setting.78 After computing the euclidean distance on the transformed abundance (i.e., Aitchison)

using the stats::dist function, the distances were ordinated by PCoA using the ape::pcoa function. Group differences were tested on

the distances by PERMANOVA while checking for balance in dispersion by PERMDISP.

Distance-based comparisons
For handling distance data the usedist package79 was used: dist_subset for subsetting distances, dist_get for retrieving specific

group-wise distances, dist_groups for sorting within- and between-group distances.

Within-patient gut distance
To normalize for patient variability in the longitudinal analysis of 16S data, within-patient gut distance was used as measure,

computing the Euclidean distance between a baseline and a timepoint sample from taxonomic abundance data (CLR-transformed

and batch-corrected), and doing boxplot group comparisons on this distance, using non-parametric Wilcoxon rank sum as statisti-

cal test.

Between-patient gut distance
As measure of gut similarity, patients were ranked by between-patient gut distance: first, the Euclidean distance from taxonomic

abundance data (CLR-transformed and batch-corrected) was computed, then, distances between-patient distances was retrieved,

extracting between-group distances after using patient ID metadata in the dist_groups function from usedist.

Stable taxa analysis from Shotgun data
Within CR and nCRgroups, prevalent taxa were identified as taxa having a non-zero abundance in > 80%of samples. This was deter-

mined within each timepoint group, 0, 2–7, and 8–13 months. Cut-off at 80% was determined as the minimum prevalence at which

the median differential prevalence score is significantly greater than that at the starting cut-off of 40% prevalence (i.e., not highly

prevalent) (Figure S4C). To account for having two studies in the analysis, prevalent taxa identification was performed as follows:

first, putting together both studies, and second, subsetting only for INT–FGP samples. The union of taxa identified within-group

with each dataset was taken as the prevalent taxa set for that group.

To utilize longitudinality of our data, prevalent taxa were further filtered for longitudinal consistency. ‘‘Stable’’ taxa were thus deter-

mined as prevalent taxa detected in all three timepoint groups for CR (0, 2–7, and 8–13 months), and in at least two timepoint groups

nCR (0 and 2–7 or 0 and 8–13 months).

Taxonomic differential ranking
To determine significantly differentially abundant taxa, Wilcoxon rank sum test was performed on taxonomic abundance data from

MetaPhlAn (relative abundance), with p-value adjustment by FDR. To determine the group with which a feature was associated, the

corresponding log2 fold-change was also computed, by adding an offset of 0.01 to the abundances, getting the mean relative abun-

dance of each feature across samples within a group, and, using the foldchange package, getting the fold-change (gtools)80 of the

group means and converting it to log-ratio (foldchange2logratio).
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Differential prevalence was performed as follows. First, from the taxonomy counts table, abundances > 0 were all converted to 1 to

signify presence. A contingency table was built by counting the presences and absences at a binary category being tested, after

which Fisher’s exact test92 was performed on the table. P-adj were used to determine significantly differentially prevalent taxa,

and the calculated odds ratio (OR) for each feature was used to determine direction of association.

Differential ranking was performed on the hits by sorting the features by the –log10(p-adj) of each feature, determining the group of

association by the sign of either the log2 fold-change (for differential abundance) or Fisher’s OR (for differential prevalence). The hits

within a group were percentile-ranked using dplyr::ntile81 with n=100, and the hits that fall in the 75th percentile or more were consid-

ered as top ranking taxa. Differential abundance and prevalence indices of stable taxa were measured by taking the size of stable

taxa and dividing against the size of top-ranking hits.

Additive log-ratio
To account for compositionality of taxonomic data, group comparisons onmetagenomic taxonomy abundance data were performed

by first subsetting the abundance table (relative abundance) to the features of interest (e.g., features that were determined to define

each group of comparison), sum-aggregating relative abundances across features, taking the ratio of the values between the two

groups, and log-transforming the sum.68 For response group comparisons, values pertaining to the CR group were always used

as numerators. An additive log-ratio approach was similarly applied to soluble factor quantities (pg/mL) for testing differential ability

of top CR and nCR cytokines.

Differential abundance on Shotgun functional data
To determine significant terms associated with a group, differential abundance was performed using Maaslin2.82 First, gene family

abundances fromHumannwere re-grouped from gene family terms (Uniprot90 IDs) to KEGGorthologs (KOs). Group-associated KOs

were determined by converting abundances in RPK to CPM, linearly modeling log-transformed relative abundances against

response status of samples at 0, 2–7, and 8–13 months. Significance for differential abundance was set at p-adj < 0.05.

Over-representation analysis of pathways
Next, over-representation analysis was performed to examine higher level pathways within the CR and nCR groups and pathways.

For each group of comparison, KOs with |LM coefficient| > 1.5 were taken as input, filtering for those taxa associated with the given

group by the sign of LM coefficient (eg, +LM values only for comparison group; –LM values only for reference group). Over-repre-

sentation of pathways was tested using the enricher function from clusterProfiler in R67, using the pathway–KO mapping file

from https://github.com/picrust/picrust2/blob/master/picrust2/default_files/pathway_mapfiles/KEGG_pathways_to_KO.tsv and

KO–pathway mapping file from https://github.com/biobakery/humann/blob/master/humann/data/misc/map_kegg-pwy_name.txt.

gz. Significantly over-represented pathways present across timepoints were defined as ‘‘stable’’.

Flagellin-related analyses
To determine flagellin-related terms from the gene family abundance table, a list was generated from the UniProt website (https://

www.uniprot.org/), searching for ‘‘(taxonomy_id:2) AND flagellin’’ within the UniRef database and matching for UniRef90 hits as

was used for the gene family data. With this list, we retrieve 1,563 features present in our dataset and 4,241 features in the multi-

cohort baseline melanoma data.

To determine Lachnospiraceae-related terms the bacterial flagellin list was subset to those whose Genus designation in the

‘Organism’ column falls in Lachnospiraceae (n=59). With this list, we retrieve 391 features present in the multi-cohort baseline mel-

anoma data.

In our dataset, group comparisons for abundance were performed by Wilcoxon rank sum test, applying p-value adjustment

with FDR and visualizing as boxplots by log10-transforming the abundances. To perform flagellin differential testing on the multi-

cohort and our dataset, abundances were sum-aggregated before performing group comparisons by Wilcoxon rank sum test.

Log2 fold-change was computed by getting the median of the sum-aggregate abundance across samples within a group, and,

using the gtools package,80 getting the fold-change (foldchange) of the group medians and converting it to log-ratio

(foldchange2logratio).

Candidate complete response flagellin markers
To shortlist response-related flagellin markers from our longitudinal data, log2 fold-change was computed by getting the median

abundance of each flagellin across samples within CR and nCR, and, using the gtools package,80 getting the fold-change (fold-

change) of the group medians and converting it to log-ratio (foldchange2logratio). The top 14 flagellin markers with the highest

log2 fold-change were identified as candidate CR flagellin markers.

Statistical and analytical parameters
Statistical tests were set at a significance level of p-adj<0.05 unless otherwise stated. Multiple comparisons adjustment was per-

formed by FDR. Statistics were computed using the rstatix package77; p-values were adjusted for multiple comparisons by FDR us-

ing stats::p.adjust; where random sampling was performed, a seed of 1 was used (base::set.seed).67
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https://github.com/picrust/picrust2/blob/master/picrust2/default_files/pathway_mapfiles/KEGG_pathways_to_KO.tsv
https://github.com/biobakery/humann/blob/master/humann/data/misc/map_kegg-pwy_name.txt.gz
https://github.com/biobakery/humann/blob/master/humann/data/misc/map_kegg-pwy_name.txt.gz
https://www.uniprot.org/
https://www.uniprot.org/
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Plot visualizations
Plots were visualized with ggplot281 except for heatmaps and UpSet plots, which were generated using ComplexHeatmap,84and

ridgeplots, which were generated with ggridges::geom_ridgeline.85 Statistics were annotated to figures with ggpubr::stat_pvalue_

manual.86 Figures were assembled in R using grid.arrange and arrangeGrob functions from gridExtra.87
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