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Niccolò Carlino, Aitor Blanco-Mı́guez,

Michal Pun�cochá�r, ..., Paul D. Cotter,

Nicola Segata, Edoardo Pasolli

Correspondence
nicola.segata@unitn.it

In brief

Despite extensive studies on nutrition

and the abiotic components of food, the

food microbiome remains largely

uncharacterized. In this study, a

systematic metagenomic sequencing of

microbiomes from over 2,500 food

sources, integrated with metadata and

analyzed in connection with the human

microbiome, showed that manymembers

of the gut microbiome may have been

recently acquired from food sources.
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Francesco Asnicar,1 Gloria Fackelmann,1 Vitor Heidrich,1 Abelardo Margolles,10,11 Viggó Thór Marteinsson,14,20
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SUMMARY
Complex microbiomes are part of the food we eat and influence our own microbiome, but their diversity re-
mains largely unexplored. Here, we generated the open access curatedFoodMetagenomicData (cFMD)
resource by integrating 1,950 newly sequenced and 583 public food metagenomes. We produced 10,899
metagenome-assembled genomes spanning 1,036 prokaryotic and 108 eukaryotic species-level genome
bins (SGBs), including 320 previously undescribed taxa. Food SGBs displayed significant microbial diversity
within and between food categories. Extension to >20,000 human metagenomes revealed that food SGBs
accounted on average for 3% of the adult gut microbiome. Strain-level analysis highlighted potential in-
stances of food-to-gut transmission and intestinal colonization (e.g., Lacticaseibacillus paracasei) as well
as SGBs with divergent genomic structures in food and humans (e.g., Streptococcus gallolyticus and Limo-
silactobabillus mucosae). The cFMD expands our knowledge on food microbiomes, their role in shaping the
human microbiome, and supports future uses of metagenomics for food quality, safety, and authentication.
Cell 187, 5775–5795, October 3, 2024 ª 2024 The Author(s). Published by Elsevier Inc. 5775
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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INTRODUCTION

Microorganisms have had a fundamental role in the history of

food science.1 Humanity has always faced hazards due tomicro-

bial food poisoning and spoilage and preservation technologies

(e.g., cooking, salting, and fermentation2,3) have been improved

toward current standards of food safety, quality, and production

yield.4,5 Fermentation of raw plants, dairy, andmeat is a dynamic

process that can enhance the quality, diversity, and safety

of food products by controlling potentially harmful bacteria

and improving organoleptic properties6 and health-promoting

features.7 Even in the absence of potentially pathogenic taxa,

the level of biodiversity in foods is heterogeneous and ranges

from single microbial associations (e.g., foods fermented with

industrially selected starter cultures) to complex microbiomes.8

The relevance of characterizing food-associated microbial com-

munities to improve foods and understand their impact on hu-

man health is increasingly recognized, but much of this diversity

remains unexplored.

In the pursuit of characterizing the microbial composition

of food sources, the field received a boost when in vitro cultiva-

tion9,10 was complemented by community-level molecular

typing, initially using 16S rRNA gene sequencing11 and currently

also shotgun metagenomics.12,13 While cultivation has extended

to high-throughput settings,14 shotgunmetagenomics is the sole

approach able to comprehensively survey the microbial compo-

sition of a sample and unearth its genomic potential12,15 along

with the reconstruction of genomes of multiple strains.16,17

Nevertheless, metagenomic studies have been mainly conduct-

ed on single food types18–24 and on limited sample sizes,25,26

hindering inter-study integrative analyses currently available

only for other environments such as the human gut.27–31

Studying the microbial content of food is crucial also in light of

its impact on human health.32–34 Microbiome-mediated links be-

tween diet and health have been prevalently investigated by

considering the role of the abiotic components of foods.35–41

However, the recently described horizontal and vertical per-

son-to-person microbial transmission42 is likely not the only

source of microbiome diversity,43 and early evidence of dietary

microbes becoming human microbiome members motivates a

more comprehensive investigation of this phenomenon across

food types and human populations.44–47 Comprehensive investi-

gations of the overlap between food and human microbiomes at

a population-scale and strain-level resolution are thus required.

Here, we present curatedFoodMetagenomicData (cFMD), an

open-access resource that collects food-associated microbial

data to support the use of metagenomics in food science. The

current release comprises 2,533 food metagenomes with stan-

dardized metadata, 1,950 of them newly sequenced within the

MASTER EU Consortium. We generated 10,112 prokaryotic

and 787 eukaryotic metagenome-assembled genomes (MAGs)

from food that were grouped into 1,036 prokaryotic and 108

eukaryotic species clusters, 320 of which resulted to be

uncharacterized when compared with >1 M existing genomes.

We included these MAGs into our pipelines for sensitive taxo-

nomic profiling and applied it to 19,833 human metagenomes,

revealing species- and strain-level overlaps along the food-hu-

man axis.
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RESULTS

A compendium of 2,533 food-associated metagenomes
for integrative microbiome analysis
To better investigate the microbial populations present in food,

we acquired andmetagenomically sequenced 1,950 foodmicro-

biomes (MASTER EU Consortium) and integrated them with 583

publicly available samples16,18–20,22–26,45,46,48–80 (Figure 1A).

This resulted in 2,533 metagenomes spanning 59 datasets

(Table S1) from 50 countries (Figure 1B) collected over the last

decade (Figure 1D). Samples fromMASTER expanded the num-

ber of food metagenomes by 334% and significantly increased

the sequencing depth (mean ± SD: 6.7 Gb ± 6.3 Gb/sample for

MASTER and 3.0 Gb ± 5.8 Gb/sample for non-MASTER sam-

ples; Wilcoxon rank sum test p < 0.001). The multi-level metage-

nomic profiles obtained with advanced validated pipelines

applied on all samples were collected in cFMD along with stan-

dardized metadata (Figure 1A; STAR Methods).

Metadata (Table S1) were organized into 27 fields, covering

sample, food-related, and technical information (STAR Methods;

syntactic rules defined in Table S1). Hierarchical food categoriza-

tionof the sampleswasbasedon the food type/substrate, produc-

tion approach (fermented/non-fermented), and other specific fea-

tures of different food types81,82 (TableS1), resulting in 15 top-level

categories (Figure 1C), 107 types, and 358 subtypes. Although the

majority of samples came from dairy sources (n = 1,650), fer-

mented beverages (n = 422), and fermented meat (n = 133), we

also considered less characterized categories such as fermented

seeds, non-fermented fish, and non-fermented meat.

We performed standardized sample pre-processing, taxo-

nomic and functional community profiling, and genomic recon-

struction of single taxa (Figure 1A; STAR Methods). We gener-

ated 27,123 MAGs that, after quality filtering, resulted in 4,976

high-quality (HQ) and 5,136 medium-quality (MQ) prokaryotic

MAGs83 (Table S2). These MAGs were integrated with over

1 M genomic sequences84 (including 173,302 isolate genomes,

hereafter called ‘‘reference genomes’’)28,84 and clustered at

95% whole-genome average nucleotide identity (ANI)85 into

1,036 species-level genome bins (SGBs; hereafter ‘‘food

SGBs’’ since comprising at least oneMAG from food). We further

identified SGB-specificmarker genes for MetaPhlAn v484,86 (Fig-

ure 1E) to enable the profiling—even at low abundances—of all

SGBs in metagenomes. We also reconstructed 392 HQ and

395 MQ eukaryotic MAGs that were clustered into 108 eukary-

otic food SGBs. Such generated datasets were the basis of

downstream analyses, which were extended to 19,833 human

metagenomes available in curatedMetagenomicData (cMD)27

to link food and human microbiomes (Figure 1A).

Broadening the phylogenetic diversity of food-
associated bacterial species
The 10,112 prokaryotic MAGs clustered into 1,036 SGBs

belonging to 13 different phyla, which we analyzed to assess

the phylogenetic diversity of food microbes (Table S2; Figure 2A).

Six classes from four phyla were primarily responsible for the

expanded phylogenetic diversity as they comprised 92% of

MAGs and 78% of SGBs coming from our study: Actinomycetia

(Figure S1A), ɑ-, b-, and ɣ-Proteobacteria (Figure S1B),



Figure 1. curatedFoodMetagenomicData (cFMD) provides >2,500 food metagenomes with standardized metadata and processed data

(A–D) (A) The main steps of the pipeline: (i) surveying and filtering of public data along with sequencing of samples within the MASTER EU Consortium from food

sources; (ii) curation and standardization of metadata; (iii) generation of MAGs and taxonomic and functional profiles; (iv) integration of food with human met-

agenomes; and (v) release of public databases for downstream analyses. We enlarged the number of available samples (B) around the globe (i.e., from 51

countries), (C) across 15 food categories spanning fermented (F) and non-fermented (NF) foods (Table S1), and (D) in time. Such a resource was used to increase

the set of MAGs and SGBs available in our databases.

(E) The number of SGBs available in the pipeline and detected by taxonomic profiling in at least one food metagenome, grouped by unknownness level (kSGB,

known SGB; uSGB, unknown SGB; ufSGB, unknown food-specific SGB).
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Flavobacteria (Figure S1C), and Bacilli (Figure S1D). The latter be-

longs to the phylumBacillota (formerly Firmicutes) that comprised

the majority of the food MAGs (n = 6,300, from 394 SGBs); this

included lactic acid bacteria (LAB, in particular the order Lactoba-

cillales87; 5,577 MAGs from 231 SGBs), which comprised the two

most reconstructed families: Lactobacillaceae (3,447 MAGs) and

Streptococcaceae (1,805 MAGs). 20% of the total food MAGs

(n = 2,026 from 208 SGBs, Figure S1A) were associated with Ac-

tinomycetota (formerly Actinobacteria) and especially the class

Actynomicetia (1,544 MAGs from 150 SGBs), including health-

associated species belonging to the genera Bifidobacterium

(168 MAGs from 10 SGBs) and Propionibacterium (37 MAGs

from 2 SGBs). Acetobacteraceae, which encompass acetic acid

bacteria (AAB), was the third most reconstructed family overall

(523 MAGs from 61 SGBs) and represented a large portion of

Pseudomonadota (formerly Proteobacteria; 1,652 MAGs from

366 SGBs; Figure S1B). Only 93 MAGs from 45 SGBs were as-

signed to the more typically gut-associated phylum Bacteroidota

(formerly Bacteroidetes; Figure S1C), with class Flavobacteriia—

occasionally associated with food spoilage88—being represented

with 21SGBs. Thus, cFMDprovided anexpandedgenetic andmi-
crobial diversity of food microbes, and this included the relatively

few bacterial families traditionally associated with food products

that we next harnessed for in-depth investigations.

Expanding the genomic diversity of typical food-
associated bacterial species
Half of the food SGBs (535 out of 1,036) contained at least one

reference genome and were therefore assigned taxonomically at

species level (known SGBs or known SGBs [kSGBs]; Figure 2B).

67% of the 7,961 MAGs from kSGBs were retrieved from dairy

(5,334 MAGs from 312 kSGBs; Figures S2E and S2F), reflecting

the 65%of samples derived fromdairy products. Themost recon-

structed species from dairy (Figure 3A) were Lactococcus lactis

(672MAGs),Streptococcus thermophilus (448), Lacticaseibacillus

paracasei (415), and Lactococcus cremoris (n = 404), and LABs

represented 12 of the 15 largest SGBs overall. Non-LAB species

prevalent in dairy wereStaphlyococcus equorum (171MAGs; Fig-

ure S1D), Brevibacterium aurantiacum (156; Figure S1A), Coryne-

bacterium casei (89; Figure S1A), Brevibacterium yomogidense

(68), and Flaviflexus ciconiae (68, isolated previously only from

Ciconia boyciana89), many of which are usually found in
Cell 187, 5775–5795, October 3, 2024 5777
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(A) Phylogeny with the SGBs reconstructed from food and integrated with 3,962 prokaryotic SGBs prevalent in human metagenomes. Each leaf represents an
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(legend continued on next page)
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cheese-producing environments. Thus, the fact that the majority

of samples were derived from dairy is reflected in their high repre-

sentation among the most reconstructed kSGBs.

Non-dairy samples resulted in 2,651 MAGS and 331 kSGBs

(62% of total kSGBs; Figure 3C). L. paracasei was the species

with the highest number of non-dairy MAGs (238), which were

retrieved across six categories and 27% of non-dairy samples

overall. Lactiplantibacillus plantarumwas the largest SGB in pro-

biotic commercial products (50%; 7 MAGs), fermented grains

(24%; 19), and fermented fruits and vegetables (18%; 6). In fer-

mented foods, other prevalent SGBs included Bacillus subtilis

in fermented seeds (77%), Limosilactobacillus fermentum in fer-

mented tubers and roots (46%), Weissella confusa in fermented

legumes (44%), Latilactobacillus sakei in fermented meat (31%),

and Tatumella ptyseos in alcoholic beverages (19%). In general,

non-fermented categories (i.e., fish, fruit and vegetables, meat,

and other) did not yield any of the most frequently reconstructed

SGBs (Figures 3C and 3D) but exhibited category-specific SGBs

such as the spoilage-associated Brochothrix thermosphacta in

meat (40%).90 However, raw milk, considered a non-fermented

food type in the dairy category (Table S1), was an exception

since a few MAGs were retrieved for instance from

L. mesenteroides (3 MAGs), L. lactis (3), S. thermophilus (2),

and L. cremoris (1). Raw milk contains LAB that is abundant in

fermented products; however, their MAG extraction is not trivial

due to their lower abundance in the unfermented substrate.

Our database also expanded the genomic characterization of

understudied species, considering, for example, that 18 of the

30 largest kSGBs comprised <10 reference genomes, such as

Lactobacillus kefiranofaciens (74 MAGs), Lactococcus laudensis

(59), Lactococcus raffinolactis (51), and Lentilactobacillus otakien-

sis (48). This applied also to SGBs prevalent in non-dairy such as

Liquorilactobacillus satsumensis (200 MAGs; 6th largest SGB

overall), Liquorilactobacillus nagelii (119 MAGs; 13th largest

SGB) (Figure 3D), and Acetobacter orientalis (89 MAGs mostly

from water and milk kefir, Figure S1B). Notably, Zymomonas mo-

bilis (115 MAGs), one of the few known bacterial species capable

of ethanol fermentation, was mainly retrieved from water kefir

and was split across three kSGBs (i.e., SGB19526 corresponding

to Z. mobilis in the Genome Taxonomy Database (GTDB),91

SGB19527—Z. pomaceae, and SGB77042—Z. mobilis_B;

Figures 3D and S1B).

Overall, for the bacterial species with isolated representatives

found in foodmetagenomes, our integration withMAGs provides

a much increased strain diversity that enables higher-resolution

investigations.

Half of food microbes represent uncultured, unexplored
species
We next investigated the other half of the food SGBs (501 out of

1,036) that did not contain any reference genomes and thus were
(B) Number of food MAGs for each SGB detected in food.

(C) Distribution in the number of food MAGs according to the SGB unknownness

SGB (ufSGB). Additional distributions are shown in Figures S2C–S2F.

(D) Number of SGBs in function of the food-human MAGs ratio defined as the rat

included in a specific SGB.

See also Figures S1 and S2.
considered unknown SGBs (uSGBs). Their overall diversity was

very high with a 95% increase in the total branch length when

added to the kSGB phylogeny (Figure 2A). These uSGBs con-

tained 2,127 food MAGs (21% of the total; Figures 2B and 2C),

and 46% of them were unassigned even at the genus level

(<85% ANI to closest reference genomes28).

Such uncharacterized species were widespread as they were

detected in all food categories (except in non-fermented fish

having only 14 samples) and in 59 food types (Figures S2E

and S2F). Surprisingly, 49% of the SGBs found in dairy lacked

any reference genomes despite being the most studied cate-

gory in food microbiome studies (Figure S2E), and comparable

percentages were obtained in fermented beverages (42%) and

fermented seeds (45%). The least characterized food types

accordingly to the per-sample ratio of uSGBs reconstructed

over kSGBs were Mexican pulque (median ratio = 5 from 5

samples), African palm wine (median ratio = 2, 6 samples),

and Korean skate fish (median ratio = 1, 5 samples)

(Figures S2A and S2B). Even more consumed food types had

a non-negligible uSGB content such as post-processed vege-

tables (median ratio = 0.63, 6 samples), pre-processed vegeta-

bles (median ratio = 0.6, samples = 6), coffee (median ratio =

0.5, samples = 6), and sauerkraut (median ratio = 0.5, samples =

9). Cheese brine was the type in dairy with the highest uSGB

fraction (53 samples), while similar distributions were exhibited

by large fermented types such as cheese (1,043), kefir (284),

and non-fermented (raw) milk (n = 110). Overall, these results

underscore that almost the entire range of food types tested

in this study appear to carry a blind spot concerning microbial

characterization that should be further investigated for food

development and production.

When considering the taxonomic structure of these uSGBs,

the phylum Actinomycetota had the highest number of contrib-

uting MAGs (Figures S2C and S2D): 927 MAGs from 131 uSGBs,

including 12 of the 20 most prevalent uSGBs. These prevalent

uSGBs mainly belonged to the genera Brevibacterium, Garicola,

and Ruania, as well as several genera comprising only uSGBs

(fromdairy, fermentedbeverages, and fermentedmeat; Figure 3).

The phylum Bacillota comprised 710 MAGs from 175 uSGBs (65

uSGBs from the order Lactobacillales; Table S2) that spanned

all categories: mainly from dairy (63% of the MAGs overall),

although fermented fish (6.2 Bacillota MAGs/sample on

average), fermented seeds (1.2), and fermented tubers and roots

(0.8) were the most represented categories when normalizing for

sample size. The phylum Pseudomonadota exhibited compara-

ble numbers (407 MAGs from 150 uSGBs) and was found in

ten categories, especially from cheese and cheese brine (244

MAGs). The reconstructed MAGs from water kefir (19 MAGs)

and milk kefir (38) enabled the expansion of 11 uSGBs (for a total

of 67 MAGs) of the genus Acetobacter, suggesting the presence

of many yet-uncharacterized AABs in these food types.
level: known SGB (kSGB), unknown SGB (uSGB), and unknown food-specific

io between the number of food MAGs and the number of food + human MAGs

Cell 187, 5775–5795, October 3, 2024 5779



Figure 3. Distribution of the prokaryotic MAGs across food categories

The ten SGBswith the highest number ofMAGs for (A–C) kSGBs (SGBswith at least one reference genome) and (B–D) uSGBs (SGBs comprising onlyMAGs) from

(A and B) dairy and (C and D) non-dairy sources. In each panel, SGBs are ordered based on the number of food MAGs. The number of food MAGs is reported

overall and for each of the 15 categories, along with the number of MAGs available in our MetaRefSGB repository and retrieved from other sources. The same

representation for ufSGBs is reported in Figure S2.

See also Figure S2.
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Overall, the SGB66234 was the most prevalent uSGB (92

MAGS and phylogenetically placed in the familyCorynebacteria-

ceae; Figures 3B and S1A), was detected in ten European

cheese types from seven countries, and was not identified in

either human or animal metagenomes. Also, SGB69136 (81

MAGs and phylogenetically placed in the family Microbacteria-

ceae) was cheese-specific (from eight cheese types and six

countries), was retrieved often from the same samples (69 Aus-

trian cheese samples in commonwith SGB66234), andwas simi-

larly absent from human and animal metagenomes. Other non-

dairy-specific uSGBs included Lacticaseibacillus SGB69403

(83 MAGs from cheese and water kefir) as well as Lactobacillus

SGB69401 (80 MAGs) and Lactobacillus SGB69402 (76 MAGs)

both found in dairy and occasionally in Nigerian fermented grains

and fermented tubers and roots.

The consistent detection of yet-to-be-isolated microbial

species associated with food microbiomes highlights their

complexity and the need to perform targeted cultivation-based

investigations to harness species and strains of potential tech-

nological relevance.

More than half of unknown food species are not
detected in other environments
We next focused on those uSGBs detected exclusively in food

sources and without matches in any of the other >1 M MAGs

from other environments (mainly from human, animal, soil, water,

and plants; Figures 2D, 3, and S2). We named them unknown

food-specific SGBs (ufSGBs), and they represent the most

understudied food-associated species to be targeted in future

studies. More than half uSGBs (n = 290; 58%) were labeled as

ufSGBs, which comprised 534 MAGs from 327 samples (Fig-

ure 2B) and were mainly associated with the phyla Bacillota

(121 ufSGBs), Pseudomonadota (88), Actinomycetota (53), and

Bacteroidota (16) (Figure S2C). These ufSGBs spanned all cate-

gories, especially fermented fish (5.8 MAGs from ufSGBs per

sample on average), fruits and vegetables (1.3), and fermented

seeds (1.2) when normalizing for sample size. They originated

from 43 types, mainly cheese (74 ufSGBs), cheese brine (45), wa-

ter kefir (34), post-processed vegetables (19), and skate fish (18).

The most reconstructed ufSGBs were ufSGB98380 (Fig-

ure S2G) with 24 MAGs from water kefir of diverse sources.

It belonged to a monophyletic subtree comprising three

other ufSGBs reconstructed from water kefir (i.e., ufSGB98379,

ufSGB98381, and ufSGB98382; Figure S1A) and placed

phylogenetically close to the family Bifidobacteriaceae. Also,

ufSGB96887 (15 MAGs and assigned to the genus Lactococcus)

was often retrieved from different dairy sources (i.e., raw milk,

cheese brine, whey, and cheese products) from Southern Italy.

Moreover, ufSGB99143 comprised 15 MAGs from Austrian

Alpine cheeses and belonged to the genus Marinobacter that

comprises halophilic bacteria.92

In general, ufSGBs were specific to single categories (98% of

total ufSGBs) and types (93%), although six of them were de-

tected in two categories (Table S2): ufSGB92515 (retrieved

from dairy and fermented beverages, assigned to the genusHaf-

nia; Figure S2G); ufSGB94441 (dairy and fermented beverages;

genus Lactiplantibacillus); ufSGB94442 ( fermented fruits and

vegetables and fermented meat; genus Lactiplantibacillus);
ufSGB96932 (fermented seeds and fermented tubers and roots;

genus Atopostipes); ufSGB94707 (dairy and fermented fruits

and vegetables; family Oceanospirillaceae); and ufSGB96974

(alcohol and fermented tubers and roots; phylum Bacillota).

The high proportion of uncharacterized microbes found

uniquely in food represents an opportunity for future research

aimed at characterizing these species and their contribution to

the features of the corresponding food products.

Food categories have distinctive quantitative microbial
traits
Until now, our results were dependent on an assembly based

approach that generated MAGs. We further performed a

more sensitive and quantitative taxonomic profiling through

MetaPhlAn 4, whose database84 was expanded to include the

SGBs defined in this work (STAR Methods). Of the resulting

29,969 SGBs that can be comprehensively detected at coverage

as low as 0.13, 3,622 SGBs were identified in at least one food

metagenome (Figure 1E; Table S2).

The within-sample alpha diversity was highly variable across

metagenomes (mean ± SD: 25 ± 30 for Richness and 1.2 ± 0.7

for Shannon index) and food categories. Non-fermented fish

had the highest Shannon index (median = 2.3, Figures 4A and

S3G), followed by fermented tubers and roots (2.1), meat (2.0),

fermented seeds (2.0), fermented legumes (1.9), and fruits and

vegetables (1.8), with results broadly paralleled by the estimated

richness (Figures S3A and S3H). When comparing non-fer-

mented with fermented food categories (i.e., meat with fer-

mented meat, fish with fermented fish, and fruits and vegetables

with fermented fruits and vegetables), the non-fermented foods

exhibited a higher microbial diversity (Figure 4A), reflecting the

selective pressure of fermentation processes. Large variability

was observed in the largest food category, dairy (mean ± SD:

1.0 ± 0.7 for Shannon index and 24 ± 27 for richness;

Figures 4A and S3A), with alpha diversity measures linked to

food types (Figure S3D). The highest diversities were found in

cheese brine (median Shannon index = 1.3, richness = 38),

wara (Shannon index = 1.4, richness = 17), and cheese (Shannon

index = 0.9 and richness = 21); for the latter one, samples before

ripening showed slightly lower diversity than the final product,

and similar values were found in non-fermented (raw) milk. Un-

known species constituted a fundamental fraction: 48% of the

samples (1,173) contained at least one uSGB or ufSGB. We

further computed the ratio between the number of uSGBs and

kSGBs (Figures S3E and S3F), and 605 samples (24%) had a

ratio >0.1. Consistently with assembly results, pulque and fer-

mented tea (e.g., kombucha and pu-erh) were the types carrying

the higher unknown fraction. For dairy, cheese brine was the

most uncharacterized, and cheese before ripening was more

characterized than final products (Figure S3F).

Beta diversity distributions were driven by the food category

(permutational multivariate analysis of variance) PERMANOVA

R2 = 0.15, p < 1e–3; Figures 4B and S3C), and all comparisons

between categories resulted in statistically significant differ-

ences (Figure S3I). Not surprisingly, the starting raw material

was the main distinguishing factor as it carries the raw material

microbiota and shares other features (such as nutrient content

and pH) that influence the final microbial composition. This
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Figure 4. Taxonomic profiling enables sensitive characterization of food metagenomes

(A and B) Differences in terms of (A) alpha (Shannon index; Richness in Figure S3A) and (B) beta (t-distributed stochastic neighbor embedding [t-SNE] dimen-

sionality reduction using Bray-Curtis distances) diversity for the food metagenomes grouped into 15 categories.

(C) Permutation tests in constrained ordination on distance-based redundancy analysis: individual (left bars) and cumulative (right bars) contributions for each

variable based on Bray-Curtis dissimilarity.

(D) Relative abundance (rel. ab.) from taxonomic profiles for the 25 SGBs most prevalent in food, along with information on food category and continent of origin.

(E) The most representative SGBs for each food category along with their prevalence across categories. Numbers represent the statistically significant com-

parisons between categories. Other differentially prevalent SGBs are reported in Figure S4B, and the same representation specific to uSGBs is shown in

Figure S4C.

(F) The SGB enrichment score (see STARMethods) for each pair of food categories. A score > 0 indicates a higher number of SGBs enriched in the row category.

See also Figures S3 and S4.
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was confirmed by the contribution of variables to beta diversity

(Figure 4C) with a total cumulative adjusted R2 of 52%mainly ex-

plained by food subtype (univariate adj. R2 = 42%), dataset name

(29%), food type (23%), and country (17%). The identification of

the dataset name as a covariate could imply technical biases

across datasets, but it is more likely the effect of different studies

covering different and specific categories and types. For dairy,

cheese before and after ripening overlapped in the ordination

plot, while more distinct clusters were associated with non-fer-

mented (raw) milk and cheese brine.

We also assessed the predictability of the sample category ac-

cording to taxonomic profiles by leveraging machine learning-

based predictive modeling (STAR Methods). For one-vs.-all

category comparisons, the area under the ROC curve (AUC)

was always close to 1 (mean ± SD = 0.97 ± 0.06, median =

0.99, Table S3). The accuracy remained high when comparing

more similar foods; in dairy, the sample type was predicted

with AUC = 0.97 ± 0.05 (Table S3). Similar predictability levels

were obtained even when looking at the finest food categoriza-

tion level, and 23 commercial cheese types were discriminated

with AUC = 0.97 ± 0.04 (Table S3; STARMethods). These results

open interesting perspectives for microbiome-based quality-

control strategies in the food system, supporting the future appli-

cation of metagenomics in food traceability and authentication.

Highly prevalent species determine subgrouping within
food categories
The clustering of samples according to food categories was also

evident by considering the 25 most prevalent SGBs alone (Fig-

ure 4D). Some level of clustering was also associated with geog-

raphy (both at continent and country level), but this was due to

the correlations between categories/types and geographic origin

and should not be interpreted as generalizable notions.

We further identified subgrouping within specific categories.

For example, dairy clustered into multiple subgroups (Figure 4D;

Table S2): the largest group was dominated by L. lactis and

L. cremoris, which tended to co-occur (e.g., in Dutch-type and

blue cheeses); another subgroup was characterized by high oc-

currences of S. thermophilus coupled with L. paracasei (e.g., in

Fontina cheese) or by Lactobacillus helveticus coupled with

L. delbrueckii (e.g., in mozzarella). L. kefiranofaciens and Lenti-

lactobacillus kefiri93,94 co-occurred in milk kefir, while water kefir

defined a tight cluster dominated by L. paracasei, L. satsumensis

(not detected in any other types), and Lentilactobacillus hilgardii.

Other fermented beverage types (e.g., kombucha, coffee, and

pu-erh tea) clustered instead more closely with alcoholic bever-

ages samples.

The set of 25 most prevalent SGBs also included the two eu-

karyotic species Saccharomyces cerevisiae and Debaryomyces

hansenii group 1, highlighting the importance of fungi, yeasts in

particular, when exploring the microbial diversity of food

microbiomes.

Food-specific microbial signatures encompass known
and unknown species
We determined category-specific microbial signatures by as-

sessing differentially abundant SGBs and computing the spec-

ificity value as the number of one-vs.-one significant compari-
sons (Figures 4E and S4B; Table S3; STAR Methods).

Looking at specific categories, fermented meat, for instance,

was characterized by L. sakei (typically present during ripening,

aging, and fermentation), S. equorum, and Latilactobacillus

curvatus.58,95–98 Non-fermented meat, instead, was enriched

in three distinct SGBs of Pseudomonas fragi (i.e., SGB12106

corresponding to Pseudomonas_E bubulae in GTDB,91

SGB12107—Pseudomonas_E fragi, and SGB12108—Pseudo-

monas_E fragi_D), a species associated with dairy and raw

meat spoilage.99,100 Fermented legumes and fermented seeds

were characterized by several SGBs from the genus Bacillus,

which has important roles in food (particularly soybean) fermen-

tation.101,102 We also defined the SGB enrichment score (STAR

Methods) and identified fermented fish, fermented legumes,

fermented seeds, fermented tubers and roots, and meat as

the categories with the highest number of category-specific en-

riched SGBs (Figure 4F); this aligned roughly with the cate-

gories having lower intra-category diversity (Figure S3B). In

dairy, similar numbers were obtained when non-fermented

samples were disentangled from fermented ones (Figure S4D).

Such findings suggested that not only whole microbial commu-

nities but also several food-specific SGBs can be considered

as markers of food categories and even types, which could

be harnessed in food traceability and authentication, as

mentioned above.

We also looked specifically at uSGBs to assess the contribu-

tion of uncharacterized species for the specificity of food cate-

gory microbiomes and identified 81 uSGBs significant in at least

one comparison (Figure S4C). The highest specificity was ob-

tained by Liquorilactobacillus SGB69410 in fermented bever-

ages, a category that included ten additional discriminative

uSGBs. Other categories enriched in uSGBswere fruits and veg-

etables and meat, in both fermented and non-fermented forms

(Figure S4C). These results provided further evidence of the large

reservoir of yet-to-be-isolated species in food microbiomes that

could be of relevance in several applications, including food

control.

Food and human microbial species overlap more in
infants than adults
We extended the analysis to human metagenomes to test

whether food-associated bacteria were among the prevalent

colonizers of the human microbiome. We considered 19,833

gut and oral human samples from 39 countries available in

cMD27 (Figure S5A; Table S4; STAR Methods) and found 1,409

SGBs detected at least once in both food and human environ-

ments (Figure 5A; Table S5). We identified 816 food-prevalent

SGBs (i.e., detected in R4 food samples with rel. ab. > 0.1%,

see STAR Methods), and 409 of them were also detected in hu-

man samples (mean ± SD 5 ± 4 food SGBs per human sample;

Figure 5A).

Several host conditions impacted the amount of food species

found in the human microbiome. Food microbiomes overlapped

with stool more than oral microbiomes across all age categories

(Figures 5B and S5B, p < 1e–100). The number of SGBs in

common between food and human microbiomes was higher in

Westernized (W) compared with non-Westernized (NW) popula-

tions (Figure 5B, p < 1e–60), which however possibly reflected
Cell 187, 5775–5795, October 3, 2024 5783



Figure 5. Overlap of SGBs prevalent in both food and human microbiomes

(A) Number of SGBs detected in food (n = 2,533) and human (n = 19,833) metagenomes from taxonomic profiles. We identified 409 SGBs as prevalent in food

samples (i.e., found in R4 food samples with rel. ab. R 0.1%) and detected at least once in human microbiomes.

(B and C) (B) The number of these 409 food-prevalent SGBs detected in human samples and normalized by each sample total richness and stratified by multiple

host characteristics (i.e., age category, body site, and lifestyle). Similarly, cumulative rel. ab. in human metagenomes of these food-prevalent SGBs is reported

in (C).

(D) Out of these 409 SGBs, 43 of them were identified as prevalent in humans, i.e., found in R1% of the samples with rel. ab. R 0.1% in at least one human

subgroup: stoolW (stool fromWesternized populations, n = 17,884); stoolNW (stool from non-Westernized populations, n = 1,092); oralW (oral fromWesternized

populations, n = 694); and oralNW (oral from non-Westernized populations, n = 163). We show prevalence of these 43 SGBs in food metagenomes overall and in

each food category, along with their prevalence across the human sub-groups and age categories (rel. ab. was thresholded at 0.1% to identify positive samples).

Summary statistics are reported in Table S6.

See also Figure S5.
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Figure 6. Phylogenetic trees of relevant prokaryotic SGBs highlight strain-level overlaps between food and human sources

Trees generated using StrainPhlAn; clades reported in literature or food-specific are annotated.

(A) L. paracasei: Wk1, Wk2, and Wk3 with water kefir strains; Ch1 and Ch2 with European cheese strains.

(legend continued on next page)
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sampling biases. Within the same body site and across age cat-

egories and lifestyle, the absolute number of food SGBs tended

to remain stable (Figures S5C and S5D), but their contribution

when normalizing by the sample richness (Figures 5B, S5E,

and S5F) and when considering their cumulative rel. ab. (Fig-

ure 5C) was considerably higher in newborns (mean cumulative

rel. ab. = 56%) and children (8%) compared with school ages

(3%), adults (3%), and seniors (5%).

Some food species were detected in humans consistently

across age categories: Bifidobacterium longum, Escherichia

coli, Streptococcus salivarius, S. thermophilus, Bifidobacterium

bifidum, and Bifidobacterium breve (Figure 5D). While it is ex-

pected that these species, especially those from the genus Bifi-

dobacterium, are found in newborns, their detection in adults

when diets become more diverse is noteworthy. Although it is

unlikely that infants acquire many of such species directly from

food consumption sincematernal transmission is the most prob-

able route of acquisition,103–105 food could nonetheless be

seeders of adult microbiomes whose strains are further trans-

mitted person-to-person and possibly retained into adulthood.

We further focused on non-rare human microbiome members

(rel. ab. > 0.1% in >1% of samples; STAR Methods) and identi-

fied 43 SGBs prevalent in both food and humans (Figures 5A

and 5D). Unsurprisingly, 21 of them belonged to LAB (Figure 5D;

Table S6), which play a vital role in dairy—the most sampled

category—and are commonly found in the human gut.45,87

L. lactis and L. fermentum were widespread across lifestyles,

L. paracasei and L. delbrueckii were more prevalent in W, and

S. thermophilus was prevalent in stool from W (16% with rel.

ab. > 0.1%) and oral cavity from NW (4%). Ten SGBs belonged

to the family Enterobacteriaceae, with E. coli being the most

prevalent. Finally, four shared SGBs belonged to family Bifido-

bacteriaceae; B. longum had the highest prevalence in stool

(50% in W and 25% in NW), while Bifidobacterium animalis

was detected in stool exclusively from W (4% prevalence).

Overall, several species found in food were also identified in

the human microbiome, with a large number of stool and oral

samples containing food species. Such overlapping species

frequently accounted for a large fraction of the infant micro-

biome, while its rel. ab. was lower in adults (mean ± SD =

3% ± 7%; Figure 5C).

Identification of common strains between food and
human microbiomes
We further performed strain-level and strain-matching analysis

via StrainPhlAn 484 (STAR Methods) and identified potential

transmission patterns for some food-human overlapping SGBs

(Figures 6 and S6).

For example, L. paracasei was prevalent in dairy (33%), fer-

mented beverages (74%), and water kefir (79%), and its strains

were spread with the human ones across the phylogeny (Fig-

ure 6A). Nevertheless, water kefir strains clustered into three
(B) Lactobacillus delbrueckii: L1, L2, and L3 associated with subsp. lactis; B1, B

(C) Enterobacter hormaechei included at least 5 subsp.: hormaechei, hoffmannii,

(D) Streptococcus gallolyticus. Isolation sources for the reference genomes are

Figure S6.

See also Figure S6.
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phylogenetically close subtrees regardless of geographic origin

(Wk1, Wk2, and Wk3) that did not include any other food or hu-

man strains. Several European cheeses (n = 80) defined the

clade Ch1, which comprised reference genomes from two stool

samples and commercial and artisan dairy sources worldwide,

suggesting a common industrial strain origin. Asturian cheeses

along with a strain isolated from Asian fermented goat milk clus-

tered in clade Ch2. Overall, human strains were spread across

the whole phylogeny and were quite similar to the food ones

(57% of human MAGs having ANI > 99.99% from at least one

food MAG), pointing to food as the most probable source of

the strains found in the human gut.

L. delbrueckii, widely employed in the dairy industry, ex-

hibited six main subspecies (subsp.) in accordance with litera-

ture106 (Figure 6B). The subsp. bulgaricus, relevant for yogurt

production, was the most reconstructed from both food and

human samples. This subsp. comprised three main clusters:

different Asian dairy products along with two Asian human

strains in B1; Dutch human strains in B2; yogurt, Italian

cheeses, and six human strains in B3. We identified three clus-

ters also for subsp. lactis, common in European cheese: human

strains in L1, Italian cheeses in L2, and Austrian Alpine cheese

in L3 strains. In addition to dairy, several strains were instead

retrieved from African fermented tubers and roots and fer-

mented grains and mainly assigned to subsp. indicus and

subsp. jakobsenii.

Besides characterizing species typically involved in food pro-

cessing, we also investigated potential pathogens. Most spe-

cies of known concern for foodborne transmission were rarely

found in our sampled foods (e.g., n = 1 for Listeria monocyto-

genes and n = 3 for Clostridium perfringens). Other species

with potential pathogenic strains were more frequent (e.g.,

n = 95 with rel. ab = 0.01% for Staphylococcus aureus, Fig-

ure S6L; n = 173 with rel. ab. = 0.02% for E. coli, Figure S6C).

The ESKAPEE species E. hormaechei107 was detected in 77

food samples with rel. ab. = 0.02% (Figure 6C) warranting

further investigation for food safety purposes.108–110 The phy-

logeny included 1,023 reference genomes from humans as

well as other animals, food, and natural environments and 38

food strains (n = 19 from cheese, 7 from American spinach,62

and 5 from Asian fermented soybeans), and we detected at

least 5 subspecies in accordance with literature111 (all but

subsp. oharae found in humans and food).

Streptococcus gallolyticus is similarly potentially associated

with disease, including colorectal cancer112–114 (11% preva-

lence vs. 3% in healthy controls; Table S4), and was also preva-

lent in food. However, food strains clustered separately from the

human ones (Figure 6D), thus likely excluding a food origin of the

human strains. Metagenomic surveys of food samples can

therefore be of relevance for investigating the source of origin

of human microbiome species with known, as well as less-

appreciated, pathogenic potential.
2, and B3 associated with subsp. bulgaricus.

oharae, xiangfangensis, and steigerwaltii.

summarized in Table S7. Additional trees for relevant SGBs are reported in



(legend on next page)

ll
OPEN ACCESS

Cell 187, 5775–5795, October 3, 2024 5787

Resource



ll
OPEN ACCESS Resource
Fungal taxa are widespread members of food
metagenomes
After investigating the distribution of prokaryotes in food micro-

biomes, we set out to characterize its eukaryotic fraction. We re-

constructed 787 MAGs of eukaryotic origin and of sufficient

quality for downstream analysis (n = 392 HQ and n = 395 MQ;

STAR Methods; Table S2). These MAGs were recovered from

dairy (401 MAGs from 247 samples), fermented beverages

(233 MAGs from 205 samples), and eight additional categories

(i.e., alcohol, probiotics, and different fermented products; 153

MAGs from 91 samples; Figure 7A). These MAGs were clustered

into 108 SGBs, all taxonomically assigned to fungal clades, and

resulting in 78 kSGBs (from 742 MAGs) and 30 uSGBs (from 45

MAGs; Table S2). The most reconstructed uSGBs comprised 4

MAGs each and were assigned to families Aspergillaceae

(EUK10000018), Mucoraceae (EUK10000045), and Aspergilla-

ceae (EUK10000063).

S. cerevisiae was the most reconstructed SGB (191 MAGs),

mostly recovered from fermented beverages (149) and alcoholic

beverages (29). Other commonly reconstructed species were

D. hansenii group 1 (130 MAGs mostly from dairy and fermented

meat), Penicillium roqueforti (37 MAGs from multiple blue

cheeses), Scopulariopsis brevicaulis (36 MAGs), and Kluyvero-

myces lactis (26 MAGs). Moreover, species such as Pichia

kudriavzevii and Wickerhamiella versatilis were recovered from

multiple food categories (Table S2).

The eukaryotic SGBs were detected in 45% of food samples

according to taxonomic profiling (median cumulative rel. ab. =

1%when present; Figure 7B; Table S3). The highest prevalences

were found in alcoholic beverages (97% prevalence), fermented

beverages (92%), and fermented meat (68%), food categories

characterized by high numbers of retrieved MAGs (Figure 7A).

Nevertheless, profiling detected eukaryotes in other three cate-

gories (Figure 7B): fermented fish (20% prevalence), fruits and

vegetables (12%), and meat (9%).

We identified some clusters according to category based on

themost prevalent species (Figure 7B). Theseweremainly driven

by the high prevalence of S. cerevisiae in alcoholic beverages

(91%) and fermented beverages (76%), and the high prevalence

of D. hansenii group 1 in fermented meat (64%) and dairy (24%).

Specifically, S. cerevisiae was detected at an overall prevalence

of 18% (mean rel. ab. = 9.9%when present) in 8 food categories,

reflecting its widespread use as industrial yeast.116 D. hansenii

group 1 was instead found in 19% of food samples (mean rel.

ab. = 3.9% when present) and across 7 food categories: highly

common in nature,117 it was detected in fermented meat (often

inoculated to increase aromatic profiles in sausages and dry-
Figure 7. Fungi are prevalent in food microbiomes and span multiple f

(A) We show the 25 eukaryotic SGBs with the highest number of MAGs recovered

total and for each food category with R5 MAGs, along with the number of samp

(B) Taxonomic profiles for the 15 most prevalent eukaryotic SGBs in food metag

eukaryotic SGBs are shown.

(C) Strain-level profiling enables characterization of S. cerevisiae. Phylogenetic

phylogeny reconstruction (STAR Methods). The tool retrieved 267 strains from m

colored according to source, external rings encode metadata information, and b

versions, and bootstrap values are reported in Figure S7.

See also Figure S7.
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meats118), dairy (mainly in cheese brine and cheese, particularly

cheddar), meat, fermented seeds, and fermented beverages

(e.g., in 67% of pu-erh tea samples).

Strain-level profiling of S. cerevisiae enables integration
of metagenomes with isolate genomes
Finally, we explored the genetic diversity of S. cerevisiae, the

most abundant eukaryote in our food metagenomes and among

the most important within the food industry.119 We performed

phylogenetic analysis through StrainPhlAn and integrated our

set of food and human metagenomes with 157 isolate genomes

from liquid state fermentation (LSF, e.g., fromwine and beer) and

solid-substrate fermentation (SSF, e.g., from bread and sake)

with yeast115 (STAR Methods).

Our phylogeny (Figure 7C) comprised 424 strains and showed

a stratification by food type and geography in accordance with

literature.21,116,120 We recovered well-defined yeast clusters

such as Sake/Asian within SSF and Dairy, Beer-1, and Beer-2

within LSF. Strains from other alcoholic beverages (e.g., spirits)

were less clustered, in agreement with previous studies.115,121

Most yeast strains from wine were either within a Wine plus

Dairy cluster (Wine-1) or a distinct cluster mainly constituted of

Australian spontaneous wine fermentation samples (Wine-2).74

Although strains from some of our food groups were within

known clusters (e.g., African fermentation strains group with

the Dairy cluster), most of them formed distinct clusters. We

identified a large cluster composed entirely of water kefir sam-

ples and no reference genomes. Samples from North and South

American water kefir displayed geographical differentiation,

while milk kefir strains were within the dairy cluster, indicating

a clear substrate origin.

Some of the S. cerevisiae strains recovered from the human

gut were within food clusters, suggesting a possible strain trans-

mission via food consumption. For example, the (African) Palm

wine cluster included a subject from the same continent, and

Asian individuals were within the (Asian) Sake cluster, and a Eu-

ropean individual laid in a European cheese cluster. Phyloge-

netic branch supports for these groups were strong (STAR

Methods; Figure S7A), possibly indicating the existence of

some geographically distributed food-human transmitted

strains. A small number of human-associated strains clustered

instead with laboratory controls and probiotic strains, suggest-

ing possible strain acquisitions from probiotic consumption.

However, some clades received poor statistical support (Fig-

ure S7A) and did not pass a strict quality control selection of

the alignment sites (Figure S7B). This advocates that strain char-

acterization of S. cerevisiae may be complicated by their low
ood categories

from food metagenomes. The number of food eukaryotic MAGs is reported in

les from which these MAGs were recovered.

enomes. Only the 1,079 food metagenomes containing at least one of these

tree built by mapping raw-reads against S. cerevisiae markers, followed by

etagenomes, which were integrated with 157 isolate genomes.115 Leaves are

ranches are annotated as in Maixner et al.115 Non-circular, manually curated
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abundance in human metagenomes and that the interpretation

of their phylogeny should be taken with care.

In general, most of the food clusters that we identified were

well supported (Figure S7A), consistent over data treatment (Fig-

ure S7B), and in accordance with the known phylogeny of yeast,

which indicated the effectiveness of our approach in performing

phylogenetic analysis of yeasts.

DISCUSSION

In this work, we developed and described cFMD, a resource re-

sulting from the collection of thousands of newly sequenced and

publicly available food metagenomes with standardized meta-

data and data products. The sequences added in cFMD that

we made available through the MASTER EU Consortium largely

expanded the characterization of food microbiomes for its size

(�33 more metagenomes than previously available), quality of

sequencing (�23 higher depth and�43moreMAGs), and types

of foods (Figure 1). The generation of 10,899 food MAGs and

their integration with >1 M available MAGs and genomes

widened the genomic information of species typically employed

in food production (Figure 3) along with the identification of 320

yet-to-be-isolated species (Figures 2 and 7).

Integrative analysis with >20,000 human metagenomes re-

vealed an overlap between food and human microbiomes of

1,409SGBs (Figure 5A),with these species explainingonaverage

11% of a single human sample with a cumulative rel. ab. of 3%

(Figure 5C), even though an overlap in species is not a proxy of

strain overlap and/or transmission. While this overlap is arguably

moderate if compared with person-to-person species or even

strain overlap (reaching �50% strain overlap between mothers

and infants), it still represents a sizable fraction of the human mi-

crobiome and also an important evolutionary pattern through

which the humanmicrobiomemight havedeveloped over themil-

lenia. A large fraction of the infant gutmicrobiome contained food

SGBs (mean = 56%, Figure 5C), despite direct acquisition from

food being only one of the possible routes of transmission (e.g.,

vertical and horizontal transmission42,44,122). In adults, food

SGBs constituted 3% of the microbial community (Figures 5B

and 5C). Strain-level analysis also inferred potentially recent

food-to-microbiome transmission events (Figure 6) also for eu-

karyotes such as S. cerevisiae (Figure 7C).

We detected hundreds of uncharacterized species in the food

microbiome, opening new venues for their in-depth character-

ization. Indeed, targeted isolation and functional characteriza-

tion of these dietary microbes we detected only by metagenom-

ics should be the next step to further exploit their role in food

processing, quality, and safety. However, the global diversity

of dietary microbes is still far from unraveled, and as such, our

resource should be the starting point for additional integrative

initiatives on food microbiomes. For instance, our findings sup-

port molecular typing means to develop food authenticity and

origin certifications based on microbial specificity (Figures 4D–

4F), which would require additional expansion of the number of

metagenomes of the same food types from different locations

and industries.

The MASTER EU Consortium provided numerous sequences

from multiple environments and sampling locations, spanning
the food system from rumen to fish, factories, soils, fermented

food, cereals, and vegetables. Integrating these resources

would unlock several relevant applications: from the study of

the microbiome evolution along the food system to the study

of the diffusion of antimicrobial resistance or spoilage-related

genes in foods, to the detection of pathogens in food quality con-

trol, and, finally, also to the study of transmission along the food-

human axis.

Limitations of the study
Detecting direct food-to-human microbial transmission remains

a challenging task. While we investigated possible transmission

events (Figures 6, 7, S6, and S7), the timing cannot currently be

estimated with precision and is hindered by concurrent person-

to-person transmission. Even the directionality can be only in-

ferred to some extent by the context, and whether there is a

dose-dependent effect on the transmission remains an open

question. Moreover, whether food microbes detected in the hu-

man gut are indeedmicrobiome colonizers or simply transient re-

quires further investigation.45 Intervention trials may be designed

to supplement specific fermented foods to volunteers, while per-

forming strain-level analysis of both foods and fecal samples

(pre-, during, and post-administration) is important to investigate

transmission events and strains stability and viability. Eukaryotic

genome characterization frommetagenomes is still underappre-

ciated due to multiple limitations from possible biases in DNA

extraction123 to more challenging MAG reconstructions, and

the approach employed can be a step toward standardizing

these analyses.

The endeavor of a comprehensive collection of food micro-

biomes is far from complete, currently lacking examples from

several countries and widely consumed food types. The current

database composition is biased toward certain types of food

(e.g., dairy) and geographic provenience. The inclusion of more

diverse foods would favor the identification of unique microbial

food markers, whereas the extension of sample metadata

(e.g., processed vs. raw, ready-to-eat vs. cooked, ingredient in-

formation) could widen the possibility of applications and the

value of the results. The currently defined and standardized

metadata is based on previous work in the field,81 further

expanded by food microbiologists as part of the current work;

nonetheless, the establishment of more general food ontologies

for microbiome studies remains an ongoing process.
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RESOURCE AVAILABILITY

Lead contact
Further information and requests should be directed to andwill be fulfilled by the lead contact, Nicola Segata (nicola.segata@unitn.it).

Materials availability
All materials used in this study are commercially available, as specified in the key resources table.

Data and code availability
d cFMD is freely available in the GitHub repository (https://github.com/SegataLab/cFMD) and metadata are contextually avail-

able within this paper as Table S1.

d Raw sequencing data for the full set of metagenomes analysed are publicly available and can be retrieved using the accession

numbers reported in Table S1. The food MAGs are publicly available at https://zenodo.org/doi/10.5281/zenodo.10891046.

d Any additional information required to reanalyze the data reported in this work paper is available from the lead contact upon

request.
EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Overview of the resource
cFMD is a public database in the form of a GitHub repository (https://github.com/SegataLab/cFMD) containing curated metadata in

addition to taxonomic and functional profiles for thousands of food (shotgun) metagenomes. The first version of cFMD consists of a

total of 2,533 metagenomes associated with 59 datasets: 45 datasets and 583 samples are coming from publicly available studies,

and the remaining 14 datasets and 1,950 samples are produced inside the MASTER EU Consortium and made available with

this paper.

Survey of public datasets associated with food metagenomes
We conducted a thorough literature survey to screen publicly available studies associated with foodmetagenomes. We searched for

papers and publications through multiple web services (i.e., Pubmed, ResearchGate, BiorXiv, and editors archives), in addition to

collecting raw data directly from sequence databases (i.e., NCBI, MG-RAST, GSA). We preliminarily identified over 100 studies

for shotgun metagenomics, which were filtered out by keeping only projects with whole-genome sequencing (WGS), full availability

of raw data andmetadata, sequencing through Illumina technology, and satisfying a first check on the quality of the sequencing. This

resulted in 45 datasets for a total of 583 samples (average sequencing = 3.0 ± 5.8 Gb/sample and 21.6M ± 43.3M reads/sample).

Collection of new food metagenomes
We additionally considered 1,950 metagenomes spanning 14 datasets that were produced thanks to the MASTER EU Consortium

and that are now, contextually with this paper, publicly available. Here, we kept only food samples for the purposes of cFMD, while

additional control (n = 141), environmental (n = 30), and factory (n = 752) samples were analysed elsewhere.135

Integration of cFMD with human metagenomes from cMD
Wealso conducted a large-scale analysis aiming at finding overlaps between food and humanmicrobial communities. The set of food

metagenomes previously described was complemented by a large amount of human data from publicly available sources. We

considered the already collected metagenomes and standardised metadata information available in cMD.27 We included all human

metagenomes from oral and stool sources available as of May 2022, which resulted in a total of 19,833 samples from 87 cohorts.

These samples were categorised in terms of body site (i.e., oral and stool) and host lifestyle (i.e., W: westernised and NW: non-

westernised). We therefore defined four main groups as follows: stool_W (n = 17,884), stool_NW (n = 1,092), oral_W (n = 694),

and oral_NW (n = 163). These samples were also subdivided in terms of age category as defined in Pasolli et al.27: newborn

(age <1 years old, n = 2,892), child (1<= age <12, N = 1,175), school age (12<= age <19, N = 720), adult (19<= age <= 65, N =

13,334), and senior (age >65, N = 1,712).

METHOD DETAILS

Metadata curation and standardization
The 2,533 food metagenomes were acquired globally (i.e., 50 countries and 5 continents). Most represented continents were Europe

(n = 1,995), Asia (n = 183), and North America (n = 183). For each sample, we collected a total of 27 metadata fields with syntactic

rules summarised in Table S1: 15 mandatory fields (e.g., dataset_name, sample_id, macrocategory, category, type, and

sequencing_platform) and 12 optional ones. Such 27 fields can be further categorised as follows: sample-related (n = 3 fields;

i.e., dataset_name, sample_id, and country), food-related (n = 6 fields; i.e., macrocategory, category, type, subtype, commercial
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name, and fermented/non-fermented), and technical (n = 18 fields; i.e., sample_accession, run_accession, experiment_accession,

study_accession, project_accession, database_origin, library_layout, sequencing_platform, DNA_extraction_kit, collection_date,

n_of_bases, n_of_reads, min_read_len, median_read_len, mean_read_len, max_read_len, filtered, and curator) characteristics.

This definedmetadata was based on previous work in the field,81 and further expanded by food microbiologists as part of the current

work. Such information was retrieved from the original papers/databases or collected within the MASTER EU Consortium. The

unique key for querying the database is represented by the dataset_name and sample_id.

Samples were classified according to their composition and production using three hierarchical levels of detail: 15 categories (i.e.,

alcoholic beverages, dairy, (non-alcoholic) fermented beverages, fermented fish, fermented fruits and vegetables, fermented grains,

fermented legumes, fermented meat, fermented seeds, fermented tubers and roots, (non-fermented) fish, (non-fermented) fruits and

vegetables, (non-fermented) meat, other, and probiotics - intended as dietary supplements) gathering 107 types and 358 subtypes. In

the ‘‘fermented/non-fermented’’ field, samples were classified in two groups: fermented (F) and non-fermented (NF).

DNA isolation, library preparation, and sequencing of food samples
The metagenomes generated within the MASTER EU Consortium underwent a recently developed protocol (similar to what

described in Barcenilla et al.135) aiming at maximising the collected microbial DNA from the generally low biomass samples. Com-

mons steps comprised: i) cell lysis occurring through a combination of both mechanical (bead beating in Qiagen’s PowerBead Pro

Tubes) and chemical (Qiagen DNeasy PowerSoil Pro kit) methods; ii) library preparation based on the Illumina Nextera DNA Flex Li-

brary Prep following themanufacture protocol; and iii) libraries multiplexed using dual indexing and sequenced for 300 bp paired-end

reads on the Illumina NovaSeq 6000 Sequencing System.

Pre-processing of raw-reads
Raw reads of the generated food samples were pre-processed through a validated pipeline (available at https://github.com/

SegataLab/preprocessing) based on these subsequent main steps: i) discarding of low-quality (quality<20), short (L<75bp) and

with too many ambiguous nucleotides (N>2) reads using Trim Galore v0.6.6 (https://www.bioinformatics.babraham.ac.uk/

projects/trim_galore/); ii) removal of human (hg19 human genome release), bacteriophage phiX174 DNA (Illumina spike-in), and other

hosts (where applicable) contamination bymapping reads against their reference genomes throughBowTie2 v2.2.9 (with parameter –

sensitive-local)124 iii) sorting and splitting of the reads passing the filtering into forward, reverse, and unpaired files.

Downstream analyses were performed by discarding the 21 samples having less than 0.1 quality-controlled Gbases (marked as

filtered=yes in Table S1) resulting in a total of 2,512 food metagenomes.

Extraction of prokaryotic and eukaryotic MAGs
MAGs were generated by applying de novometagenomic assembly to each metagenome independently. This was done by consid-

ering the pipeline proposed and validated for prokaryotes in Pasolli et al.28: 1) metagenomic assembly with MEGAHIT v1.1.1127; 2)

removal of contigs shorter than 1000 bp; 3) alignment of the remaining contigs against original raw data with Bowtie2 v2.2.9124 to

calculate coverage information; 4) binning of the contigs through MetaBAT v2.12.1128; 5) prokaryotic quality control of the resulting

putative genomes with CheckM83 v1.1.3 and successive filtering of high-quality (completeness>90% and contamination<5%; HQ)

and medium-quality (completenessR50% and contamination<5%; MQ) MAGs according to the standard proposed in Bowers

et al.136; 6) on the low quality (LQ) MAGs resulting from 5), eukaryotic quality control with BUSCO v5.6.1125; the same thresholds

adopted in 5) were considered to defineMQ and HQ eukaryotic MAGs. This resulted in a total of 5,136 HQ and 4,976MQ prokaryotic

MAGs and 392 HQ and 395 MQ eukaryotic MAGs.

Expansion of MetaRefSGB and ChocoPhlAn with the extracted MAGs
The MAGs that satisfied the quality check were used to expand the collection of MAGs and isolate genomes available in

MetaRefSGB. In this resource, ANIs among quality-controlled genomes were computed through Mash85 and genomes having a ge-

netic identity greater than 95%were clustered into the same SGB. Redundancy was avoided by filtering out genomes with a genetic

distance < 0.01%. An SGB was defined as known SGB (kSGB) if it contained at least one genome from isolate sources, otherwise it

was named as unknown SGB (uSGB). We expanded this resource (labelled as vMar22) to a total of 1.17M MAGs and 80K distinct

SGBs. Our 10,112 prokaryotic food MAGs contributed to 535 kSGBs and 211 uSGBs, with additional 290 ufSGBs that were defined

as food-specific thanks to our set of extracted MAGs. Similarly, our 787 eukaryotic food MAGs contributed to 78 kSGBs and

30 uSGBs.

Taxonomic labelling of each prokaryotic SGBwas performed by considering the strategy adopted in Pasolli et al.28: 1) a kSGBwas

labelled with the species label associated with the reference genome(s) present in the SGB; majority rule was applied in the case of

multiple reference genomes with different taxonomies; 2) assignment at higher taxonomic level was provided for uSGBs, which do

not include any reference genomes for definition. We defined genus-level genome bins (GGBs) by clustering genomes at 85% ANI,

and the same majority rule adopted in 1) was considered to assign genus-level taxonomy. The same procedure was also applied for

family level genomes bins (FGBs), in which genomes were clustered at 70% ANI. The same procedure was also extended to eukary-

otic SGBs, which were taxonomically labelled based on 17,438 publicly available genomes.
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The expanded MetaRefSGB resource was used to build the database of SGB-specific marker genes through the ChocoPhlAn

pipeline84 (Figure 1E). Only SGBs having at least either one reference genome (i.e. a genome sequenced from an isolate) or

5 MAGs in MetaRefSGB were kept in the ChocoPhlAn database. This expanded the profilable prokaryotes from 26,970 SGBs

(21,978 kSGBs and 4,992 uSGBs; published vJan2184) to 29,480 SGBs (22,020 kSGBs and 7,460 uSGBs). Similarly, the catalogue

of Eukaryotes was extended from 122 species (17 genera) to 489 species (136 genera). Such an improved SGB-centric unique

marker database was used for species-level taxonomic profiling and strain-level analysis as described in the sections ‘‘generation

and analysis of taxonomic and functional profiles’’ and ‘‘strain-level characterization of common prevalent SGBs through Strain-

PhlAn’’, respectively.

Phylogenetic analysis for building the bacterial tree of life
We retrieved a large set of genomes to cover the diversity of human and foodmicrobiomes. We identified the 1,036 prokaryotic SGBs

containing at least one MAG from food; additionally, we considered 3,962 prokaryotic SGBs prevalent in human microbiomes (i.e.,

with >=3 human MAGs) and without any MAGs from food (Table S7). This resulted in a total of 4,998 prokaryotic SGBs, and we

selected one representative MAG per SGB. For kSGBs, this was chosen by selecting randomly one genome from those coming

from isolate sequencing; for uSGBs it was chosen empirically based on CheckM83 estimates as the MAG maximising the value

(completeness-3*contamination).

The phylogenetic tree of life (Figure 2) was built through PhyloPhlAn v3129 and by considering the 400 universal markers available in

PhyloPhlAn. Parameters were set as follows: ‘‘–diversity high –fast –min_num_markers 50’’. Ten SGBs were discarded from the tree

since their representatives contained less than 50 universal marker genes. The resulting tree was rooted on the Archaea and visual-

ised with GraPhlAn.126

Generation of taxonomic and functional profiles
Read mapping-based profiles were generated through the bioBakery suite.86 More specifically, SGB-level taxonomic profiles were

obtained through MetaPhlAn v4.0.2 (qstat = 0.2)84 and by considering the updated marker database (v202204) available in

ChocoPhlAn and obtained as described in ‘‘Expansion of MetaRefSGB and ChocoPhlAn with the extracted MAGs’’. We obtained

a non-empty taxonomic profile for 2,482 food metagenomes, which was considered as the final set of samples for downstream an-

alyses. We found 3,622 SGBs present in at least one food metagenome, with an average of 25 ± 30 SGBs per sample. Also the taxo-

nomic profiles of the 19,833 human metagenomes were generated using the same pipeline. The final analysis was conducted on the

set of 19,786 human metagenomes by excluding the 47 ones having an empty taxonomic profile. Functional profiles were obtained

through HUMAnN v386 using the UniRef90 pangenomes and by considering the full set of species detected by MetaPhlAn v386

(–metaphlan-options "-t rel_ab –index v30_CHOCOPhlAn_201901’’). We generated UniRef90 gene family abundance data as well

as metabolic pathway abundance and coverage.

QUANTIFICATION AND STATISTICAL ANALYSIS

Analysis of taxonomic profiles
For the analysis reported in Figure 4A, intra-sample diversity (i.e., alpha diversity) was computed in terms of estimated richness and

Shannon diversity index. Due to the significant correlation between alpha diversity and sequencing depth (for estimated richness:

p < 2.2e-16, intercept: (15.6 ± 0.8), slope: (1.56 ± 0.09)e-09; for Shannon diversity index: p < 1.28e-06, intercept: (1.09 ± 0.02), slope:

(1.1 ± 0.2)e-11 ), their statistical significance across food categories was evaluated by, first, correcting their values by sequencing

depth through a linear model with the parameters above and, second, by considering Wilcoxon rank sum test and false discovery

rate (Benjamini-Hochberg FDR) correction (R package stats v4.0.3,130 Figures S3G and S3H).

Inter-sample diversity (i.e., beta diversity, Figure 4B) was assessed in terms of Bray-Curtis distances using the script available in

MetaPhlAn v4 release and additionally performing ordination analysis by applying t-distributed stochastic neighbour embedding

(t-SNE).84 The partial distance-based redundancy analysis137 was run onmetadata variables to explain Bray-Curtis distances among

samples using the R vegan package v2.6-4.134 The analysis was run on the 2,333 metagenomes having a non-empty taxonomic pro-

file and non-missing values in the metadata fields. We show in Figure 4C only the eight variables (i.e., category, type, and subtype

from food ontology, continent, and country as sample geographic description and dataset_name, sequencing_platform, and

DNA_extraction_kit to take into account technical and batch effects) significant (FDR corrected p value <0.001) in univariate analysis.

Cumulative analysis was additionally assessed by performing a permutation test (n = 1000) on the constrained ordination138 using the

ordiR2step function and a stepwise forward approach (R vegan package v2.6-4).134 This cumulative setting discarded three variables

(i.e., category, continent, and DNA_extraction_kit). Statistical significance across food categories was performed through analysis of

similarities (ANOSIM; python package scikit-bio v0.5.6131) and permutational multivariate analysis of variance (PERMANOVA131) cor-

rected by FDR (Python package statsmodel v0.13.1133). The top-25 prevalent SGBs were identified by considering the 90th percen-

tile in terms of rel. ab. (Figure 4D). Separability among food categories was also assessed through a machine learning-based clas-

sification approach. For each category, we considered a binary classification setting aiming at discriminating that specific category

from the rest using species-level taxonomic profiles. We considered random forest (RF) as back-end classifier in a repeated cross-

validation implementation (5 folds and 5 repeats) as originally proposed in Pasolli et al.139 Classification accuracies were assessed in
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terms of AUC. The samemachine-learning approach was extended to discrimination among dairy samples; we considered only food

types with >=5 non-empty taxonomic profiles (n = 1,606 samples from 8 different dairy types). Similarly, we performed subtype clas-

sification by restricting the analysis to cheese samples; we considered only subtypes with at least 5 non-empty taxonomic profiles

and associated with commercially available products (n = 293 samples from 23 cheese subtypes).

We identified SGBs differentially prevalent between food categories by applying Fisher’s exact test (scipy python package version

1.5.3132) on contingency tables generated by presence/absence profiles (Figures 4E, 4F, and S4A–S4C). We also defined the ‘‘SGB

enrichment score’’ as a metric to summarise the number of SGBs differentially prevalent between two food categories. The ‘‘SGB

enrichment score’’ between two food categories c1 and c2 was computed as follows: i) compute the number of SGBs enriched

in c1 (with respect to c2) based on the Fisher’s exact test; ii) similarly, compute the number of SGBs enriched in c2 (with respect

to c1); iii) compute the score as the difference between the two numbers calculated in points i) and ii). The score is thus a positive

number when more SGBs are enriched in category c1 with respect to c2 (and vice versa for a negative value of the score).

Integrative analysis of food and human metagenomes
Wedefined the food-prevalent SGBs as those foundwith rel. ab.R 0.1% inR4 food samples from taxonomic profiles. In this way, we

identified 816 food-prevalent species. Although the choice of 0.1% as threshold was empirical, the number of prevalent SGBs varied

only slightly when considering higher threshold values (762 for 0.5% and 711 for 1%). Among these 816 food-prevalent SGBs, 409 of

themwere also detected in at least one humanmetagenome.We analysed the distribution of these 409 SGBs across human samples

according to lifestyle, body site, and age category in terms of: absolute richness (i.e., count of food-prevalent SGBs, Figure S5C);

richness ratio (normalised by the total richness of each sample, Figure 5B); and cumulative rel. ab (Figure 5C). Statistical difference

among human groups was calculated using Wilcoxon rank sum test and false discovery rate (Benjamini-Hochberg FDR) correction

(R package stats v4.0.3130 ). We also defined as human-prevalent the SGBs found with rel. ab.R 0.1% inR1% of the samples in at

least one of the four human sub-groups (i.e., stool_W, stool_NW, oral_W, and oral_NW). This resulted in a total of 1749 human-prev-

alent SGBs. Finally, we restricted the analysis to the 43 SGBs prevalent in both human and food metagenomes.

Strain-level characterization of common prevalent SGBs through StrainPhlAn
Wegenerated strain-level profiles on the 43 SGBs commonly prevalent between food and human sources through StrainPhlAn 4.84,86

StrainPhlAn 4 was run independently on each SGB by considering the set of samples in whichMetaPhlAn v4 detected the SGB under

investigation with a rel. ab. > 0. All available reference genomes were also included. The parameters were set as follows: –marker_

in_n_samples 66; –sample_with_n_markers 66; –sample_with_n_markers_after_filt 50; –phylophlan_mode accurate; –mutation_

rates; and –debug.We finally kept the 16 SGBs (Figures 6 andS6) for which StrainPhlAn keptmore than 15 food sampleswith a length

in terms of multiple sequence alignment greater than 3kb. For each resulting phylogenetic tree and leaf pair, pairwise distances were

calculated with the PyPhlAn package (https://github.com/SegataLab/pyphlan) and normalised by the total branch length.

The strain-level analysis for S. cerevisiae (Figure 7C) was extended by also considering 157 isolate reference genomes from a

recent study of mostly Liquid State Fermentation (LSF) yeast.115 The StrainPhlAn parameters were set as follows: –marker_in_n_

samples 30; –sample_with_n_markers 100; –sample_with_n_markers_after_filt 50; –abs_n_markers_thres; –trim_sequence

25; –breadth_thres 50; –phylophlan_mode accurate; –mutation_rates; and –debug. The tree was rooted using Wild and Solid State

Fermentation (SSF). To test for the robustness of our phylogenetic inference, we bootstrapped the alignment (Figure 7C, node boot-

strap results shown in Figure S7A) and repeated the analysis using a more stringent selection of sites (Figure S7B).
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Supplemental figures

Figure S1. Phylogenetic trees for specific clades prevalent in food metagenomes, related to Figure 2

The phylogenetic tree shown in Figure 2 is detailed here for clades of relevance in food: (A) I: Actinomycetota; (B) II: Pseudomonadota; (C) III: Bacteroidota; (D) IV:

Bacillota. Leaves are colored according to phylum as in Figure 2A. SGB labels radiating from the tree represent important species and are highlighted in the

phylogenies by stars.
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Figure S2. The reconstructed MAGs enlarge the set of available SGBs, related to Figures 2 and 3

(A–F) Ratio between the number of MAGs belonging to uSGBs + ufSGBs over MAGs assigned to kSGBs per sample according to (A) food category and (B) food

type, with the indication of fermented (F) and non-fermented (NF) types. Only food types withR5 samples are shown. kSGB is a cluster of genomes including at

least one reference genome; uSGB does not include any reference genomes but was previously reconstructed from non-food sources; ufSGB does not include

reference genomes and was only identified in food. Number of (C) SGBs and (D) MAGs stratified by phylum, unknownness (i.e., kSGB, uSGB, and ufSGB), and

unknown level. Similarly, the number of (E) SGBs and (F) MAGs is reported by stratifying for food category, unknownness, and unknown level.

(G) The ten ufSGBs with the highest number of MAGs. The number of food MAGs is reported in total and for each of the 15 categories defined in this study. For

definition, no other MAGs retrieved from other sources (i.e., human, animal, and other categories) are available in the MetaRefSGB repository.
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Figure S3. Taxonomic profiling enables characterization of food metagenomes across categories, related to Figure 4

(A) Differences in terms of alpha diversity (Richness calculated as the number of SGBs detected by MetaPhlAn) for the 2,533 food metagenomes grouped into 15

categories.

(B) Inter-category Bray-Curtis dissimilarity for the 15 categories.

(C) Beta diversity (t-SNE dimensionality reduction using Bray-Curtis distances) for food metagenomes, excluding dairy samples. Points are colored according to

the food category.

(D–H) (D) Alpha (Richness and Shannon index) and beta (t-SNE dimensionality reduction using weighted UniFrac distances) diversity for the 1,650 dairy met-

agenomes grouped into different types (types with only one sample are not shown), with the indication of fermented (F) and non-fermented (NF) types. Samples

belonging to cheese before ripening are highlighted as ‘‘cheese (T0).’’ The ratio between the number of uSGBs + ufSGBs and the number of kSGBs was

computed for each sample and reported across (E) categories and (F) types (withR5 samples), with the indication of fermented (F) and non-fermented (NF) types.

Samples belonging to cheese before ripening are highlighted as cheese (T0). Higher values are associated with higher unknownness levels. Statistical signifi-

cance between categories in terms of alpha diversity for (G) Shannon index and (H) Richness. p values are computed through Wilcoxon-Mann-Whitney test and

FDR correction.

(I) ANOSIM statistical test to assess differences between categories on Bray-Curtis distances. The heatmap is colored according to the R statistic.
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Figure S4. Taxonomic profiling enables sensitive detection of microbial species among food categories, related to Figure 4

(A) SGBs found in R9 categories. The heatmap is colored according to the prevalence in each category.

(B) SGBs most representative of food categories, i.e., with >10 significant comparisons, other than SGBs already shown in (A) and in Figure 4.

(C) Most representative uSGBs for each food category and their prevalence across food categories. In all these panels, written numbers represent the numbers of

comparisons statistically significant between categories.

(D) The SGB enrichment score (see STAR Methods) for each pair of food categories of Figure 4F is reported here by dividing fermented (F) from non-fermented

(NF) dairy. A score > 0 indicates a higher number of SGBs enriched in the row category.
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Figure S5. Overlaps in human microbiomes of SGBs prevalent in food, related to Figure 5

(A) Geographic distribution of the 19,833 publicly available human metagenomes considered in the analysis. Distribution of human samples in terms of

(C) richness of prevalent food species and (E) total richness stratified by age category, body site, and lifestyle. Statistical significances (p values computed using

Wilcoxon-Mann-Whitney test and FDR correction) of (C) and V are reported in (D) and (F), respectively; similarly (B) is relative to Figure 5B.
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Figure S6. Additional phylogenetic trees of SGBs present in both food and human metagenomes, related to Figure 6

Trees were generated using the assembly free StrainPhlAn tool and by considering SGB-specific core genes for (A) Lactococcus lactis (SGB7985), (B) Limo-

silactobacillus fermentum (SGB7106), (C) Escherichia coli (SGB10068), (D) Lacticaseibacillus rhamnosus (SGB7144), (E) Streptococcus equinus (SGB8022), (F)

Enterococcus faecalis (SGB7962), (G) Weissella confusa (SGB7115), (H) Bifidobacterium longum (SGB17248), (I) Klebsiella grimontii (SGB10120), (J) Limosi-

lactobacillus mucosae (SGB7088_group), (K) Enterococcus faecium (SGB7968), and (L) Streptococcus aureus (SGB7852). Such trees complement the ones

reported in Figure 6.
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Figure S7. Phylogeny of eukaryotic S. cerevisiae by integrating metagenomes with isolate genomes, related to Figure 7

(A) Non-circular version of the phylogeny shown in Figure 7C in addition with node bootstrap values. The same phylogeny is shown in (B) after manual curation

aiming at removing non-confidentially profiled strains (STAR Methods). In both trees, genome names are written on the leaves; metadata information is reported

as color-coded columns (I–IV); clusters (V) are colored based on the majority of included food types and are named as proposed in literature or as defined by the

newly acquired strains (for water Kefir-1 and water Kefir-2).
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