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Mining of food metagenomes reveals an
unexplored diversity of dsDNA
bacteriophages

Check for updates

Liam H. Walsh 1,2, Viyal Soni1,3, Joseph Ancla1,2, Vincent Somerville 4,5, Nicola Segata 6,7,8,
Susan Joyce 3, Douwe van Sinderen 2,9, Jennifer Mahony 2,9, Andrey N. Shkoporov 2,9,10,
John G. Kenny 1,9,11, Paul D. Cotter 1,9,11 & Orla O’Sullivan 1,2,3,9,11

Bacteriophages are key drivers ofmicrobial ecology, co-existing and co-evolvingwith bacteria across
diverse environments. Limitations in culturing, alongside advances in sequencing and bioinformatics,
have driven the use of metagenomics to explore viral diversity. Viral-specific analysis of >3000 food
metagenomes from cFMD produced the FVGC, comprising ~3400 metagenome-assembled viruses,
most ofwhichbelong tonovelCaudoviricetes lineages (n = 91),with only ~15%represented in IMG/VR
v4. Together, these findings reveal extensive uncharacterized viral diversity in food systems. Beyond
serving as a reference, the FVGC facilitates detailed investigation of virus–host interactions. Viral
sequences were pervasive across microbial genomes, with several bacterial families exhibiting near-
universal associations with viral elements. Bacterial antiviral defence systems were abundant and
taxonomically diverse, dominated by restriction–modification systems, while CRISPR–Cas systems
showed pronounced lineage-specific distributions; in contrast, viral anti-defence genes were
detected at low frequency (<10% of MAVs). Host prediction linked MAVs to clinically relevant taxa,
including expanded ESKAPE pathogens such as Klebsiella pneumoniae, Acinetobacter baumannii,
Staphylococcus aureus, and Enterobacter spp., highlighting the ecological connectivity between
food-associated viruses and clinically important bacteria. Antimicrobial resistance signals were
scarce, suggesting minimal phage-mediated AMR dissemination in food environments. This new
publicly available viral database represents a valuable resource for further exploration of viral diversity.

Bacteriophages (phages; bacterial viruses) are ubiquitous across diverse
ecosystems. In natural environments, they engage in long-term coex-
istence with their bacterial hosts, shaping their population dynamics and
affecting evolutionary trajectories1–3. Many industrial and artisanal food
fermentations produce relatively high densities of bacterial biomass,
which can, in turn, favour phage proliferation4. Phages may impact
fermented foods in a variety of ways. Phages are typically viewed as
detrimental in fermentations due to their ability to reduce the fermen-
tative capacity of key organisms like lactic acid bacteria (LAB), occa-
sionally leading to fermentation failure4.

The exact economic impact of phage activity in fermentation
industries is difficult to quantify. Although precise estimates remain
uncertain, even small disruptions can have large financial consequences
given the scale of the global fermented foodsmarket, valued at ~USD608.6
billion in 2023 and projected to reach nearly USD 900 billion by 2030
(maximizemarketresearch.com)5. This highlights the importance of fur-
ther research to mitigate potential phage-related losses6,7.

Previously, comprehensive sequence-based analysis of DNA phage
communities in microbial habitats has been hindered by several tech-
nical and methodological challenges, including the absence of universal
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phage markers, difficulties in genome assembly due to high sequence
similarity among related phages, and limited annotation resources8–10.
However, advances in culture-independent high-throughput sequen-
cing, coupled with growing fermented food metagenomic datasets and
improved computational tools, now enable systematic characterization
of viral communities in these environment4,10. Despite these advances,
fermented food viruses remain substantially underrepresented in
existing reference databases.

The IntegratedMicrobialGenomes andViromes (IMG/VR)database11

provides one of the most comprehensive surveys of environmental viral
diversity, including computationally derived host predictions for unculti-
vated viral genomes (UViGs). However, to our knowledge, only a very small
fraction of its catalogue is associated with food or fermentation systems: of
the ~5.5 million high-confidence isolates and UViGs in IMG/VR version 4,
just 7157 (<1%) correspond to food-related environments11.This limited
coverage constrains our ability to contextualize phage diversity and ecolo-
gical roles within food microbiomes. Building catalogues containing high-
qualityphage genome sequences is a crucial step towards characterization of
food-based phages, and identification of robust references for next-
generation sequencing (NGS) virome studies12.

Metagenomic sequencing can recover near-complete viral genomes,
particularly for double-stranded DNA (dsDNA) viruses, whose genomes
are relatively stable, often abundant, and amenable to standard DNA
extraction and sequencing workflows8. However, viral populations are fre-
quently underrepresented in shotgun metagenomes due to multiple biolo-
gical and technical factors. Standard 0.22 μm filtration, commonly used for
enrichment, can exclude larger viral particleswhile allowingpassage of small
microbial cells and extracellular DNA13. Additionally, microbial genomes
are typically orders of magnitude more abundant than viral genomes in
terms of total DNA content, and DNA extraction protocols are often
optimized for cellular rather than viral DNA. Single-stranded DNA
(ssDNA) and RNA viruses also present additional challenges, as they suffer
from inefficient conversion, amplification, or require specialized library
preparation methods14.

In contrast, viromics (virus-enriched metagenomics) physically enri-
ches for viral particles by filtering out cells and treating filtrates with
nucleases to digest extracellular host DNA/RNA. This approach enables
deeper sequencing of virion-derived genomes and substantially improves
detection of viral diversity, genome assembly quality, and identification of
rare viral taxa compared to total metagenomes15. Nevertheless, total meta-
genomes offer the advantage of simultaneously capturing microbial and
viral components16, facilitating integrated analyses of host-virus interac-
tions, CRISPR spacer-protospacer linkages, and prophage-host associations
within the same dataset. Building on this strength, we introduce the Fer-
mented Food DNA Viral Genome Collection (FVGC), comprising over
3400 putative Metagenome-Assembled Viruses (MAVs)17, recovered from
totalmetagenomeswithin the curatedFoodMetagenomeDatabase (cFMD).
This collection represents the most extensive genome-level investigation of
dsDNA phages in food systems to date, encompassing viral diversity, host
associations, bacterial defence mechanisms, and viral anti-defence genes.

Results
Genomic catalogue of de novo assembled DNA viruses from the
fermented food microbiome
To assess the presence and diversity of dsDNA-encompassing viral popu-
lations present in various foods, a total of 3684 food-derived metagenomes
were analysed (Fig. 1 and supplemental Fig. S1). Of these, 572 were newly
selected research datasets designated for inclusion in future releases of the
cFMD, according to criteria as outlined previously18, while the remainder
were sourced from the existing cFMD resource18 (https://github.com/
SegataLab/cFMD). Samples were classified into a range of food categories,
with dairy (n = 2341) and fermented beverages (n = 699) representing the
most abundant groups. Smaller numbers of samples were associated with
fermented meat (n = 148), fermented fruits and vegetables (n = 53), fer-
mented grains (n = 86), fermented legumes (n = 64), fermented seeds

(n = 56), fermented tubers and roots (n = 24), as well as non-fermented
foods such as fresh fish (n = 14), fruits and vegetables (n = 60), meat
(n = 47), and probiotics (n = 14) (Fig. S1).

To identify and characterize viral sequences within the analysed
metagenomes, we employed two complementary strategies: a de novo
assembly-based approach and a metagenome-assembled genomes
(MAGs)-associated viral detection strategy (Fig. 1). The de novo assembly
method reconstructed viral genomes directly from metagenomic reads,
primarily capturing free viral particles and yielding 147 sequences classified
as prophages. To improve the recovery of integrated viruses, we imple-
mented a targeted pipeline to detect viral sequences embedded within
MAGs.Using this targeted approach, CheckV classified2654 of the putative
viral sequences as prophages, expanding the catalogue beyond what was
recovered through assembly alone. In addition, we analysed unbinned
contigs, which were not assigned to anyMAGs during theMetabat binning
process. These sequences often include short or low-abundance fragments
and mobile genetic elements, making them a valuable reservoir of viral
diversity. All viral sequences recovered underwent additional screening
using CheckV viral and host gene counts alongside VirSorter2 scores
(see Methods).

The average number of viral sequences recovered per metagenome
varied substantially between food types. Depth-normalized MAV recovery
rates ranged from ~0.53 to 2.31 MAVs per million sequencing reads across
food categories (Fig. 2A) (see Methods). Fermented fish samples exhibited
thehighest depth-normalizedMAVrecovery (2.31MAVspermillion reads;
n = 7), followed by fermented beverages (1.51; n = 1365) and fermented
tubers and roots (1.53; n = 41). Probiotic products (1.02), dairy-associated
samples ( ≈ 1.0–1.1; n = 2944), and meat products (0.53) showed inter-
mediate recovery rates, whereas non-fermented fish and alcohol-containing
samples displayed lower or comparable depth-normalized MAV recovery
( ≈ 1.0–1.5 MAVs per million reads). Notably, categories with high raw
MAV counts did not always retain elevated recovery rates after depth
normalization, indicating that sequencing depth partially inflated apparent
viral recovery in some food types. In contrast, fermented fish retained the
highest depth-normalized MAV recovery despite limited sample size, sug-
gesting enhanced viral assembly recovery in these environments. Never-
theless, the small number of fermented fish and fish product samples limits
confident inference regarding viral diversity or generalizability within these
categories (Fig. 2A).

All viral sequences recovered were quality assessed using CheckV
(Figs. 1 and S2), which estimates genome completeness and host con-
tamination based on a curated viral genome database. Viral sequences were
classified into five mutually exclusive quality tiers: complete, high-quality,
medium-quality, low-quality, and not-determined. Of these, 841 were
categorized as complete, 816 as high-quality, and 1788 as medium-quality.
These three groups were retained asMAVs17, collectively forming the Food
DNAViralGenomeCollection (FVGC), a curated catalogueof~3,400high-
confidence viral genomes (Fig. 1).

These quality tiers reflect key differences in genome completeness and
contig characteristics. Complete MAVs represent fully assembled genomes
with near-100% completeness, typically confirmed by circularization or
identification of genome termini. High-quality genomes exceed 90% com-
pleteness but may lack small terminal regions, while medium-quality gen-
omes are estimated at 50–90% completeness. Reflecting these designations,
complete contigs were the longest (2.3–362 kb, median: 40.0 kb) and
encoded the highest number of viral genes (up to 249, median: 30). High-
quality and medium-quality contigs showed comparable median lengths
(28.1 kb and 25.9 kb, respectively), with maxima of 701 kb and 356 kb,
encoding up to 189 and 85 viral genes (medians: 16 and 18) (Fig. S2A, B).
Furthermore, host gene contamination was on average minimal, with a
median of zero host genes detected across those categories (Fig. S2C). In
contrast, the majority of sequences (14,614) were classified as low-quality,
and 2743 as not-determined. These contigs were shorter (median lengths:
8.8 kb and 6.1 kb) and encoded fewer viral genes (median: 4 and 0), with the
not-determined category typically lacking sufficient similarity to known
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references or lacking hallmark genes, preventing reliable completeness
estimation19. Across all quality tiers, a total of 2840MAVswere identified as
prophages by CheckV, with 108 classified as complete, 138 as high-quality,
375 as medium-quality, 2195 as low-quality, and 24 as not-determined
(Fig. 2B).

Within the MAV dataset, the vast majority of MAVs annotated using
VirSorter2 were predicted to be dsDNA viruses. The average GC content
was 42% (SD: 9%), and genomes encoded amean of 42 predictedCDSs (SD:
39.7).Codingdensitywashigh across genomes, averaging 90.2% (SD: 6.8%),
consistent with typical viral genome compactness20 (Fig. 2C).

Viral lifecycle, taxonomy, and host associations vary significantly
across fermented food categories
To characterize viral communities across fermented food types, we exam-
ined lifestyle strategies, taxonomic composition, and host associations
(Fig. 3). We employed PhaStyle to classify MAVs as virulent (lytic) or

temperate (lysogenic)21, identifying 2647 temperate and 798 virulent phages
with strong concordance to CheckV provirus predictions (94.0% of pro-
viruses were classified as temperate; 95.1% of virulent phages were non-
integrated). Lifestyle distribution varied significantly across food categories
(Fisher’s exact test, p < 0.001; Cramér’sV = 0.269, indicatingmedium effect
size).While temperate phages predominated overall, their prevalence varied
nearly two-fold across categories, ranging from 52.5% in fermented seeds to
92.2% in fermented beverages. Fish products diverged sharply from this
pattern with only 27.8% temperate phages (95% CI [9.7%, 53.5%]).

To assess the novelty of MAVs, we performed global alignment using
vsearch against 7157 food-associated isolates and UViGs curated from
IMG/VR v4. Only 2.1% of MAVs (n = 72/3445) returned detectable mat-
ches (see Methods). When comparing the FVGC against all high-
confidence IMG/VR v4 isolates and UViGs at 95% ANI, ~15% of MAVs
showed detectable matches, confirming extensive novel viral diversity. We
therefore employed gene-sharing network analysis with vConTACT3 to

Fig. 1 | Schematic overview of the viral discovery process and creation of the
fermented food DNA viral genome collection (FVGC). This figure outlines the
integrated workflow for analyzing metagenomic data from fermented food samples.
High-quality reads were processed through two complementary viral detection
pipelines: a de novo assembly pipeline using SPAdes with metaviral parameters
(Viral Detection Module 1), and a MAG-associated viral detection pipeline (Viral
DetectionModule 2), targeting integrated viral sequenceswithinmicrobial genomes.
A The resulting assemblies from both pipelines were evaluated for viral signatures

using tools such as ViralVerify and VirSorter2. B Quality assessment of the viral
assemblies was performed using CheckV, categorizing metagenome-assembled
viruses (MAVs) based on completeness and contamination metrics. C MAVs
meeting or exceeding medium-quality thresholds were annotated using iPHoP,
Pharokka, and DefenseFinder, providing insights into their taxonomy, functional
potential, and anti-defense systems. MAVs were also clustered with reference gen-
omes from RefSeq phages using vConTACT3.

https://doi.org/10.1038/s41522-026-00941-9 Article
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Fig. 2 | Distribution and characteristics of viral sequences within the cFMD. This
figure presents an overview of viral sequences identified within the curated Fer-
mented Microbiome Database (cFMD). The panels are described as follows:
ABoxplots show the distribution of depth-normalizedmetagenome-assembled viral
(MAV) recovery rates across food metagenomes, stratified by food category and
CheckV genome quality class (complete, high-quality, medium-quality, low-quality,
and not determined). MAV recovery was normalized to sequencing depth and is
expressed asMAVs recovered permillion sequencing reads. Jittered points represent
individual metagenomes, colored by CheckV quality, and red diamonds indicate the

mean depth-normalized MAV recovery for each food category. B depicts a donut
chart showing the distribution of CheckV genome quality categories based on
prophage presence (Yes/No). C Relationship between GC content (X axis) and CDS
coding density (Y axis) across MAVs. Each point represents a MAV, with point size
indicating gene count and colour representing contig length (bp). D presents a
stacked bar chart showing the proportional distribution of MAVs across various
fermented food categories, with colours denotingCheckV quality levels and absolute
MAV counts displayed within each bar segment.
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Fig. 3 | Lifestyle profiles, taxonomic composition, and ESKAPE-associatedMAV
distributions across food categories. AProportion of temperate and virulent (lytic)
MAVs were detected across food categories. Bars represent the relative contribution
of each lifestyle class within a category, with counts displayed above or below each
segment. B Viral order-level composition of MAVs recovered from each food

category. The distribution was highly similar across food categories, indicating
broadly conserved taxonomic profiles. C Total number of MAVs predicted to be
associated with ESKAPE pathogens across food categories. Each bar is coloured by
the predicted host species.

https://doi.org/10.1038/s41522-026-00941-9 Article
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taxonomically classify these novel viruses. Using vConTACT3-based pre-
dictions, we classified 3042 high-quality MAVs into 99 distinct viral orders
across 10 food categories with sufficient sample sizes (n ≥ 10)(Fig. S3). Viral
order distributiondiffered significantly across food categories (Fisher’s exact
test: p < 0.001), though Cramér’s V could not be calculated due to data
sparsity, reflecting the extensive diversity of novel viral lineages. The
dominant viral orders varied substantially by food type, with novel orders of
Caudoviricetes being most abundant. Specifically, novel_order_32 pre-
dominated across categories but varied from 18.3% in dairy to 28.9% in
fermented grains (Fig. 3B).

To characterizeprokaryotichost associations,we applied iPHoPv1.3.3,
a two-step host prediction framework integrating multiple homology- and
composition-based approaches. We constructed a custom host database by
supplementing the default iPHoP Aug_2023_pub_rw database with dere-
plicated MAGs recovered from the same food metagenomes. MAGs were
integrated into the iPHoP phylogenetic framework by clustering with
existing reference genomes at 95% average nucleotide identity (ANI), with
representative genomes selected for each species cluster. This approach
enabled host prediction for MAVs infecting fermented food-associated
bacteria underrepresented in standard reference databases.

Of the 3445MAVs analyzed, 2530 (73%) were confidently assigned to
bacterial hosts and 25 (0.7%) to archaeal hosts, while 890 (26%) remained
unclassified at the domain level. Host predictions were dominated by
Bacillota (1783MAVs; 52%) and Pseudomonadota (633MAVs; 18%), with
Lactobacillales being themost frequent order (1621MAVs), consistent with
the prevalence of LAB in fermented foods (Fig. S4). At the family level,
Lactobacillaceae (978MAVs) and Streptococcaceae (608MAVs)weremost
common, with predictions spanning 64 distinct host families. Notably,
iPHoP identified novel viral-host associations for 1545 MAGs recovered in
this study, all representing putative novel bacterial species. Additional
taxonomic details of host associations at all ranks (phylum through species,
including novel ranks) are provided in Supplementary Result S2.

Host family distribution differed significantly across food categories
(Fisher’s exact test: p < 0.001, Cramér’sV = 0.330, indicatingmedium effect
size). The most abundant predicted host families varied markedly by food
type: dairy viruses predominantly targeted Streptococcaceae (52.8%), Lac-
tobacillaceae (15.4%), and Pseudomonadaceae (9.3%), while fermented
beverages showed distinct patterns with Lactobacillaceae (45.0%), Acet-
obacteraceae (15.4%), and Enterobacteriaceae (13.4%) as dominant hosts.
Alcoholic fermentations exhibited the highest relative abundance of
Acetobacteraceae-infecting viruses (37.8%), reflecting the importance of
acetic acid bacteria in ethanol oxidation, while fermented fruits and vege-
tables showed strong dominance of Lactobacillaceae-targeting viruses
(86.1%), consistent with lactic acid fermentation pathways.

Finally, we identified MAVs with predicted associations to clinically
relevant ESKAPE pathogens (Enterococcus faecium, Staphylococcus aureus,
Klebsiella pneumoniae,Acinetobacter baumannii,Pseudomonas aeruginosa,
and Enterobacter species), which represent priority targets for antimicrobial
resistance interventions (Fig. 3C).Of the six ESKAPEpathogengroups, four
were detected as predicted hosts: S. aureus (8 MAVs), K. pneumoniae
(105 MAVs), Ac. baumannii (15 MAVs), and P. aeruginosa (2 MAVs).
Notably, themajority of ESKAPE-associatedMAVs (472 total, representing
13.8% of the catalog) were linked to Enterobacter species, an increasingly
recognized opportunistic pathogen group within the expanded ESKAPE
framework. Among 17 Enterobacter species detected, E. hormaechei
(89MAVs) andE. cloacae (78MAVs)weremost prevalent, both recognized
as emerging multidrug-resistant nosocomial pathogens. E. roggenkampii
(43MAVs), associatedwith carbapenem resistance, also showed substantial
phage representation. Other notable species included E. asburiae (17
MAVs), E. bugandensis (18 MAVs), E. cancerogenus (13 MAVs), and
E. kobei (16 MAVs), reflecting taxonomic diversity within this genus.

We evaluated how the distribution of ESKAPE pathogen-associated
MAVs varied across fermented food categories. Five categories contained
sufficient sample sizes for statistical testing (n ≥ 10): dairy (n = 165),
fermented beverages (n = 164), fermented legumes (n = 65), fermented

grains (n = 59), and fermented seeds (n = 21) (Fig. 3C). A global Fisher’s
exact test detected significant differences in host-species composition
across all categories (p < 0.001). The result remained significant when
restricting analysis to well-sampled categories (p < 0.001). Cramér’s V
could not be computed due to sparse counts, so interpretation is based on
the Fisher test.

Clear food-category-specific structuring was observed. Dairy and fer-
mented beverages showed similar profiles and contained the highest
diversity and abundance of ESKAPE-associated MAVs. In dairy, the most
represented hosts were Klebsiella pneumoniae (48 MAVs, 29.1%), Enter-
obacter hormaechei (32 MAVs, 19.4%), and Enterobacter roggenkampii (28
MAVs, 17.0%). Fermented beverages showed a comparable pattern, withK.
pneumoniae (50 MAVs, 30.5%), E. hormaechei (42 MAVs, 25.6%), and
E. cloacae (23 MAVs, 14.0%) dominating. Fermented grains were strongly
enriched for E. cloacae (17MAVs, 28.8%) and containedmoderate levels of
E. hormaechei (8 MAVs, 13.6%) and multiple species present at lower
proportions, including E. cancerogenus, E. kobei, E. ludwigii, and E. rog-
genkampii (5 MAVs each). Fermented legumes exhibited a broad dis-
tribution inwhich eleven Enterobacter species each contributed fourMAVs
(6.2%), resulting in a more even community structure compared to other
food matrices.

Defense system prevalence reflects viral pressure across fer-
mented food microbiota
To expand the viral association network within food systems beyond the
FVGC, we applied a complementary approach using high-quality and
medium-quality MAGs from bacterial families with at least 10 representa-
tives. Through VirSorter2 we screened these MAGs for viral sequences to
assess family-specific viral prevalence patterns. This analysis revealed sub-
stantial variation across bacterial lineages. Several families exhibited near-
ubiquitous viral associations, including Thermaceae (94%, 67/71 MAGs),
Bacillaceae (96%, 24/25), Acetobacteraceae (88%, 85/97), Staphylococca-
ceae (88%, 164/187), and Enterococcaceae (88%, 35/40). Other families also
showed high levels of viral associations, such as Alteromonadaceae (88%,
14/16), Bifidobacteriaceae (84%, 16/19), Moraxellaceae (82%, 79/96), and
Sphingomonadaceae (83%, 10/12). Moderate prevalence was observed in
families like Lactobacillaceae (75%, 668/888), Streptococcaceae (68%, 342/
506), and Micrococcaceae (68%, 112/166), while relatively lower detection
rates were found in Halomonadaceae (49%, 18/37), Dermabacteraceae
(47%, 16/34), and Microbacteriaceae (58%, 22/38). The lowest viral asso-
ciations were observed in Vibrionaceae, with only 5% (4/76) of MAGs
containing viral signatures (Fig. 4A).

To assess the distribution of antiviral defense systems across bacterial
lineages in the cFMD dataset, we profiled CRISPR-Cas loci and other
defense systems in high- andmedium-qualityMAGs frombacterial families
with at least 10 representatives. In line with the hypothesis that viral pre-
dation drives the retention of defense systems22, most families showed high
prevalence. More than half of the families had over 80% of their MAGs
encoding at least one defense system. Although genome fragmentation in
MAGs likely leads to some underreporting, many families still exhibited
high detection rates. For example, Alteromonadaceae, Dermatophilaceae,
andSphingomonadaceaehaddefense systems in 100%of theirMAGs,while
Enterococcaceae, Bifidobacteriaceae, and Brevibacteriaceae had detection
rates exceeding 90%. Broadly distributed families such as Lactobacillaceae
and Staphylococcaceae also showed high prevalence, with over 80% of
MAGs carrying at least one system (Fig. 4B). We also observed variation in
the number of defense systemsperMAGacross families.Alteromonadaceae
andPropionibacteriaceae had the highest averages, with 8 and 6 systems per
MAG, respectively. Notably, both Alteromonadaceae and Propionibacter-
iaceae also showed high rates of phage association (Fig. 4A). Sphingomo-
nadaceae, Vibrionaceae, Thermaceae, and Brevibacteriaceae followed,
averaging between 4 and 5 systems per MAG. Notably, multiple systems
were also found in the most numerous families. For example, Staphylo-
coccaceae, Streptococcaceae, and Lactobacillaceae averaged 4, 4, and
3 systems per MAG, respectively.
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The most frequently detected antiviral system was the Restriction
Modification (RM) system, which appeared in 5,097 instances across the
dataset. RM systems were detected in all families and were especially
common in Lactobacillaceae (1202 of 3002 MAGs; 40.0%), Streptococca-
ceae (704 of 1,888; 37.3%), Staphylococcaceae (238 of 736; 32.3%), and
Micrococcaceae (197 of 510; 38.6%). Some families had particularly high
proportions of RM-positive MAGs, such as Bifidobacteriaceae (57%),
Actinomycetaceae (52%), and Mycobacteriaceae (37%). CRISPR-Cas sys-
tems were the secondmost commonly detected, with 1999 instances. These
were unevenly distributed. Higher frequencies were observed in Strepto-
coccaceae (488 of 1888; 26%), Lactobacillaceae (454 of 3002; 15%), Ther-
maceae (136 of 333; 41%), and Enterococcaceae (29 of 181; 16.0%). In
contrast, some families, such as Dermatophilaceae, Mycobacteriaceae, and
Pseudomonadaceae showed no detectable Cas systems. Other systems,
abortive infection systems such as AbiD (n = 573), AbiE (n = 296), and
AbiH (n = 254)were commonly detected (Fig. 4C).Additional systemswith
more limited distributions included Shango (n = 271), CBASS (n = 256),
Wadjet (n = 256), and BREX (n = 145), reflecting the diversity of antiviral
strategies in microbial populations found in fermented foods (Fig. 4C).

Functional capacity of the fermented food virome reveals high
proportion of unknown genes, minimal virulence and AMR, and
diverse anti-defense strategies
Although the functional potential of bacteria and eukaryotes in fermented
foods has been well studied18, much less is known about their associated
viruses. To explore this, we used Pharokka to assess the functional potential
of MAVs within the FVGC. Functional annotation analysis revealed

substantial variation in gene content across MAVs. To account for differ-
ences in genome size (range: 1–903 CDS per MAV; median: 37), we nor-
malized annotation counts by expressing them as percentages of total CDS
per genome.

Unknown function genes constituted the largest proportion (median:
62.5%, IQR: 51.3%–75.0%),

consistent with the novelty of fermented food viral lineages. Among
characterized functions,

Head & Packaging showed the highest relative abundance (median:
9.5%, IQR: 5.2%–14.7%), followed by Nucleotide Metabolism (median:
6.6%) and Tail Proteins (median: 6.1%) (Fig. 5A). Virulence and anti-
microbial resistance genes were very uncommon (Fig. 5A). Six contigs,
including seq67, seq2722, seq811, seq832, seq941, and seq434, carried high-
confidence virulence gene hits. Five of these encoded GtrB, a bactoprenol
glucosyl transferase involved in LPS modification, with ~87% identity to
Shigella flexneri (VFDB ID: VFG000670). One contig, seq434, carried a
Type VI secretion protein TssM (80% identity, VFDB ID: VFG048748).
Only one contig, seq2176, carried an antimicrobial resistance gene: FosD, a
fosfomycin resistance determinant originally described in Staphylococcus
aureus (90% identity, CARD ARO:3004674).

Given the widespread distribution of defense systems across microbial
families, we investigated whether viruses encode potential counter-defense
mechanisms. Specifically, we screened the MAV dataset for anti-defense
systems using AntiDefenseFinder. A total of 314 MAVs carried at least
onepredicted anti-defense element (Fig. 5B),while the remaining91%of the
FVGC dataset showed no detectable hits. Across these 314 MAVs, we
identified anti-defense elements spanning 11 distinct system types, with

Fig. 4 | Viral associations and antiviral defence system distributions across
microbial families in the cFMD. The panels are described as follows: A Bar chart
displaying the proportion of medium-quality or greater MAGs containing viral
sequences across eachmicrobial family (X axis). Viral detection status is indicated by
colour: Green bars represent MAGs with detected viral sequences, and orange bars
indicate MAGs without detected viral sequences. B Stacked bar plot showing the
proportion of MAGs (X axis) within each microbial family (Y axis), limited to

families with ≥10 representative MAGs. Bar segments indicate antiviral defense
system status: red represents MAGs with at least one detected antiviral defense
system, while blue represents MAGs with no detected antiviral defense systems.
C Proportion of antiviral defense systems detected across microbial families (X axis)
with ≥10 representative MAGs. Only the most numerous defense systems, repre-
senting the top 80th %, are shown.
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Fig. 5 | Functional capacity and anti-defence systemcomposition in dsDNA food-
associated phage. The panels are described as follows: A Violin plots show the
distribution of CDS counts (Y axis) across functional annotation (X axis). Each violin
is overlaid with a boxplot showing the median and interquartile range; counts are
shown on a log₁₀ scale to accommodate variation across categories. Transparent red
horizontal lines represent CDS counts for each MAV, providing a reference for
coding density. Functional categories are ordered bymedian annotation count to aid

interpretation. BHeatmap illustrating the presence (blue) or absence (light grey) of
anti-defence systems (X axis) across individual MAVs (Y-axis). An “Other” column
consolidates anti-defence systems not included in the ten primary types.CHeatmap
illustrating the proportion (of anti-defence systems (X axis) across viral types (Y
axis). On the right, a gradient sidebar shows the total number of unique anti-defence
systems perMAV, with darker shades indicating a higher count. An “Other” column
consolidates anti-defence systems not included in the ten primary types.
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individual MAVs encoding between 1 and 9 features (Median value of 1)
(Fig. 5B). The most prevalent were Anti-CRISPR proteins (n = 251), other
notable systems included Anti-Thoeris (n = 42), Anti-RM (n = 19), and
Anti-RecBCD(n = 8) (Fig. 5B). Less frequent systems includedAnti-CBASS
(n = 26), Anti-Dnd (n = 3), Anti-Pycsar (n = 3), Anti-TA (n = 13), Anti-
Retron (n = 1), and NADP-associated systems (n = 13) (Fig. 5B).

Importantly, the prevalence of anti-defense systems differed sig-
nificantly between virus types (Fisher’s exact test: p = 0.020). Free viruses
showed higher anti-defense system prevalence (9.6%) compared to pro-
viruses (6.6%), representing a 1.5-fold enrichment in free viruses (OR=
0.67, 95% CI [0.47–0.95]). However, among MAVs encoding anti-defense
systems, thenumber of systemsper genomewas similar between free viruses
andproviruses (median: 1 system for both groups;Wilcoxon test:p = 0.123).
The distribution of specific anti-defense system types showed no significant
enrichment in either group after multiple testing correction (Bonferroni-
adjusted p > 0.05 for all systems) (Fig. 5C). Anti-defense systems were dis-
tributed across MAVs infecting a broad range of bacterial families. The
majority were associated with Lactobacillaceae (n = 104) and Strepto-
coccaceae (n = 127), followed byEnterobacteriaceae (n = 18), Clostridiaceae
(n = 5), Burkholderiaceae_B (n = 5), Moraxellaceae (n = 6), and several
other families including Acetobacteraceae, Halomonadaceae, and Pseudo-
monadaceae (each with ≤3 associations).

Discussion
In this study, we investigated the genomic diversity of dsDNA viruses of
food microbial environments within the cFMD using two complementary
viral detection pipelines (Fig. 1). Although the metagenomes within the
cFMD were not specifically enriched for viral particles, we recovered a
substantial number of viral assemblies classified as complete, high-quality,
or medium-quality MAVs (n = 3445) spanning a broad spectrum of food
categories (Fig. 2A). Comparative analysis against the IMG/VR v4 at 95%
ANI revealed that ~15% of MAVs showed detectable matches. Further-
more, taxonomic classification revealed that the vast majority of MAVs
belonged to the class Caudoviricetes, dominated by putative novel viral
orders (Fig. 3B and S3). These results suggest that food environments may
harbour extensive and largely undocumented phage diversity, particularly
within the class Caudoviricetes.

The assembled MAVs have been integrated into the latest FVGC
release, enhancing our ability to assess viral diversity across metagenomic
datasets. The curated FVGC now serves as a resource for virome research
and studies of microbial ecology (Fig. 6). To illustrate its utility, we
demonstrated how the FVGC supported analyses of dsDNA-based virome
features across food substrates (Fig. 3) and virus–host interactions within
food-associated microbial ecosystems (Fig. 4).

Predicted bacterial hosts were primarily members of the phylum
Bacillota, especially the class Bacilli and the order Lactobacillales (Fig. S4),
consistent with the dominance of LAB in fermented food systems23. In
contrast, archaeal-infecting MAVs were extremely rare (0.7%, n = 25)
(Fig. S4), a pattern that likely reflects both genuine ecological scarcity and
limitations in current host-prediction databases. Archaea are typically
minor constituents of food microbiomes, usually <0.1% of community
composition based on our estimates, which are in line with previous
reported estimates based on 16S rRNA surveys24.

Database underrepresentation further constrains archaeal host pre-
diction. The iPHoP_db_Aug23 database (GTDB Release 202) includes
254,090bacterial genomesbut only 4,316 archaeal genomes25.Notably, 24 of
the 25 archaeal-host MAVs identified were only detectable because of the
supplementation of the default iPHoP Aug_2023_pub_rw database with
dereplicated MAGs recovered from the same food metagenomes. More
broadly, among allMAVswith confident host predictions, 1545were linked
to novel host MAGs from this study, representing putative novel bacterial
and archaeal species absent from existing references. These newly repre-
sented hosts spanned 68 genera, covering 2 archaeal phyla (24MAVs) and 4
bacterial phyla (1521MAVs).Within Archaea, 23MAVs were predicted to
infect unclassified Thermoproteota, and one targeted Halarchaeum

(Halobacteriota). These findings highlight that even modest improvements
in genome representation from understudied environments can sub-
stantially enhance viral host-prediction accuracy. A notable finding in our
analysis was the presence of MAVs predicted to infect several clinically
important ESKAPE pathogens. Four of the six ESKAPE groups appeared in
our catalogue, with predicted hosts including S. aureus (8 MAVs), K.
pneumoniae (105MAVs),Ac. baumannii (15MAVs), and P. aeruginosa (2
MAVs). These pathogens are well-recognized reservoirs and vectors of
AMR, and previous studies have shown that foodborne ESKAPE group
strains, particularly S. aureus, frequently harbor multiple AMR genes26.
Biofilm formation is also widespread across these bacteria, and the resulting
structured communities aremarkedlymore tolerant thanplanktonic cells to
antibiotics, disinfectants, and sanitizing agents27. This resilience has driven
interest in alternative andmore sustainable control strategies. Among these,
host-specific bacteriophages have emerged as particularly promising28

because they are inherently safe for humans29,30 and can be applied without
altering the sensory qualities of food products31,32.

In termsof safety, knownvirulence factors andantimicrobial resistance
genes were exceptionally rare but not entirely absent. We identified six
genomes with high-confidence virulence factors (predominantly gtrB
homologues involved in LPS modification) and a single MAV encoding
fosD. This low frequency aligns with studies showing that phage-genome-
encoded ARGs are generally uncommon and that apparent ARG signals in
viromes can reflect non-genomic associations (for example, packaged
bacterial DNA or outer-membrane vesicles), rather than stable phage
carriage33,34. Nevertheless, environmental viromes have been shown to
contain small numbers of novel, functional ARGs, so the large fraction of
uncharacterized genes acrossMAVs (Fig. 5A)meanswe cannot exclude the
presence of as-yet-unreported resistance determinants34. Similar propor-
tions of uncharacterised genes have been reported in marine, soil, human
gut, and engineered ecosystems, indicating that incomplete functional
annotation is a pervasive feature of viral metagenomes rather than a
peculiarity of food-associated systems35,36. Together, these lines of evidence
suggest that phage-mediated dissemination of currently knownAMRgenes
in these food environments is likely limited, though continued surveillance
and functional validation remain warranted.

To investigate viral prevalence across bacterial lineages, high- and
medium-quality MAGs were screened for viral associations. While viral
signatures were consistently detected, their prevalence varied across famil-
ies. Bacillaceae, Thermaceae, and Staphylococcaceae exhibited near-
universal viral associations, whereas families like Vibrionaceae and Der-
mabacteraceae showed much lower detection rates (Fig. 4A). The wide-
spreadpresence of antiviral defence systems (Fig. 4B,C). supports the ideaof
ongoing viral pressure in fermented food microbiomes37. In more than half
of the bacterial families examined, over 80% of MAGs encoded at least one
defence mechanism, suggesting that viral predation plays an important
evolutionary role. While incomplete MAGs may limit detection, the high
prevalence and variety of defence systemspoint to their biological relevance.
The number and types of systems per genome varied across lineages
(Fig. 4C), indicating different strategies for resisting phage infection and
supporting the pan-immunity model.

For example, Alteromonadaceae and Propionibacteriaceae exhibited
particularly high numbers of defence systems, consistent with more com-
plex or layered defence repertoires. Notably, both families also showed
relatively high levels of phage association as detected using VirSorter2
(Fig. 4A). The co-occurrence of frequent phage associations and elevated
defence systemcounts is compatible with increased phage exposure in these
lineages. However, defence system abundance alone is insufficient to infer
viral pressure, as it may also reflect differences in genome size, lineage-
specific evolutionary history, or horizontal gene transfer. Discriminating
among these possibilities will require additional data, such as quantitative
measurements of viral abundance, CRISPR spacer–protospacer matching,
or experimental infection assays.

Restriction-Modification (RM) systems were the most common and
widely distributed, found in over half of MAGs from families such as

https://doi.org/10.1038/s41522-026-00941-9 Article

npj Biofilms and Microbiomes |          (2026) 12:104 9

www.nature.com/npjbiofilms


Fig. 6 | Representative viral genome annotation and characteristics. This figure
shows a representative metagenome-assembled virus (MAV) from the FVGC,
including a Pharokka-generated circular genome plot with PHROG-annotated
coding sequences and an accompanying table summarisingMAVproperties (length,

GC content, CDS density, gene counts, CheckV quality, provirus status), predicted
host taxonomy (via iPHoP), and viral taxonomy (via vConTACT3 and Pharokka),
with full MAV figures available on OSF:https://osf.io/c7uwn/overview.
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Bifidobacteriaceae and Actinomycetaceae. CRISPR-Cas systems were also
frequently identified, particularly in Streptococcaceae, Thermaceae, and
Enterococcaceae. Other systems, includingAbi, CBASS, BREX and Shango,
furtherhighlight thediversity of antiviral defences present in thesemicrobial
communities. These patterns are consistent with large-scale genomic sur-
veys showing that RM and CRISPR–Cas constitute two of the most wide-
spread antiviral systems in bacteria, thatmany prokaryotic genomes encode
multiple, mechanistically distinct defence systems, and that defence reper-
toires vary considerably across lineages and environments38.

In contrast, anti-defence systems were much less common. Only 314
MAVs (MACs) were predicted to encode any such function, suggesting
limited but detectable viral adaptation to host immunity. Most hits were
Anti-CRISPR proteins (n = 251), which is consistent with the widespread
presence of CRISPR-Cas systems among bacterial hosts in fermented food
environments39. Other predicted systems, such as Anti-Thoeris, Anti-RM
and Anti-RecBCD, point to a broader range of virus-host interactions
(Fig. 5B, C). Despite extensive annotation efforts, the majority of viral
genomes remained functionally uncharacterised, underlining the current
limitations in reference databases and viral gene annotation (Fig. 5A). The
low prevalence and skewed distribution of anti-defence systems in food-
associated viromes represent a deviation from patterns observed in envir-
onmental phage populations. Tesson et al.38 reported that ~20% of diverse
phages encode anti-defence systems, with Anti-RM being the most abun-
dant category given thewidespread prevalence of RMsystems in bacteria. In
contrast, we observed <10% (314) of food-associatedMAVs encoding anti-
defence functions, with a paradoxical dominance of Anti-CRISPR (80%)
over Anti-RM systems despite RM being the primary bacterial defence in
our dataset (Fig. 4C). These deviations are likely ecologically meaningful
rather than methodological artifacts. Food fermentation environments
differ fundamentally from the diverse ecosystems (soil, marine, clinical, gut)
analyzed by Tesson et al.40 in several key aspects. First, food fermentations
harbor simplified, low-diversity microbial communities dominated by
specific bacterial lineages adapted to controlled conditions. Second, the
reduced environmental variability and selective pressure in fermentation
may favor stable phage-host relationships over antagonistic arms races41.
Third, many food-associated phages are temperate (Fig. 3A), requiring
long-term compatibility with host defences rather than active inhibition.
The scarcity of anti-RM systems, despite high RM prevalence, warrants
future investigation. Additional research could include exploring
viral–plasmid–host interactions at a systems level. Plasmids frequently
encode defence and counter-defence functions, including anti-CRISPR,
anti-restriction, andother anti-defenceproteins,whichare often enriched in
plasmid leading regions and facilitate conjugative transfer by evading host
immune systems42. Throughhorizontal gene transfer, recombinationwithin
shared hosts, and the existence of hybrid phage–plasmid elements, these
plasmid-associated defence and counter-defence genes can also contribute
to the broader mobile gene pool accessible to bacteriophages43.

Overall, this study reveals largely uncharacterized diversity of dsDNA
viruses in fermented foods, including numerous novel lineages and awealth
of poorly annotated genomic elements. The FVGC serves as a foundational
resource for advancing the study of viral ecology in food-associated
microbial communities. With high prevalence of unknown gene functions,
rare but notable occurrences of virulence and AMR genes, and diverse but
limited distribution of anti-defense systems targeting bacterial immunity,
our findings provide insights into the complex evolutionary dynamics
between phages and theirmicrobial hosts. By linking viral sequences to host
lineages and defense features, the FVGC enables future investigations into
virus–host interactions, horizontal gene transfer, and the functional roles of
dsDNA viruses in food fermentation ecosystems.

Methods
Metagenomic sample collection
The cFMD is a publicly accessible database, hosted on GitHub (https://
github.com/SegataLab/cFMD), providing curated metadata along with
taxonomic and functional profiles for thousands of fermented food-derived

metagenomes18. For this analysis, we utilized a total of 3684 metagenomes
across 88 datasets, including 78 publicly available datasets curated in the
cFMD v1.2.0 and an additional 10 from ongoing research, representing 777
newly sequenced metagenomes.

Metagenomics data processing, taxonomic profiling, and func-
tional analysis
All metagenomic data processing was performed on the Teagasc high-
performance computing cluster. Initially, paired-end reads were retrieved
from ENA (European Nucleotide Archive). All metagenomic datasets
underwent quality control using a validated pipeline (preprocessing).
Adapter trimming and per-base quality trimming were performed using
Trim Galore v0.6.6 (Trim Galore), which applies Cutadapt to remove
sequencing adapters and trims low-quality bases according to Phred scores.
Reads with an average quality score <20, length <75 bp, or containingmore
than two ambiguous bases (N > 2) were subsequently discarded. Human
(hg19) and phiX174 contaminants were removed bymapping reads against
their reference genomes using BowTie2 v2.2.9 with the --sensitive-local
parameter44,45. Reads passingQCwere then sorted into forward, reverse, and
unpaired files. Taxonomic profiling was conducted using MetaPhlAn 4
v4.0.646, with the MetaPhlAn 4 database v0.6. For functional profiling. The
bioinformatics tools used in this analysis were implemented via custom
scripts available at the GitHub repository: https://github.com/SegataLab/
MASTER-WP5-pipelines, which were adapted from the repository’s col-
lection. Full methodology details are described immediately below.

MAG recovery, taxonomy, and antiviral defense profiling
Metagenomic assembly was conducted using metaSPAdes v3.15.547, while
genome binning was performedwithMetaBAT2 v2.1548, both using default
settings. To assess the quality of the MAGs, we applied CheckM2 v0.1.349.
MAGs with less than 80% completeness and/or more than 5% con-
tamination were excluded from further analysis.

GTDB-Tk v2.4.050 was utilized to assign taxonomy to the recovered
MAGs and to identify potentially novel species. Defence systems were
predicted from MAGs using DefenseFinder v2.0.038.

Extraction and quality control of metagenome-assembled
viruses
To comprehensively characterise DNA-derived viral populations in food,
we employed two complementary pipelines to recover metagenome-
assembled viruses (MAVs): (i) a de novo assembly-based approach, and (ii)
a MAG-associated viral detection pipeline (Fig. 1). De novo viral assembly
was conducted using SPAdes v3.15.347, applying the metaviral parameter,
which is specifically optimized for viral genomes. Unlike microbial gen-
omes, viral assemblies are typically not binned due to several unique
computational and biological challenges51. Viral genomes are often short
and assembled into scaffolds that typically represent most or all of the
genome, reducing the need for binning51,52. The resulting assemblies were
classified using viralVerify v1.110 employing the Pfam37.0 database as the
reference for viral protein domain identification. Assembles classified as
“Viral” were retained from further analysis.

To complement the de novo assembly pipeline and improve detection
of integrated elements, we implemented a MAG-associated viral detection
pipeline. Specifically, we applied VirSorter2 to identify potential viral
sequences in MAGs and unbinned contigs. A cutoff score of 0.5 (default)
was selected to maximize sensitivity, and potential viral sequences shorter
than 1500 bp were excluded from further analysis. Both sets of viral
sequences- those from de novo assembly and MAG-associated pipelines
underwent further quality control. To reduce false positives from both
pipelines, we applied additional screening criteria (https://doi.org/10.17504/
protocols.io.bwm5pc86) usingCheckVviral andhost gene counts alongside
VirSorter2 scores. Specifically, contigs were retained if they contained at
least one viral gene identified by CheckV. If no viral genes were detected,
contigs were only kept if they had zero host genes or met conservative
thresholds (VirSorter2 score ≥0.95 or >2 hallmark genes).
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To ensure sequence integrity, CheckV v1.0.319 was used to evaluate
viral genome completeness, and prophage status, leveraging the checkv-db-
v1.5 database. Basedon this analysis, the resultingMAVswere classified into
quality tiers: complete (defined by the presence of direct terminal repeats
[DTR] and 100% completeness), high quality ( ≥ 90% complete), medium
quality (50–80% complete), and low quality (<50% complete)19. MAVs
falling into the low-quality category were excluded from the FVGC col-
lection. All tools were applied with default parameters unless otherwise
specified.

Taxonomic, lifestyle and functional annotation of MAVs
MAVs were subsequently annotated using a multi-tool approach. First,
Pharokka v1.7.353, a viral genome annotation tool specifically designed for
phage and prophage genomes, was employed to predict genes, functional
elements, and other key genomic features within the MAVs. Furthermore,
taxonomic classification was considered from the INPHARED search tool
embedded in Pharokka, vConTACT3 v3.0.354 with database version 230,
which is derived from NCBI Virus RefSeq release 230 and incorporates
Virus-Host DB data from GenBank release 257 (Zenodo DOI: 10.5281/
zenodo.10035619). This database provides a comprehensive taxonomic
context through established reference viral genomes against which our
MAVs were compared for novelty assessment. Host taxonomy was deter-
minedusing iPHoPv1.3.325. Phage lifestyles (temperate, virulent or chronic)
were inferred using ProkBERT-based PhaStyle v0.1, employing the
PhaStyle-mini model (neuralbioinfo/PhaStyle-mini) for sequence-level
classification21. Phage anti-defence systems were identified using Defense-
Finder v2.0.0, run using the -A parameter38.

Clustering-based approach for viral classification and grouping
To clusterMAVs at species-level resolution, we implemented a rapid ANI-
based clustering workflow, following the pairwise ANI clustering strategy
outlined in the CheckV19 toolkit (https://bitbucket.org/berkeleylab/checkv/
src/master/). Briefly, MAV nucleotide sequences were first compiled and
formatted into aBLAST+database usingmakeblastdb (BLASTv2.14.1).An
all-vs-all similarity search was then conducted using blastn with the
megablast algorithm, allowing up to 10,000 target hits per query. Pairwise
ANI was subsequently calculated by combining local alignments between
each sequence pair, using the anicalc.py script from the same workflow.
Finally, genomes were clustered into species-level groups using aniclust.py,
whichappliesCD-HIT-like single-linkage clusteringbasedonbothANIand
alignment coverage. Clusters were defined using thresholds recommended
by MIUViG standards: 95% ANI and at least 85% alignment fraction (AF)
across the target genome55.

A total of 3445 phage MAVs were compared against the IMG/VR
database (version 4).MAVswere aligned to all high-confidence isolates and
Uncultivated Virus Genomes (UViGs). To identify viral genomes origi-
nating from food-associated environments, IMG/VR ecological metadata
were manually queried using the GOLD-based “Ecological classification”
fields56. Searches were filtered using keywords such as food, ferment, dairy,
cheese, and related terms, resulting in the identification of 7157 high-
confidence isolates and UViGs associated with food environments.

Sequence similarity searches were conducted using vsearch
(usearch_global)57 with global pairwise alignment. Matches were retained
when exhibiting≥95% sequence identity, and for eachquery contig, the top-
scoring hit was extracted along with its associated IMG/VR ecological
metadata. The “top environment” category was derived from the hier-
archical IMG/VR–GOLD ecosystem classifications (e.g., Engineered →

Food production → Dairy products). Counts of contig-to-environment
assignmentswere summarized, and the distribution ofmatches across food-
associated categories. All tools outlined above were applied using default
parameters unless otherwise specified.

Quantification and statistical analysis
All statistical analysis was performed in R v4.4.258 implemented through R
studio. To compareMAV recovery across diverse foodmetagenomes while

controlling for differences in sequencingdepth,we quantified thenumber of
MAVs per sample and normalized these counts by total reads. Depth-
normalized MAV recovery was calculated as (1),

Depth� normalizedMAVrecovery ¼ Number of MAV spersample
Total sequencing reads per sample

× 106

These values represent the rate ofMAVrecoveryperunit of sequencing
effort and are not equivalent to absolute viral abundance. Fractional values
occur when MAV counts are low relative to sequencing depth.

To evaluate whether a given feature (e.g., viral lifestyle, taxonomic
group, or other categorical trait) varied systematically across food categories,
we applied Fisher’s exact test59 to contingency tables of feature levels by food
category. For tables with larger sample sizes, p values were estimated via
Monte Carlo simulation with 100,000 replicates to reduce computational
burden.

Food categories with fewer than 10 observations were excluded from
statistical testing to ensure adequate power, though all categories were
retained in descriptive visualizations. Effect size was quantified using
Cramér’s V: (2),

V ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

χ2

n× ðminðr; cÞ � 1Þ

s

where χ2 is the chi-squared statistic,n is the total sample size, and r and c are
the numbers of rows and columns in the contingency table. Cramér’s
V values were interpreted as negligible (<0.1), small (0.1–0.3), medium
(0.3–0.5), or large (>0.5).

For binary features, we conducted pairwise Fisher’s exact tests between
all category pairs, with p-values adjusted using the Bonferroni correction to
control the family-wise error rate at α = 0.05. For each category, we also
calculated the proportion of samples with the target feature, with 95%
confidence intervals estimated using the Wilson score method to provide
more accurate coverage for proportions near 0 or 160.

Data visualization and analysis
Data visualization was performed in R v4.4.258. Visualization techniques
included ordination plots, correlation scatter plots, bar charts, Sankey, and
Venn diagrams, which were generated using ggplot2 v3.3.661. Heatmaps
were also created using ggplot2, while phylogenetic trees were visualized
with ggtree v3.2.16862. The experimental design figure was produced using
BioRender63 (Fig. 1).

Data availability
Details on accessing the metagenomic data utilized in this study can be
found on the cFMDGitHubpage: https://github.com/SegataLab/cFMD.All
medium-quality and higher MAV assemblies produced here have been
deposited in the Open Science Framework (OSF): https://osf.io/c7uwn/
overviews. Bioinformatic open-source tools and parameters used in this
present study are defined in the “Methods” section, and scripts can be found
in the following GitHub repository: https://github.com/LiamHWalsh/
Food-DNA-Viral-Genome-Collection-FVGC. More details regarding the
code to reproduce the analyses are available upon request.
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