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Food, especially plant-based diet, has complex chemical diversity. However,
large-scale phytonutrient-metabolizing activities of gut bacteria are

largely unknown. Here we integrated and systematically analysed multiple
databases containing information on enzymatic reactions and food health
benefits, and 3,068 global public human microbiomes. Transformation of
775 phytonutrients from edible plants was associated with enzymes encoded

by diverse gut microbes. In vitro assays validated the biotransformation
activity of gut species, for example, Eubacterium ramulus. The
biotransformation of phytonutrients demonstrated high interpersonal and
geographical variability. Machine learning models based on 2,486 public
case—control microbiomes, using the abundances of enzymes associated
with modification of phytonutrients presentin health-associated foods,
discriminated the health status of individuals in multiple disease contexts,
suggesting altered biotransformation potential in disease. We validated the
association of microbiome-encoded enzymes with the anti-inflammatory
activity of common edible plants by combining metagenomics and
metatranscriptomics analysis in specific-pathogen-free and germ-free mice.
These findings have implications for designing precise, personalized diets
toguide anindividual towards a healthy state.

Definitions of nutritious diets continuously evolve along with under-
standing of how foods, essential nutrients and other dietary com-
ponents influence health and disease'. Adopting dietary patterns
emphasizing plant-based foods, including fruits, vegetables, whole
grains, legumes, seeds and nuts, rather than a conventional Western
diet?, can enhance health®* and environmental sustainability®. How-
ever, the appealing concept of universally applicable dietary strat-
egies to prevent or treat disease is undercut by the heterogeneous
responses to identical foods®®. One primary source of variability is
the gut microbiome’, as its composition contributes to responses to
foods (forexample, glycaemicindex’) and its metabolic output altered

by diets impacts physiological homeostasis and metabolic disease
progression'®?, emphasizing the need to consider microbiome in
personalized dietary recommendations.

Previous dietary research was predominantly based on 150 macro-
nutrients, such as fat, protein and carbohydrate', and on correlat-
ing overall dietary patterns, including red meat, fish and vegetable
consumption, with health outcomes™ rather than from a biochemical
standpoint. Yet human food has vast chemical diversity, compris-
ing >26,000 mainly plant-derived distinct small molecules®, many
bioactive and, additionally, subject to biotransformation by the gut
microbiota’s enormous enzymatic repository®.

A full list of affiliations appears at the end of the paper.
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Compared with research on gut microbial metabolism of
drugs™', research on the biotransformation of plant-derived food
compounds (hereafter termed phytonutrients) by gut microbiota
and its relationship to human health is only just emerging". Phyto-
nutrients associated with certain bacterial classes have been
identified', yet most studies have focused on specific compounds
or sets of microbes, but not on a large scale. Understanding the
immense ‘black box’ of biotransformation reactions and building
a scientific basis for developing a new generation of foods and
pre-, pro- and post-biotics targeted to individuals to thwart disease
remain future goals.

We systematically investigated this black box, linking 775 phyto-
nutrients to microbial enzymes associated with diverse microbes
from a global dataset of 3,068 human gut microbiomes. Our findings
suggest that ~70% of gut microbial enzymes are potentially involved
in phytonutrient biotransformation. We showed in mice that the
benefits of a healthy diet largely depend on the presence and tran-
scriptional activity of certain microbial enzymes. Furthermore, the
ability of gut bacteria to biotransform a healthy diet differs between
health and disease, suggesting that once a dysbiotic microbiota is
established, broad ‘one-size-fits-most’ dietary recommendations may
have limited value.

Results

Gut microbial enzymes are genomically linked to hundreds of
phytonutrients

To assess microbial enzymatic potential for metabolizing plant-derived
phytonutrients, we systematically mapped dietary compounds to
the gut microbiome. We retrieved 7,825 low-molecular-weight
phytonutrients associated with edible plants (from NutriChem 2.0)
and attempted to link them to enzymatic reactions, successfully link-
ing >1,500 compounds to enzymes with unique Enzyme Commis-
sion (EC) numbers. Filtering out compounds incorrectly designated
as natural plant compounds left 1,388 phytonutrients linked to
4,678 enzymes (Fig. 1a).

Next, we identified phytonutrients associated with gut microbial
enzymes, using a shotgun metagenomics cohort comprising 3,068
non-diseased human gut microbiomes from Europe (N =1,379), Asia
(N=476), Africa (N =326), Oceania (N=103) and America (N=784)
(Supplementary Table 1). Taxonomic and functional profiling using
MetaPhlAn3 and the stratified output of HUMANN3 resulted in the
annotation of 959 species and 2,855 enzymes. Accumulation curves
indicated that plateaus were reached for every geographical region
in both species and enzymes (Fig. 1a and Extended Data Fig. 1a).
After linking the annotated gut microbiome enzymes with the 1,388
phytonutrients, ~-67% of all enzymes annotated (V=1,908) appeared
to be involved in the potential biotransformation of 775 phyto-
nutrients and 1,118 edible plants; ~64% (N =1,226) were found only in
gut microbial species but not in the human genome, according
to the KEGG Enzyme database. To evaluate the robustness of the
functional annotations, we compared the associated phytonutrients
using HUMANN3 and metagenome-assembled genomes (MAGs) in

200 randomly selected samples. The two methods showed high
consistency, with 656 common phytonutrients (82.21% of MAGs and
91.49% of HUMANNS3 results; Supplementary Table 2). In addition,
benchmarking against the ChocoPhlAn3 database showed that for
most species, >90% of ECs in the reference pangenome of one species
were also detected by our HUMANN3 pipeline (Extended DataFig. 1b).

Gut microbe-linked phytonutrients with known classification
were preponderantly terpenoids, flavonoids and alkaloids, and the
enzymes were mostly oxidoreductases, transferases and hydrolases
(Fig. 1b,c). Taxonomic annotation of the enzymes suggests that all
phyla are capable of phytonutrient biotransformation (Fig. 1d), with
Proteobacteria (72.5%) and Bacteroidetes (71.2%) most commonly
identified, followed by Firmicutes (58.4%) and Actinobacteria (48.3%),
based on the species percentage per phylum (=15 species and 200
phytonutrients). Abundance and prevalence of gut bacterial species
correlated positively with their genomic capability to biotransform
phytonutrients (Fig. 1d).

Among the 1,118 edible plants, we zeroed in on 21 common
foods considered healthy dietary choices', finding that more than
half of their identified phytonutrients were linked to gut micro-
bial enzymes (Fig. 1e). Some microbiome-associated biotransfor-
mations we identified were previously linked to health, including
glycosylation of phloretin? by EC 2.4.1.4 and conversion of phloretin
to 3-(4-hydroxyphenyl)propanoic acid” by chalcone isomerase
(EC 5.5.1.6) (Supplementary Table 2). Overall, our analysis demon-
strated vast phytonutrient-biotransformation potential among
gut microbiota.

Sparse gut bacteria linked to high biotransformation potential
We next asked whether such biotransformation reactions are also
performed by well-characterized, commercially available probiotics
and whether they occur in vitro. Upon annotating the genomes of 59
probiotics (Supplementary Table 4), we found that enzymes in these
strains can potentially biotransform 525 of the 775 phytonutrients
linked to gut microbial enzymes (Extended Data Fig. 1c). Moreover,
among the 186 phytonutrients in secondary-metabolism-related
pathways (according to KEGG), 116 were modified by both probiotic
and gut microbial enzymes, while 70 were uniquely associated with
gut microbial enzymes (Fig. 2a; mean number of modifying species
of158 and 8, respectively, based on a 5% prevalence filter).

Given the increasing interest in the health benefits of fermented
foods and postbiotics?, we attempted to select a minimal number
of gut bacterial species with maximal potential to enzymatically
modify those 186 phytonutrients. Looking first at the phytonutrients
modified by both gut bacteria and probiotic species, a selection of 8
gut bacterial species or 4 probiotic strains sufficed to process most
(>95%) phytonutrients (Fig. 2b, left). For the 70 phytonutrients enzy-
matically altered only by gut bacteria, we identified a selection of 11
bacteria (that is, minimum species) that could potentially modify
43 phytonutrients (the remainder were either modified by unanno-
tated species or did not pass the filtration criteria) (Fig. 2b, right).
We further compared phytonutrients potentially metabolized by

Fig.1|Linking the small molecules in edible plants with the gut microbiome
enzymatic reservoir. a, Graphical representation of the study design,
methodology and databases used for linking the gut microbiota with
phytonutrients. Metadata associated with the 3,068 shotgun metagenomic
samples are shown (BMI, age, sex, sequencing depth (that is,reads number)).
Created with BioRender.com. b, Barplot showing the chemical classes of
phytonutrients. ‘Total’ refers to all phytonutrients present in NutriChem 2.0
linked with enzymes, and ‘microbiome-associated’ refers only to phytonutrients
associated with gut bacterial enzymes. ¢, Barplot showing the enzyme classes.
‘“Total’indicates all phytonutrient-associated enzymes, and ‘microbiome-
associated’ indicates phytonutrient-associated microbial enzymes. d, Left:
phylogenetic tree of bacterial species with enzymatic potential to modify

phytonutrients. Tracks correspond to (frominside to outside) species and
associated phylum, signature species in each geographical region, relative
abundance and prevalence of each species, and the number of phytonutrients
potentially modifiable by each species. Right: scatterplots depicting the two-
sided Spearman’s correlation of species abundance (left) and species prevalence
(right) with the number of phytonutrients. White line and grey area show the
linear regression line and 95% confidence interval. e, Barplot displaying the
proportion of phytonutrients in 21 healthy edible plants biotransformed by gut
bacterial enzymes. The proportionis calculated as the ratio of phytonutrients
linked to gut bacterial enzymes to the total number of phytonutrients with a
known enzymatic assignment. Size of bubbles corresponds to total number of
phytonutrients for each edible plant.
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these 11 species based on HUMANN3 and RefSeq genomes. Over
90% overlapped, supporting the robustness of our annotation
procedure (Supplementary Table 2). To complement our analysis
of secondary-metabolism-related phytonutrients, we also grouped
phytonutrientsintonon-primary-metabolism-related phytonutrients,
defined as those that are not part of KEGG primary-metabolism-related
pathways. A parallel analysis of non-primary-metabolism-related phy-
tonutrients revealed substantial overlap (8 of the 11 minimum spe-
cies), reinforcing their high biotransformation potential (Extended
DataFig.1d).

Further comparison of the functional groups highlighted struc-
turalfeatures enriched inthe shared versus gut-restricted phytonutri-
ents (Fig. 2a and Supplementary Table 5). Phytonutrients containing
carboxylicacid and carbonyl groups, such as trans-cinnamicacid and
naringenin, are particularly enriched in this shared chemical space
(Fisher exact test, false discovery rate (FDR) < 0.05). In contrast,
gut-restricted phytonutrients, including tricetin (metabolized by
Bifidobacterium animalis, Streptococcus salivarius and so on) and fustin
(metabolized by Firmicutes species), are enriched in those containing
benzene rings and bicyclic groups.

We then investigated the capability of gut species to metabolize
phytonutrientsinvitro, testing representative strains fromssix gut spe-
cies (Supplementary Table 6) with high biotransformation potential
of secondary-metabolism-related phytonutrients compared with
probiotics (Fig. 2b). We incubated these species with 36 phytonutri-
ents (secondary-metabolism-related: 30) that they were predicted to
metabolize, covering all enzyme classes mainly associated with the
microbiome (EC1-EC5). E. ramulus, O. splanchnicus and B. uniformis
incubation decreased phytonutrient levels, indicating potential bio-
transformation by the bacteria (Fig. 2c, one-tailed ¢-test FDR < 0.05;
Supplementary Table 7 and Data1and 2). Notably, £. ramulus showed
the strongest biotransformation activity, significantly metaboliz-
ing 11 of the 12 substrates. The marked predominance of flavonoids
expands the known flavonoid-metabolizing repertoire of E. ramulus®
and suggests that its biotransformation activity may extend to other
structurally related phytonutrients.

A more detailed investigation of two flavonoids, butein and
isoliquiritigenin, previously reported to undergo spontaneous
cyclization”, revealed a putative enzyme, EC 5.5.1.6, encoded in the
E. ramulus genome that could catalyse their biotransformation
(Fig. 2d). This inference is evidenced by accelerated biotransforma-
tion in a dose-dependent manner when live E. ramulus were present,
compared with non-enzymatic conditions (Fig. 2e and Extended Data
Fig. 2). Consistent with previous research?’, the downstream
products of these reactions were detected only in the presence of
live E. ramulus. Using butin as substrate determined that the enzyme
reaction directionality favoured chalcone-to-flavanone cyclization
(Extended Data Fig. 2b). Overall, our analysis revealed shared capa-
city between gut bacteria and probiotics and highlighted specific
gutbacteria with unique biotransformation potential.

Phytonutrient biotransformation shows inter-individual
variability and geographical specificity

We next focused on whole microbiomes and their interactions with the
phytonutrient space. On average, 70% of enzymes annotated inanindi-
vidual microbiome and 90% of those in secondary-metabolism-related
pathways were associated with phytonutrient biotransformation
(Fig.3a,b).

Microbiome alpha diversity was negatively correlated with the
ratio of enzymes that were phytonutrient associated, suggesting
that phytonutrient biotransformation is a common property of gut
microbiota (Fig. 3a and Extended Data Fig. 3a). However, this corre-
lation was positive for enzymes involved in secondary metabolism,
suggesting that gut microbes have varying abilities to biotrans-
form secondary-metabolism-related phytonutrients (Fig. 3b and
Extended Data Fig. 3b).

We observed considerable inter-individual variability in
phytonutrient biotransformation: the number of phytonutrients
biotransformed ranged from 264 to 620 (IQR 32-52) among five geo-
graphical regions (Fig. 3c). Phytonutrient-associated microbiome
uniqueness, adopted from a method indicating distinctness**, was
significantly higher among samples from different individuals than
those from the same individual (Wilcoxon rank-sum test, P < 0.05;
Extended Data Fig. 3c).

Interestingly, when we aggregated individuals by continent, their
total enzymatic machinery associated with the phytonutrient and food
biotransformation space was highly similar across regions (Fig. 3c and
Extended Data Fig. 3d). In total, 630 phytonutrients were commonly
associated with gut microbial enzymes from all five regions, and only
afew (for example, 10 for Asia, 2 for Oceania) showed high geographi-
cal specificity (Fig. 3c). For example, the flavonoid taxifolin—found
in foods such as lychees (common in southern China) and Cudrania
tricuspidata (a traditional medicine in East Asia)—and the associated
enzyme EC1.1.1.219 were annotated uniquely inindividuals from Asia.
The profiles of phytonutrient-associated enzymes (using presence/
absence patterns or relative abundances) differed significantly
(PERMANOVA, P < 0.05) across continents regardless of adjustment
by age, sex and body mass index (BMI) (Fig. 3d and Extended Data
Figs.3e,f), reflecting considerable inter-region dietary variation. Speci-
fically, Africa and Asia differed significantly from the other regions
(Wilcoxon rank-sumtest, P< 0.05). The enzymatic variation was signifi-
cantly associated with specific chemical classes, including flavonoids
and fatty-acid-related compounds (envfit, adjusted P < 0.05).

Distance-based redundancy analysis also showed associations
of age, sex and BMI with phytonutrient-associated enzymatic pro-
files (Extended Data Fig. 3g). The phytonutrient-associated micro-
biome uniqueness and the ratio of phytonutrient-associated enzymes
showed positive and negative correlations with age, respectively
(Extended Data Fig. 3h,i), consistent with the increased composi-
tional uniqueness during ageing®*. Furthermore, 511 enzymes were
significantly correlated with BMI (Spearman’s correlation, FDR < 0.05),

Fig. 2| Comparison of the biotransformation potential of phytonutrients

by the gut microbiota and probiotics. a, Pie chart showing the numbers of
secondary-metabolism-related phytonutrients modifiable either exclusively

by gut microbes (designated ‘gut-restricted’) or by gut microbes and probiotics
(designated ‘shared’). The heat map at left depicts the enzymatic potential of
gut microbial species to modify secondary-metabolism-related phytonutrients
(green/light grey indicate presence/absence, respectively, of enzymatic
potential). Selected species associated with ‘gut-restricted’ phytonutrients are
shown. Examples of phytonutrients categorized into ‘shared’ and ‘gut-restricted’
space are shown, with the enriched functional groups highlighted inred. b, Left:
stacked bar plots showing the minimum lists of gut bacteria and probiotic species
needed to biotransform the vast majority of ‘shared’ phytonutrients, along with
the cumulative number of biotransformed phytonutrients due to the inclusion
of each species. Right: phytonutrient accumulation curve with combined

biotransformation potential covering 43 ‘gut-restricted’ phytonutrients. ¢, Heat
map showing the metabolism status of phytonutrient substrates across different
conditions. Parentheses indicate the addition of reaction co-factors. The colour
key depicts differencesin the levels of phytonutrients between conditions with
and without bacteria. The asterisks indicate both significant difference and
bacterial metabolism (defined as the difference between O h and average levels
at 6 and 24 h) >25%. Significant difference was determined by one-tailed ¢-test
using pooled dataat 6 and 24 h (FDR < 0.05).d, Chemical reactions involving
the targeted phytonutrients. e, Biotransformation kinetics of the phytonutrient
substrates butein and isoliquiritigenin and their products (for butein, butin and
butin-FcrP; for isoliquiritigenin, liquiritigenin and davidigenin), as catalysed by
E. ramulus. Two initial substrate concentrations (20 pM or 200 pM) were tested
inthe presence of E. ramulus, heat-killed (HK) E. ramulus, E. coli K-12, or bacteria-
free medium control. Datashown are mean *s.d of 3independent replicates.
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sequencing depth) between species’ Shannon diversity and the enzyme ratio
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with gut microbial enzymes from the 3,068 metagenomic samples; mean +s.d.
Right: upSet plot showing the total number of phytonutrients that can potentially
be biotransformed by the gut microbiota of each continent (based on enzyme
presence/absence and 1% prevalence cut-off per region) and their intersections.
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index was unavailable. Arrows, phytonutrient classes significantly associated
with enzymatic profile variation. e, Procrustes analysis between phytonutrient
intake variation (Jaccard’s distance) and associated gut bacterial enzymatic
variation (robust Aitchison’s distance) using 32 participants fromref. 7. One-tailed
Procrustean randomization test was used with 999 Monte Carlo permutations.
f.g, Microbial source-tracking-based similarity analysis of dietary records (f) and
phytonutrient-associated enzymatic profiles (g), comparing American-born
participants (n =15) against Thai participants living in Thailand (Thailand, n =15),
who recently moved to the USA (NA, n =11) or who have lived in the USA for

>20 years (LTR, n=14)".Ford, fand g, statistical significance was determined using
PERMANOVA or two-sided Wilcoxon rank-sum test (**P < 0.01, ***P < 0.0001).
Boxplots show the median (centre lines), first and third quartiles (box limits) and
1.5x interquartile range bounds (whiskers). OC, Oceania; AF, Africa; AM, America;
EU, Europe; AS, Asia; LMWMs, low-molecular-weight molecules.

particularly lyases, oxidoreductases and ligases (among classes with
>10 enzymes) (Supplementary Table 8). We also observed a loss
of phytonutrient-associated enzymes as BMI increased (partial
Spearman’s correlation, R = —0.14, P < 0.05; Extended Data Fig. 3j).
The geographic differences in the beta-diversity comparisons
(Fig. 3d) could have different causes, including genetic and dietary

factors. To explore how diet shapes these patterns, we used existing
data from a study with consecutive dietary information’ and paired
shotgun metagenomic data. Procrustes analysis between the edible
plant dietary records and the abundances of enzymes associated
with the 1,665 phytonutrients of those edible plants showed signifi-
cant agreement (Monte Carlo permutation test, P=0.001; Fig. 3e),
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suggesting thatedible plantintakeis associated with the microbiome’s
phytonutrient biotransformation potential. We then performed a
similarity analysis, using a source-tracking algorithm?, of an existing
dataset from US-born individuals living in the USA along with Thai
individuals wholived in Thailand and had recently moved to the USA or
had lived in the USA for =20 years'. Despite relatively modest adapta-
tion in dietary habits, the edible-plant-associated enzyme composi-
tion of Thai participants became significantly more similar to that
of US-born participants over time (Wilcoxon rank-sum test, P < 0.05;
Fig. 3f,g and Extended Data Fig. 3k). Thus, even though certain core
enzymes of phytonutrient metabolism are geographically conserved,
both inter-individual and regional variability in phytonutrient bio-
transformation by gut bacterial enzymes exist, associated partly with
dietary habits.

Potential to metabolize healthy foods is altered in disease
Because health status is a critical determinant of gut microbiome
balance?, we hypothesized that healthy and diseased individuals may
have different capacities to biotransform the phytonutrient space
of edible plants, including those with demonstrated health benefits.
Totest this, we analysed public gut metagenomics datasets from case—
control cohortsforinflammatory bowel disease (IBD), colorectal cancer
(CRC) and non-alcoholic fatty liver disease (NAFLD). We linked gut
bacterial enzymes to their respective beneficial phytonutrient spaces,
identifying 608, 1,038 and 517 phytonutrient-associated enzymes
for IBD, CRC and NAFLD, respectively.

Among these enzymes, 59.7% (n=363),49.9% (n = 518) and 22.2%
(n=115) showed significant differential abundances in IBD, CRC
and NAFLD, respectively, compared with the corresponding con-
trols (metagenomeSeq zero-inflated Gaussian model, FDR < 0.05,
Supplementary Table 9). Then, we looked further into the altered bio-
transformation potential of gut microbiota for each beneficial food. On
average, 63.0%, 33.6% and 25.3% of phytonutrient-associated ECs had
significantly altered abundance in IBD, CRC and NAFLD, respectively
(Extended Data Fig. 4a). Interestingly, great variation was observed
among the three diseases and among different beneficial foods for
the same disease, with some foods having over 50% significantly
altered enzymes.

We then sought to pinpoint a combination of key phytonutrient-
associated enzymes (species-stratified) that could be used to discrimi-
nate between healthy and diseased individuals using machine learning
(ML). Our random-forest modelsincluded 18 phytonutrient-associated
enzymes in IBD (area under the receiver operating characteris-
tic curve (auROC) = 0.892), 28 for CRC (auROC = 0.763) and 22 for
NAFLD (auROC = 0.95) (Extended Data Fig. 5a-c). We validated the
models in external cohorts, achieving high accuracy across all three
diseases (auROC =0.72-0.79; Fig.4a-c).In contrast, when we used the
species-stratified output for non-dietary ECs (that is, not associated
with phytonutrients), the model validation auROCs decreased (IBD,
0.779; CRC, 0.698; NAFLD, 0.584; Extended Data Fig. 4b).

To extract biological insights from the ML models, we used the
SHapley Additive exPlanations (SHAP) method” to compute the
importance and prediction direction for each feature. In the IBD
model, for example, we identified EC 4.1.99.1 of Alistipes finegoldii,
which catalyses the conversion of tryptophan to indole and was pre-
dictive of healthy status (more abundant in controls) (Fig. 4a and
Extended Data Fig. 5a). Tryptophan, abundant in edible plants such
as garlic, reportedly benefit IBD patients only after being biotrans-
formed by gut microbiota®. Notably, in the paired metabolomics-
metagenomics datasets fromthe IBD cohortused for ML, we observeda
significant negative correlation between the abundances of EC 4.1.99.1
and tryptophan (P<0.05, r=-0.23, Spearman’s correlation; Fig. 4a),
further supporting our hypothesis that the gut microbiome plays a
crucial role in modifying phytonutrients to enable their beneficial
properties for the host. Similarly, we identified associations of the

levels of EC1.4.3.5from Porphyromonas asaccharolytica and tyrosine”
in CRC (Fig. 4b and Extended Data Fig. 5b), and the levels of EC
1.2.99.7 from Blautia wexlerae and trans-cinnamic acid*’ in NAFLD
(Fig. 4c and Extended Data Fig. 5¢). Thus, the altered capacity of
individuals with these conditions to biotransform healthy diets may
compromise their diets’ beneficial effects, possibly in a food- and
disease-dependent manner.

Effect of anti-inflammatory diet is associated with specific
bacterial enzymes

Totestin vivo whether gut microbial enzymes involved in phytonutri-
ent biotransformation are essential for triggering the protective role
of healthy diets, we investigated the effects of an anti-inflammatory
food, strawberry?®, in a mouse model of colitis under both specific-
pathogen-free (SPF) and germ-free (GF) conditions (Fig. 5a). Indeed,
17-day supplementation of a normal diet with strawberries improved
the overall health of dextran sodium sulfate (DSS) SPF mice, with
significantly decreased body weight loss (day 14, two-tailed ¢-test,
P=0.019) and disease activity index (DAI) score (linear mixed model,
P=0.0042), along withattenuation of histological damage (two-tailed
t-test, P=0.037) (Fig. 5b,c and Extended Data Fig. 6a,b).

Next, to assess whether this protective role depends on the gut
microbiome, we studied the effects of a strawberry-supplemented
dietin GF mice. Although the diet did not affect body weight, it delayed
the occurrence of rectal bleeding and slightly improved stool consist-
ency (Extended Data Fig. 6c), reflected in a reduced DAl score (linear
mixed model, P=1.5x107*) (Fig. 5d). Interestingly, detailed histo-
pathological analysis nonetheless found no differences between DSS
GF mice on normal and strawberry-supplemented diets (Fig. 5e and
Extended Data Fig. 6d), implying that strawberry supplementation
only partially ameliorated pathological damage. Overall, our findings
suggest that the protective role of strawberries in colitis progression
is partly mediated by the gut microbiota.

To investigate the complex interactions between anti-
inflammatory diets and gut microbiome, we performed stool shot-
gun metagenomics and metatranscriptomics analysis after 6 days
of strawberry supplementation (but before DSS administration) and
on the last day of DSS treatment in the different SPF mouse groups.
Robust Aitchison distance analysis at day 6 revealed that strawberry
supplementation changed the strawberry-associated enzymes profile
between the DSS+strawberry and DSS+vehicle groups, at both DNA
(PERMANOVA, P=0.001) and RNA (PERMANOVA, P=0.021) levels
(Fig. 5f). Beta-diversity analysis comparing day 6 with day 18 in the
DSS+strawberry group suggested that colitis significantly alters the
profiles of strawberry-associated microbial enzymes (Fig. 5g,
PERMANOVA; DNA level, P=0.002, RNA level, P=0.002) and straw-
berry metabolism at the phytonutrient level.

Wetheninvestigated specific gut microbiome-associated enzy-
matic activities potentially involved in alleviating colitis in the SPF
group: 27 and 44 strawberry-associated microbial enzymes identi-
fied at the DNA and RNA levels, respectively, showed significantly
higher median abundance in the DSS+strawberry group and also
correlated with at least one of the two indicator scores for colitis (DAI
and histological scores) (Fig. 5h, Spearman’s correlation, P < 0.05).
At the DNA level, for instance, the enzyme 4.1.1.11 was negatively
correlated with both scores (Fig. 5h). EC 4.1.1.11 is involved in the
biotransformation of aspartate to beta-alanine, ametabolite reported
to decrease inflammatory responses®, and the conversion of tryp-
tophan to tryptamine, which can reduce colitis severity in mice®. At
the RNAlevel, EC 6.3.1.1—involved in converting aspartate to aspara-
gine, which helps maintain intestinal health®*—was negatively cor-
related with histological score (Fig. 5h). These colitis-associated
enzymes included 4.1.99.2 and 6.4.1.3 that discriminated between
healthand diseasein the IBD ML model (Extended DataFig. 5). Over-
all, our findings suggest that the full spectrum of anti-inflammatory
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Fig. 4 | Discrimination between healthy and diseased individuals based

on the biotransformation of the phytonutrient space of healthy foods

by gut bacterial enzymes. ROC curves and confusion matrices of machine
learning models discriminating between health and disease states using the
stratified abundances of enzymes associated with phytonutrients presentin
disease-associated edible plants (healthy foods). a-c, Diseases analysed were
inflammatory bowel disease (IBD; a), colorectal cancer (CRC; b) and non-
alcoholic fatty liver disease (NAFLD; c). Examples of SHAP dependence plots
illustrate the effect of feature abundance on model prediction, with dark colours
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benefits from strawberries depends onthe abundance and expression
of specific gut microbial enzymes.

Discussion

Previous studies have investigated how microbial metabolism of
phytochemicals shapes gut microbiome composition® or how par-
ticular transformations play beneficial or pathological roles in host
health***, Extending these insights, we integrated multiple bioinfor-
matics databases to systematically analyse the extensive interactions
between plant diet and gut bacteria, focusing on microbial enzymes and
main taxonomic drivers, revealing mechanistic links between human
nutrition at the small-molecule level and microbiome. Integrating
>3,000 global microbiomes and >1,300 phytonutrients, we made

several observations: (1) 775 phytonutrients, including several with
known bioactivities, are predicted to be metabolized by gut microbes,
based ongenomic content; (2) 67% of gut microbial enzymes annotated
are potentially associated with phytonutrient biotransformation; and
(3) phytonutrient biotransformation by gut bacteria is widespread
across and varies among phyla. We also gained information about
how these biotransformations vary by individual, health status and
geographical region, and shape the health benefits of particular foods.

Our study could inform the development of next-generation
probiotics. Probiotics have demonstrated efficacy in various disease
contexts®*™*°, but expanding beyond Lactobacilli and Bifidobacte-
ria is crucial to their broader application to human health*. Com-
paring the phytonutrient biotransformation of gut bacteria and
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Fig. 5| Effect of strawberry in the mouse colitis model is associated with gut
microbiota andits enzymes. a, Experimental design for investigating the effects
of strawberry supplementation on colitis in mice under SPF (n=8) or GF (n=6 or
7) conditions. Created with BioRender.com. b, Changes in body weight and DAI
scores in SPF mice throughout the entire study. # indicates significant differences
between ‘Vehicle’ and ‘DSS+vehicle’ groups (*P < 0.05; *P< 0.01; *#P< 0.001;
##p < 0.0001); * indicates significant differences between ‘DSS+vehicle’ and
‘DSS+strawberry’ groups (*P < 0.05; **P < 0.01; **P < 0.001, ***P < 0.0001).

¢, Histological scores and representative images of colon tissue stained with H&E.
Scale bars, 500 pm (top), 50 pm (bottom). Different-coloured arrows indicate
signs of necrosis of the mucous layer (black), ulcerative lesion (dark green),
neutrophil (light yellow), lymphocyte (blue), macrophage (red), fibrous tissue

Expression

hyperplasia (orange) and submucosal oedema (light green). d,e, Asinb,c, but

in GF mice. Inb-e, data are presented as mean + s.e. and statistical differences
were examined using two-sided unpaired ¢-tests. f,g, PCoA of robust Aitchison
distance among strawberry-associated microbial enzymes between DSS+vehicle
and DSS+strawberry groups (f), and between day 6 and day 18 of DSS+strawberry
group (g) for DNA abundance and RNA expression levels. Significant differences
were determined using PERMANOVA. h, Heat maps showing enzymes correlated
with DAlscores and histological scores, and their median differences between
the ‘DSS+strawberry’ and ‘DSS+vehicle’ groups, at DNA and RNA levels. *P < 0.05,
two-sided Spearman’s correlations or Wilcoxon rank-sum test. Scatterplots show
correlations, for example, of the strawberry-associated enzymes and grey area
denotes 95% confidence interval.
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59 over-the-counter probiotics revealed alarge dietary chemical space
modifiable only by gut bacteria. Thus, identifying and isolating gut
bacteria with specific beneficial properties based on their postbiotic
capacity may provide more effective probiotic therapies well adapted
to the human gastrointestinal environment for disease prevention
and treatment**,

Our findings also suggest strategies for developing functional
foods. The potential of microbial foods*, including fermented foods,
to modulate human health through microbial metabolitesis currently
drawing interest?. However, research has been limited to analyses of
the fermented food metabolome landscapes of just afew foods, includ-
ing fermented dairy*** and kimchi*. Here we demonstrated the pos-
sibility to obtain small assemblies of gut bacterial species with maximal
ability tobiotransformtarget sets of phytonutrients: for example, aset
of11gutbacterial species that canlargely drive the biotransformation
of 43 secondary-metabolism-related metabolites from common edible
plants (which known probiotics lack the genetic potential to perform).
This suggests anew direction for developing functional foods through
fermentation withselected bacterial species, identified viamechanistic
links between phytonutrients and gut bacteria.

Food choices can alter gut microbiome composition toimprove
host homeostasis™’; conversely, the microbiome may influence diet’s
impact on host homeostasis. We show here that phytonutrients from
edible plants with known health benefits are biotransformed differ-
ently by gut bacterial enzymes in healthy and diseased individuals,
highlighting the need for further studies in larger and more diverse
cohorts to support or extend these observations. Furthermore, we
observed that the full-spectrum effect of an anti-inflammatory plant
food (strawberry) occurred only in mice with healthy microbiota, and
identified key gut bacterial enzymes potentially biotransforming
specific health-promoting phytonutrients. Our results, underscore
the importance of revisiting the concept of a ‘healthy diet’, as the
diet’s effectiveness may be significantly boosted by the presence of
ahealthy microbiome. Consuming edible plants with demonstrated
health benefits may be insufficient for someone with animbalanced
microbiome capacity to biotransform health-associated phyto-
nutrients. Thus, personalized nutrition may require a combination
of specific foods and beneficial microbes, or ex vivo fermentation
of food, to achieve the full nutritional potential of a plant diet. Con-
suming foods fermented by gut bacteria after rigorous safety test-
ing could be extremely valuable for populations whose intestines
may be unable to perform the modifications necessary to harness
foods’ full nutritional value, including aged individuals and those
with reduced microbiome diversity*”*%. Interestingly, our analysis
also showed a negative correlation between participant age and the
ratio of phytonutrient-associated enzymes.

This study has some limitations. First, as a proof-of-concept study,
itfocused onsingle enzymaticreactionsinstead of chains of reactions
that could allow us to characterize the metabolic fate of phytonutrients,
leaving it unclear whether the metabolic products are absorbed by
humans or further metabolized by other gut microbes. Second, due to
the vast phytonutrient biotransformation reactions, we experimentally
validated only afew, calling for future high-throughput assays. Finally,
our enzyme-annotation-based framework is limited to known gene
functions, neglecting unknown biotransformations. Better under-
standing of such functional ‘dark matter’ via additional computa-
tional and experimental approaches®***° will facilitate the design
of microbiome-based personalized nutrition at the microscale level.

Our large-scale systematic mapping of dietary phytonutrients
and gut microbiota shows that microbial enzymes may biotransform
hundreds of phytonutrients. Notably, this metabolic potential var-
ies between healthy and diseased states, underscoring the central
role of gut microbiota in mediating health effects of diet. This should
open avenues for optimizing the nutritional value of plant-based
diets through targeted microbial engineering and inform the

development of next-generation probiotics, functional foods and
personalized nutrition.

Methods

Global cohort collection

Inthis study, we collected publicly available lllumina-sequenced stool
metagenomic data of non-diseased participants from 40 published
studies, including microbiomes collected from five continents: Europe,
Asia, Africa, Oceania and the Americas (here referred to as America)
(Supplementary Table1). Initially, age, sexand BMI data were obtained
fromthe curatedMetagenomicData* package in R, with further manual
curation. If a cohort lacked recorded information, we supplemented
it by extracting relevant metadata from corresponding publications.

Cohort collection for metagenomic sequencing data with
paired dietary intake

We collected publicly available shotgun metagenomic sequencing data
with paired dietary intake information from 2 microbiome projects. The
studiesincluded: (1) acohortof 32 (2individuals were excluded due to
consuming only nutritional meal replacement beverage) healthy indi-
viduals with detailed dietary information and paired shotgun metagen-
omicdatarecorded for17 consecutive days’ and (2) acohort of healthy
individuals consisting of US-bornindividualsliving in the United States
(N=15), Thaiindividualslivingin Thailand (V=15), Thaiindividuals who
had recently moved to the United States (N =11) and Thai individuals
who had lived in the United States for at least 20 years (N=14)".

Diseased cohort collection

We collected publicly available shotgun metagenomic sequencing
datafromthree different diseases: inflammatory bowel disease (IBD),
colorectal cancer (CRC) and non-alcoholic fatty liver disease (NAFLD).
In each of these conditions, the gut microbiome has been extensively
studied, with previous research demonstrating its key role in disease
diagnosis and prevention™*?%, The studies related to IBD included
(1) an IBD cohort of IBD (N =185) and non-IBD (N = 74) samples*® and
(2) a cohort containing IBD (N = 728) and non-IBD (N =271) samples®*’
for which paired metagenomics-metabolomics data were available.

The studies related to NAFLD included (1) an NAFLD cohort con-
taining participants with NAFLD (N =100)", (2) a cohort containing
NAFLD (N=19) and non-NAFLD (N =10) participants [BioProject ID:
PRJNA732131] and (3) anon-NAFLD cohort (N = 207) containing paired
metagenomics—-metabolomics data’®,

The studies related to CRC included (1) a cohort containing CRC
(N=46)andnon-CRC (N = 61) participants®, (2) acohort containing CRC
(N=27) and non-CRC (N =28) participants’, (3) a cohort containing
CRC (N=52)and non-CRC (N = 52) participants®, (4) acohort consisting
of CRC (N = 61) and non-CRC (N = 53) participants®, (5) a cohort con-
taining CRC (N = 60) and non-CRC (N = 57) participants®, (6) acohort
consisting of CRC (N = 74) and non-CRC (N = 53) individuals®, (7) a
cohort containing CRC (N =29) and non-CRC (N =24) participants®, (8)
acohort containing CRC (N =32) and non-CRC (N =28) participants®,
(9) a cohort containing CRC (N =40) and non-CRC (N = 39) partici-
pants®® and (10) a CRC cohort (N = 76) for whom paired metagenom-
ics-metabolomics data were available (in-house data).

Shotgun metagenomics data processing

Details on sample collection and sequencing of the original data
can be found in the original studies. Quality control of the raw meta-
genomic reads was performed using the Sunbeam pipeline (v.2.1)¢’
aspreviously described®®, Briefly, adapter sequences were removed and
low-quality regions were trimmed. The filtered reads were then mapped
to the human genome (GRCh38) with BWA, and mapped reads were
removed as human DNA contamination. Taxonomic profiling of the
high-quality reads was performed using MetaPhlAn3“ with default set-
tings, generating taxonomic relative abundances. Bacterial community
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profiles were then constructed at the species level for further analysis.
Functional profiling was performed using the HUMANN3 pipeline®.
The quantified gene family abundances in units of reads per kilobase
(RPKs) were then normalized to copies per million (CPM) units by the
provided HUMANNS3 script, resulting in transcript-per-million-like
(TPM) normalization. Normalized gene families were then regrouped
to ECs for further analyses.

Linking phytonutrients with enzymes via bioreaction
databases

To build the link between the 7,825 phytonutrients (that is, natural
compounds present in plant-based foods) sourced in NutriChem 2.0
and the enzymes, we collected enzymatic reactions from 10 biochemi-
calreaction databases: the Kyoto Encyclopedia of Genes and Genomes
(KEGG)”, PubChem”, IntEnz’?, BKMS-react” (containing biochemical
reactions collected from BRENDA, KEGG, MetaCyc and SABIO-RK),
HMDB (4.0)™, EAWAG”, EzCatDB’®, M-CSA”’, SFLD’® and Trans-
former”. Data sources were accessed through either API-based query
(KEGG), directdownloads of XML (HMDB), TXT (EzCatDB) or CSVfiles
(PubChem ‘Biochemical Reactions’, M-CSA), upon query (BKMS-react)
or web scraping (EAWAG, SFLD, Transformer) (for example, using
the R packages KEGGREST (http://bioconductor.org/packages/
KEGGREST/), XML (https://cran.r-project.org/web/packages/XML/)
and rvest (https://rvest.tidyverse.org/)). To map the phytonutrients
from NutriChem 2.0 to biochemical reactions, we used CID (PubChem
Compound Identifier; PubChem, HMDB, EzCatDB, EAWAG, Trans-
former) or CHEBI(Chemical Entities of Biological Interest; IntEnz, SFLD)
orbothidentifiers (KEGG, M-CSA) or InChls (IUPAC International Chem-
ical Identifiers; BKMS-react). The InChls were obtained from SMILES
using the cheminformatics toolkit RDKit (https://www.rdkit.org).

Fine curation of phytonutrient-enzyme links targeting natural
products

For the 1,658 phytonutrients from edible plants linked with enzymes,
we conducted additional filtering using a variety of natural product
databases. First, we extracted the compound CID identifiers recorded
in NutriChem 2.0 and used the PubChem” database under content
‘Taxonomy’ as the source to examine whether they originated from
the Viridiplantae domain in the natural product database LOTUS®,
NPASS®* and KNApSAcK®. For the remaining compounds, we utilized
their InChls and SMILES to determine whether they were listed in the
SuperNatural 3.0 database®. If there was a hit in the database that
originated from the Viridiplantae domainbased on NCBI taxonomy, we
determined that the compoundis anatural product. Finally, the remain-
ingunmapped compounds underwent further manual curation of the
compound-plant associations achieved by reviewing corresponding
literature entries recorded in NutriChem 2.0. Through this process,
we curated the final list of 1,388 phytonutrients associated with 4,678
enzymes with a unique ECidentifier.

Acquisition of the microbial enzymes and human enzymes list
The microbial EC and affiliated species were obtained directly from
HUMAnNNS3 stratified output. The EC information regarding human
enzymes was retrieved from the KEGG database, specifically through
their API: https://rest.kegg.jp/link/ec/hsa.

Metagenome-assembled genomes (MAG) constructionand
annotation

MAG construction was mainly based on the metaWRAP pipeline®.
Quality control of 200 randomly selected (from the 3,068 cohort)
samples’ raw paired-end reads was performed using the metaWRAP
read_qc module with default parameters. Quality-controlled reads
were then assembled individually with ‘~-metaspades’in metaWRAP
(194 samples successfully assembled). Assembled contigs were further
binned with MetaBAT2, MaxBin2 and CONCOCT using ‘-metabat2

-maxbin2 -concoct’ parameters. The resulting bin sets were refined
using the ‘bin_refinement’ module in metaWRAP with parameters
‘-c 50 -x 10". Dereplication was performed at 99% average nucleotide
identity (ANI) using dRep® with parameters ‘-comp 50 -con 5 -sa 0.99
-nc 0.3’ to cluster bins into strain-level non-redundant MAGs. Then
MAGs were annotated using GTDB-Tk®*. Gene prediction was per-
formed with Prokka®, and functional annotation was conducted using
eggNOG-mapper®®, generating EC profiles.

Acquisition of healthy food list and anti-inflammatory
compounds

The healthy food list was retrieved from a previous study'. For 23
edible plants designated as healthy foods, we retrieved phytonutrient
contents from NutriChem 2.0. However, compounds linked with apples
and bananas did not yield any matches with microbiome-associated
enzymes, hence downstream analysis was performed for the phytonu-
trients derived from the remaining 21 healthy foods. To retrieve the list
of phytonutrients with anti-inflammatory activity fromthose foods, we
utilized the database InflamNat®, keeping only phytonutrients show-
inginhibition of nitric oxide (NO, aninflammatory factor) production
(IC5o <50 puM, as mentioned in the database). From this, we identified
alist of 17 phytonutrients with anti-inflammatory activity: phloretin,
quercetin, fisetin, daidzein, apigenin, genistein, luteolin, isorhamnetin,
kaempferol, caffeic acid, protocatechuic acid, ellagic acid, curcumin,
biochanin A, liquiritigenin, alpha-linolenic acid and isoliquiritigenin
(Supplementary Table 3).

Probiotic collection and genome annotation

Probiotic strains were collected from five sources: three databases:
Probio® (https://bidd.group/probio/download.htm), Integrated Pro-
biotic DataBase” and AEProbio (https://usprobioticguide.com/)**; and
two marketing sources: Chr. Hansen (https://www.chr-hansen.com/
en/human-health-and-probiotics/our-probiotic-strains) and Opti-
bac”’ Probiotics (https://www.optibacprobiotics.com/professionals/
probiotics-database). Fifty-nine genomes of these probiotic strains
fromthe Actinobacteria, Firmicutes and Proteobacteria were success-
fully acquired from NCBI RefSeq by using ncbi-genome-download.
Genomes were annotated using Prokka® with default parameters and
the ‘tab-separated file containing all annotated features (*.tsv)’ was
used to extract the EC information.

Acquisition of the secondary-metabolism-related metabolites
list and primary-metabolism-related metabolites

Metabolites were termed as secondary-metabolism-related if they
belonged to KEGG PATHWAY classes ‘Metabolism of terpenoids
and polyketides’ and ‘Biosynthesis of other secondary metabolites’
in the KEGG PATHWAY database. Metabolites were classified as
primary-metabolism-related if they were from any of the following
KEGG PATHWAY classes ‘Carbohydrate metabolism’, ‘Energy metabo-
lismy’, ‘Lipid metabolism’,‘Nucleotide metabolism’’Amino acid metabo-
lism’, ‘Metabolism of other amino acids’, ‘Glycan biosynthesis and
metabolism’,‘Metabolism of co-factors and vitamins’. The metabolites
and enzymes for each pathway were extracted using the ‘keggLink’
functionin the R package KEGGREST.

Functional group analysis

Foreach phytonutrient, the functional group wasidentified by amodule
from rdkit.Chem.Fragments (https://www.rdkit.org). The enrich-
ment analysis was conducted using Fisher’s exact test, with the false
discovery rate adjusted using the Benjamini-Hochberg procedure.

Minimum species analysis

To identify the minimal set of bacterial species that encompass
the potential for metabolizing phytonutrients related to secondary
metabolites, we first linked enzymes from probiotics and gut microbes
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to these metabolites on the basis of the fine-curated phytonutri-
ent-enzyme links above. To the gut microbial links only, we applied
athree-step filtering process: we filtered out non-bacterial species,
applied a 5% prevalence filter to retain commonly found species, and
used a10% contribution filter to keep species whose enzymes consider-
ably contribute to the total enzyme abundance. This filtering ensures
that we focus on the most relevant and prevalent bacteria. Next, we
used agreedy algorithm implemented in the RcppGreedySetCover R
package (https://github.com/matthiaskaeding/RcppGreedySetCover)
to solve the set cover problem. This algorithm identified the small-
est subset of species that collectively possess all the necessary enzy-
maticactivities. This approach efficiently narrows down the species to
those most critical for the metabolic coverage of the target secondary
metabolites-related phytonutrients. We applied the same method to
identify the minimum subset of gut microbial species to metabolize
the non-primary-metabolism-related phytonutrients.

Comparison between genomic-based vs HUMAnN3-based
results

(1) HUMANN3 vs MAGs: The EC profile produced from the MAGs
(generated from 200 samples) was linked with phytonutrients
using the phytonutrient-enzyme links from the previous step.
The resulting MAGs-linked phytonutrients were then compared
with the phytonutrients linked to the same set of samples by
HUMARNS3.

(2) HUMANN3 vs pangenome database: We extracted UniRef90
identifiers from each ffn.gz file in the ChocoPhlAn3 databases
and annotated them with ECs using the mapping file
‘map_level4ec_uniref90.txt.gz’ provided by HUMANN3
(Uniref90 201901). Then for each species, a ratio was
calculated as the number of species-specific ECs annotated
by HUMANN3 divided by the total number of ChocoPhlAn3-
annotated ECs.

(3) HUMANNS3 vs RefSeq microbial genomes: A total of 45,862
genomes of the 11 species were downloaded from NCBI RefSeq
using NCBI Datasets command-line tools. The downloaded
.fna files were annotated using Prokka to obtain the enzyme
profile. The profile was then mapped to phytonutrients using
our previous established phytonutrient-enzyme links. The
total number of linked phytonutrients was then compared with
that of the same 11 gut bacteria species based on HUMAnN3
species-stratified profiles from the 3,068 samples.

Species and strain selection for in vitro phytonutrient
biotransformation assay

From the list of minimum species identified (for gut-restricted
phytonutrients that are secondary-metabolism-related, see above),
we looked into their biotransformed phytonutrients and rationally
selected substrates for testing on the basis of commercial avail-
ability and technical feasibility. We preferred substrates involved
in secondary-metabolism-related pathways, aiming to cover all
enzyme classes mainly associated with microbiome (EC1-ECS5).
Then we selected their commercially available strains that encode
predicted enzymes, based on the ‘map_level4ec_uniref90.txt.gz’
database from HUMANN3 and the pangenome information for each
species from PanPhlAn®. For Clostridium (Enterocloster) citroniae and
Escherichia coli, we obtained the genome sequences of C. citroniae
DSM 19261 strain from the DSMZ BacDive database, and E. coli K-12
strain (GCF_000005845.2) from the NCBI RefSeq database. We then
used BLAST to verify the presence of specific enzymes of interest in
the genomes. Overall, six gut strains including Bacteroides uniformis
DSM 6597, C. citroniaeDSM 19261, E. coliK-12, Eubacterium ramulus DSM
15684, Lactococcus lactis DSM 20481 and Odoribacter splanchnicus
DSM 20712 were tested against the selected phytonutrients.

Invitro phytonutrient biotransformation assay

Anaerobic cultivation. Anaerobic cultivation was performed using
an anaerobic chamber (Coy Laboratory Products) with 12% CO,, 2%
H, and 76% N,. Gut bacterial strains, including B. uniformis DSM 6597,
E.ramulusDSM 15684, L. lactisDSM 20481, O.splanchnicus DSM 20712
and C. (Enterocloster) citroniae DSM 19261, were purchased from The
Leibniz Institute DSMZ (Germany) in freeze-dried form, revived and
validated by 16S ribosomal (r)RNA sequencing before further usage.
E. coliK-12 (DSM 18039) was obtained from our in-house collection.

Phytonutrient metabolism assay. Frozen glycerol stocks (=70 °C)
of bacterial strains were streaked onto brain—heart infusion (BHI;
Becton Dickinson) agar plates supplemented with 10% horse blood
and incubated anaerobically at 37 °C for 24-48 h until single colonies
formed. For each strain, a pre-culture was prepared by inoculating
single colonies into 4 ml of pre-reduced modified Gifu Anaerobic Broth
medium (mGAM; HyServe) andincubating for 24 h (72 hfor E. ramulus).
The pre-culture for E. ramulus was further concentrated fourfold to
enrich biomass. Heat-killed £. ramulus was prepared by incubating the
pre-culture at 95 °Cfor 10 min. Biotransformation assays wereinitiated
through the addition of 20 pl of pre-culture (or bacteria-free mGAM
as control) into 176 pl of 5x-diluted mGAM and 4 pl of a phytonutrient
substrate of interestin a 96-well plate (Nunc, 267544).For each phyto-
nutrient-bacterium pair, two final concentrations of the phytonutrient
(200 pM and 20 uM) were tested in two independent assay replicates.
At 0, 6 and 24 h of incubation, 20 pl of the assay mixture were sampled
and transferred toa V-bottom 96-well storage plate (Fisher Scientific,
10304513), snap-frozen and stored at =70 °C until further analysis. For
the follow-up biotransformation kinetics assay with E. ramulus, sam-
ples were collected at 0, 15, 30, 45, 60,120,180, 360 and 540 min after
incubation. The absence of enzyme 5.5.1.6 in E. coli K-12 was confirmed
through BLAST analysis.

Sample preparation for mass spectrometry analysis. Liquid samples
were processed through organic solvent extraction using the Agilent
Bravo liquid-handling platform. In brief, 20 pl of sample were supple-
mented with 5 pl ofinternal standard mixture (containing caffeine-D,,
diclofenac-D,, nafcillin-D;, oxfendazole-D;, phenylalanine-Ds,
tolfenamic acid-D,, tryptophan-D; and warfarin-D;, each at 20 pM),
extracted with 100 pl acetonitrile:methanol (1:1) and incubated at
—-20°Cfor1hfor protein precipitation. The extraction solutions were
spun down at 4,347 x g at 4 °C for 15 min, and the supernatant was
diluted 1:1 (v/v) with water for subsequent liquid chromatography-
mass spectrometry (LC-MS) analysis.

Mass spectrometry instrument parameter. LC-MS analysis was
performed on an Agilent 6550 iFunnel Q-TOF mass spectrometer cou-
pled to an Agilent 1290 Infinity Il UHPLC system. LC separation of
most nutrients, except pipecolate, was performed on an InfinityLab
Poroshell 120 HPH-C18 UHPLC column (2.1 x 100 mm, 1.9 pm) (695675-
702) at 45 °C. The mobile phase consisted of solvent A (water with
0.1% formic acid) and solvent B (methanol with 0.1% formic acid). A
linear gradient was applied, starting from 5% B to 95% B over 5.5 minat
aflow rate at 0.6 ml min™.. For pipecolate separation, a Supel Carbon
HPLC column (15 cm x 2.1 mm, 2.7 pm) (59987-U) was used at 60 °C.
The gradient started with 5% B, held constant for the first minute, and
thenincreased linearly to 100% B over the next 5 min. A dual AJS ESI
source was applied with the following parameters: VCap at 3,500V,
nozzle voltage at 2,000V, gas temperature at 225 °C, drying gas at
13 Imin™, nebulizer at 40 psi, sheath gas temperature at 275 °C, sheath
gas flow at 12 l min™. Data were acquired in positive-ion mode with
amass range of 100-1,700 m/z and acquisition rate of 1,000 ms per
spectrum. Online mass calibration was performed with a reference
solution containing purine ([M + H]* = m/2121.0509) and hexakis(1H,
1H,3H-perfluoropropoxy)phosphazene ([M + H]* = m/2922.0098) via
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the secondary ESI source at a constant flow rate of 15 pl min™, Agilent
MassHunter Qualitative Analysis (v.10.0) was applied to examine the
ion signals and retention times of nutrient substrates and their bio-
transformation products. Agilent MassHunter Quantitative Analysis
(v.10.0) was applied to extract peak areas. RStudio (v.4.2.2) was applied
for plotting and statistical analysis.

Microbiome diversity analysis

Alpha diversity (Shannon, Simpson and richness indices) and beta
diversity (Bray-Curtis dissimilarity,Jaccard and robust Aitchison dis-
tances) were calculated using the vegan® R package. Aitchison distance
(betadiversity) was calculated using the robCompositions’ R package.
Statistical comparisons of beta diversity were performed using the
adonis function (999 permutations) of the vegan R package.

Microbiome uniqueness analysis

For the uniqueness analysis, we used the phytonutrient-associated
enzymes profile. To calculate between-individual uniqueness, we ran-
domly selected only one sample per individual. For within-individual
uniqueness, we used multiple samples from the same individual.
Bray-Curtis dissimilarity was calculated for the two parts separately.
The minimum value for each sample (corresponding to the distance
between each sample and its nearest neighbour) was then extracted
as the uniqueness value as previously described®, as a measurement
of distinctness of the gut microbiome.

Procrustes analysis and FEAST analysis

Procrustes analysis was performed using the procrustes function
of the vegan®® R package. Monte Carlo P values for rotational agree-
ment significance testing were determined from 999 permutations
using the protest function of the vegan® R package. Similarity analysis
between US-born and Thai individuals was performed using fast
expectation-maximization microbial source tracking (FEAST)>.

Acquisition of beneficial foods and phytonutrients for IBD, CRC
and NALFD. Weretrieved from NutriChem2.0 all edible plants that, in
previous studies, demonstrated beneficial impact on these diseases
(potential‘healthyfoods’). Onthebasisof the 34,83 and 29 healthyedible
plants with benefits for IBD, CRC and NAFLD, we further retrieved
from NutriChem 393, 711and 444 phytonutrients, respectively. These
phytonutrients were further linked to bacterial enzymes as above.

Random-forest classifiers

We built random-forest classifiers using the caret™ R package to dis-
criminate diseased patients from healthy individuals on the basis of
stratified enzyme abundances for enzymes that are involved in the
biotransformation of phytonutrients present in foods that have been
previously described to be beneficial for each disease. We randomly
split the datainto an 80% training set and a 20% test set. The training
set was used to perform feature selection using the Boruta® R pack-
age. Specifically, we conducted 100 independent Boruta runs, each
yielding aranked list of relevant features. Fromeachrun, we extracted
thetop 20 features and then formed the final feature set by taking the
union of all selected features across iterations. Then arandom-forest
model was trained on the training set using this final feature set, and
performance was evaluated onthe test set.Inaddition, external valida-
tionwas conducted using independent cohorts not involved in model
training or feature selection. Model performance was assessed by
computing receiver operating characteristic (ROC) and AUROC curve
values using the pROC”” R package. Feature importance was calculated
using the varlmp functioninthe caret R package, which ranks features
onthebasis of the model-specificimportance metric (mean decrease
inaccuracy). Tointerpret the contribution ofindividual features to the
model’s predictions, we calculated Shapley values using the fastshap
(https://cran.r-project.org/web/packages/fastshap) R package.

Animal model

To investigate whether the gut microbiota and its biotransforma-
tion of phytonutrients are essential for the protective effects of
healthy diets, we selected IBD (including both ulcerative colitis and
Crohn’s disease) amongthe three diseases as arelevant disease model
because of its strong associations with both dietary patterns and the
gut microbiome”®”’, Among different in vivo models, we employed
DSS-induced colitis due toits simplicity, reproducibility and similarity
to human ulcerative colitis'®°. All mice were kept in the facility under
a12-hlight/dark cycle, 8:00-20:00 light, 20:00-8:00 (the next day)
dark, withunrestricted access to food (standard chow diet) and water.
Colonies were maintained at 20-26 °C and 40-70% humidity. All animal
experiments conductedin this study were approved by the Institutional
Animal Care and Use Committee (IACUC) of GemPharmatech, ensuring
compliance with ethics standards and guidelines for animal welfare
(ethicsapproval numbers GPTAP20230904-2 and GPTAP20230904-3
for the SPF and GF mice, respectively). Theinstitutionis accredited by
the Association for Assessment and Accreditation of Laboratory Animal
CareInternational (AAALAC International) and possesses an animal use
license issued by the Animal Management Committee of the Jiangsu
Provincial Department of Science and Technology. Male C57BL/6)
mice purchased from GemPharmatech were used in the experiments
and were aged 5-6 weeks at the time of grouping.

SPF mice were weighed and randomly grouped on the basis of body
weight when they were 5-6 weeks old. The date of grouping (Vehicle
group, N=8, DSS+vehicle group, N=8, DSS+strawberry group, N=8)
was denotedas day 0. Allmicein the ‘DSS+strawberry’ group were given
testarticles (5% strawberry powder infood) daily fromday O until day 17.
All mice in ‘DSS+vehicle’ and ‘DSS+strawberry’ groups were given 3%
DSS via drinking water for 9 days (days 7-15) and then given normal
water for 2 days (days 16-17). Body weight was measured twice a week
before DSS induction (day O, day 4) and daily after the first day of DSS
induction. Disease activity index (DAI) scores, defined as (weight loss
score + stool consistency score + rectal bleeding score)/3, were meas-
ured daily after DSS induction. Faecal samples from each mouse were
collected on day 6 (before DSS induction) and at the study endpoint
(day 18). All faecal samples were stored at —80 °C. Colon lengths were
measured and photos were taken.

GF mice were similarly prepared as the SPF mice, with the fol-
lowing modifications: (1) All mice in ‘DSS+strawberry’ were given test
articles (5% strawberry powder in food) daily from day O until day 15.
(2) Given the higher susceptibility of GF mice'”’, a lower DSS concen-
tration was used to induce colitis. All mice in the ‘DSS+vehicle’ and
‘DSS+strawberry’ groups were given 2% DSS via drinking water for
7 days (day 7-13) and then normal water for 2 days (days 14-15). The
study endpoint was on day 15.

Haematoxylin and eosin (H&E) staining

Colon tissues were fixed with 4% paraformaldehyde (PFA) overnight.
For paraffin embedding, the specimens were dehydrated ina series of
ethanol dilutions, cleared in HISTO-CLEAR Il solution, embedded in
paraffinandsectionedinto 3-pmslices. Paraffin sections were dewaxed,
rehydrated in a series of ethanol dilutions and stained with haema-
toxylin. After being rinsed in tap water, the section was ‘blued’ by treat-
ment withaweakly alkaline solution. Then, sections were stained with
eosin, dehydrated, cleared and mounted with neutral balsam. Histo-
logical total scores were measured as the combination scores of the
IBD severity level, hyperplasia, ulcers and lesion area.

Mouse stool samples library construction and sequencing

The stool samples were frozen at —80 °C and sent to Novogene UK for
DNA extraction, RNA extraction and shotgun sequencing. DNA and
RNA extraction were performed using TIANamp Stool DNA Kit DP328
(TIANGEN) and the Trizol-based method respectively, according to
manufacturerinstructions. DNAwasrandomly cutinto short fragments
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to generate sequencing libraries. The fragments were end repaired,
Atailed and ligated with [lluminaadapter. The fragments with adapters
were PCR amplified, size selected and purified. Libraries were assessed
with Qubit and real-time PCR for quantification, and a bioanalyser
for size distribution detection. Quantified libraries were pooled and
sequenced on a NovaSeq 6000 platform S4 flow cell (Illumina) by
Novogene UK. For RNA library preparation, rRNA was depleted with
the standard method, followed by fragmentation into short fragments
and reverse transcription into complementary (c)DNA. Sequencing
ligands were ligated to the cDNA, and library fragments were purified,
size selected and PCR amplified. Libraries were again checked with
Qubit and real-time PCR for quantification, and a bioanalyser for size
distribution detection. Quantified libraries were pooled and sequenced
onaNovaSeq 6000 platform S4 flow cell (Illumina) by Novogene UK.

Functional profiling for mice metagenomics and
metatranscriptomics data

Quality control of the raw reads was performed using the Sunbeam
pipeline®. Functional profiling was performed using the HUMANN3
pipeline®. To expand the list of strawberry-associated phytonutri-
ents, we integrated strawberry-derived phytonutrients from addi-
tional sources'® into those from NutriChem. In addition, given the
important role of amino acids in improving colitis, we added the
strawberry-derived animo acids reported in ref. 103. The linked ECs
were then retrieved using the phytonutrient-enzyme links above.
Weidentified 396 enzymes in the murine gut microbiome linked with
50 phytonutrients in the metagenomics data and 416 enzymes linked
with 53 phytonutrients in the metatranscriptomics data.

Statistical analysis

The indval function in the labdsv (https://cran.r-project.org/web/
packages/labdsv) R package was used to get a list of signature species
for each geographical region, according to the Dufréne-Legendre
model'**. Spearman’s correlations were calculated using the cor_test
function in the rstatix (https://cran.r-project.org/web/packages/
rstatix/index.html) R package. Significant differences in source con-
tributions to the sink were assessed using the Wilcoxon rank-sum
test for the FEAST analysis*. Comparisons between the PC axes of
the principal coordinates analysis (PCoA) plot were performed using
Wilcoxon rank-sumtest. Partial Spearman’s correlations between: the
Shannon/Simpson diversity index and percentage of phytonutrients,
age and percentage of phytonutrients, uniqueness and age, as well as
between the richness diversity index and BMIwere calculated using the
ppcor'® R package. The relationships between phytonutrient classes
and microbiome profile were calculated via envfit and considered
significant if P < 0.05, with the false discovery rate adjusted using the
Benjamini-Hochberg procedure. Distance-based redundancy analysis
was employed to examine the relationship between host characteristics
and the microbiome enzyme profile using the vegan R package. Signifi-
cant differences in enzyme and species abundances between healthy
and diseased groups were assessed with azero-inflated Gaussian model
using metagenomeSeq'*° R package.

For mice experiments, two-sample unpaired t-tests were per-
formed to compare the DAI scores, histological scores and body
weights at each time point. Comparisons of body weights and DAI
scores across multiple time points were analysed using a linear
mixed model (value ~ Group x time + (1|AnimallD)) in the ImerTest'"”
Rpackage. Pvalues for fixed effect ‘Group’ were obtained by using the
anova() function in the same package. Abundance was normalized
to the centred-log-ratio (CLR) method with a pseudo count of half of
the minimum abundance using the compositions' R package before
correlation analysis with DAl scores and histological scores. Significant
differences in microbial enzymes between the DSS+strawberry and
DSS+vehicle groups at different time points were assessed using the
Wilcoxon rank-sum test.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

All data associated with this study are documented in the paperandin
the supplementary material (Supplementary Table1), or are deposited
in GitHub at https://github.com/lzhangxcode/Microbiome-Dietary-
phytonutrients-interactions (ref. 109). The raw metagenomic and
metatranscriptomic data have been deposited in ENA under Biopro-
ject PRJEB82106. MAGs are available in figshare at https://doi.org/
10.6084/m9.figshare.30347827 (ref. 110). Source data are provided
with this paper.

Code availability

The analysis scripts were based on publicly available R packages as
detailed in the Methods section and can be accessed in GitHub at
https://github.com/Izhangxcode/Microbiome-Dietaryphytonutrients-
interactions (ref. 109). Microbiome analyses were conducted using
MetaPhlAn3 for taxonomic profiling and HUMANN3 for functional
potential profiling.
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Extended Data Fig. 1| Sample accumulation curve, and comparison of
microbiome enzymatic potential between gut microbiota and probiotics.

a, Sample accumulation curve of microbial enzymes, phytonutrient-associated
microbial enzymes and microbial species for different continents (Africa,
Europe, America, Oceania and Asia). The x-axis represents the number of
samples. b, Ratios of ECs detected by HUMANN3 to the total ECs present in the
corresponding species from the ChocoPhlAn database under different species
prevalence thresholds (left) and different species abundance thresholds (right).
Thex-axis represents the applied threshold values; the y-axis represents the
calculated ratio. The two horizontal dashed lines represent ratios of 0.90 and
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0.95, respectively. ¢, Pie chart showing phytonutrients that can be modified
either exclusively by gut bacteria (designated ‘gut-restricted’) or by gut bacteria
and probiotics (designated ‘shared’). d, Phytonutrient accumulation curve with
combined biotransformation potential covering 106 ‘gut-restricted’ non-primary
metabolism related phytonutrients. The horizontal line represents 80% of the
total phytonutrients and the vertical line marks the species rank at which the
cumulative phytonutrient number just exceeds 80%. Boxplots show the median
(centrelines), first and third quartiles (box limits) and 1.5x interquartile range
bounds (whiskers).
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Extended Data Fig. 2 | Biotransformation kinetics of phytonutrient substrates
butein, isoliquiritigenin and butin. a, Biotransformation kinetics of the
phytonutrient substrates isoliquiritigenin (top) and butein (bottom), along
with their corresponding products (respectively, liquiritigenin and davidigenin;
and butin and butin-FcrP, the product resulting from the Fcr enzyme reaction
of butin), as catalysed by E. ramulus under assay conditions using M9 minimal
medium. Two initial substrate concentrations (20 uM and 200 pM) were tested in

200 0 200
Time (min) Time (min)
the presence of £. ramulus, heat-killed (HK) E. ramulus, E. coliK-12 or abacteria-
free medium control. b, Biotransformation kinetics of the phytonutrient
substrate butin, along with its corresponding products, under assay conditions
using mGAM medium. The corresponding products include butein and
butin-FcrP (the product resulting from the Fcr enzyme reaction of butin). Lines
represent mean and error bars represent s.d. calculated from three independent
assay replicates.
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Extended Data Fig. 3 | See next page for caption.
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Extended Data Fig. 3| Geographical specificity of phytonutrient
biotransformation. a, Two-sided Partial Spearman’s correlation (adjusted by
sequencing depth) between species’ Simpson diversity and the enzyme ratio.
b, Asina, butincluding only phytonutrients that are part of the secondary
metabolism. Red line and red area show the linear regression line and its 95%
confidenceintervalina - b. ¢, Boxplot comparing the uniqueness calculated
when using samples from different individuals (n = 2531) than from same
individuals (n =719). Significance (P = 1.44e-40) is determined by two-sided
Wilcoxon rank-sum test. d, Left: Distributions of the number of foods that can
be biotransformed by the gut microbiota of each sample in each continent.
Mean +s.d. shown. Right: UpSet plot of the total number of foods that were
biotransformed by the gut microbiotain each continent (1% prevalence cut-off
of aregion). The total number of foods is displayed as horizontal bars on
theleft part of the image. Intersection sizes are shown as black vertical bars.

e, Principal coordinate analysis (PCoA) of Jaccard distance between
phytonutrient-associated microbial ECs’ profiles (n =1936). Significant
differences among different continents were determined using PERMANOVA
and were considered significant if P < 0.05. f, PCoA of Aitchison distance between
phytonutrient-associated microbial ECs’ profiles. Significant differences were
determined using PERMANOVA and were considered significant if P < 0.05.
Vector matrices representing compound classes recorded in NutriChem are
depicted by individual black lines with arrows. g, Host features explaining

the variation of phytonutrient-associated enzyme profile by dbRDA analysis.

Left: The total variation explained by the given features. Right: The dark bars
represent the variation explained by each individual feature (all listed features
aresignificant, P< 0.05, significance was determined using dbRDA analysis with
FDR correction), while the light-coloured bars represent the cumulative variation
explained by the given features. Features above the black line indicate the
selected features by stepwise dbRDA analysis. h, Two-sided Partial Spearman’s
correlation (adjusted by sequencing depth) between age and uniqueness. i, Two-
sided Partial Spearman’s correlation (adjusted by sequencing depth) between
age and the ratio of phytonutrient-associated enzymes to the total number of
microbial enzymes detected in the 3068 metagenomic samples. j, two-sided
Spearman’s correlation between BMI and the richness of phytonutrient-
associated enzymes. The white line and grey area show the linear regression
lineand its 95% confidence interval in h-j. k, Boxplots showing the adaptation

of dietary habits (grains, vegetables, fruits) of the Thailand’s cohort with

paired metagenomic sequencing data and dietary intake. The y-axis indicates
the amounts of the diet. The x-axis indicates different cohorts: Thailand (Thai
individuals living in Thailand, n =174), US-born (US-born subjects, n = 36), new
arrivals (Thai individuals who have recently moved to the US, n =300), and
long-term residents (Thaiindividuals who have been living in the US for at least
20years, n="77) and 2nd generation (Thai individuals who were bornin the US,
n=57).Boxplot shows the median (centerline), the lower and upper quartiles
(box edges), and whiskers that extend to data points within 1.5x the interquartile
range (IQR) from the quartiles.
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Extended DataFig. 4 | Altered biotransformation potential of gut microbiota
for each potentially beneficial food. a, Bar plotsillustrating the percentage of
phytonutrient-modifying microbial enzymes that are significantly differentially
abundant by each beneficial food for individuals with IBD (left), CRC (centre)
and NAFLD (right). The y-axis represents beneficial foods for each disease (with
atleast 10 phytonutrient-associated microbial ECs). Significant differences were

False Positive Rate

False Positive Rate

assessed by two-tailed Wilcoxon ranked sum test between healthy and diseased
individuals. b, Receiver operating characteristic (ROC) curves of machine
learning models discriminating between health and disease states using the
stratified abundances of enzymes not associated with phytonutrients in IBD
(left), CRC (centre) and NAFLD (left).
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Extended DataFig. 5| Selected features in the models between healthand
disease. Selected features of the machine learning models. Left: Bar plots
showing theimportance of the selected features. Dark colours indicate disease-
associated features; light colours represent healthy control-associated features.
Middle: SHAP value plotillustrating the impact of each feature on the model
output, with features ordered by theirimportance. Right: Heatmap depicting

species and their associated ECs from the stratified features in the left panel,
with colours indicating whether the species significantly differentially abundant
species (S), significantly differentially abundant ECs (S), number of associated
phytonutrients (C), number of associated foods (F) and type of enzyme classes
(Class). (a—c) Diseases analysed were inflammatory bowel disease (IBD; a),
colorectal cancer (CRC; b) and non-alcoholic fatty liver disease (NAFLD; c).

Nature Microbiology


http://www.nature.com/naturemicrobiology

Article https://doi.org/10.1038/s41564-025-02197-z
a - , d . .
SPF Histological score GF Histological score
Group [l venicee [l oss+venicie [l pss+stawberry Group [ venicie [l oss+venicie [l DS+ Strawberry
59 0.034 0.0479 0.0796 0.0796 3 0.751 0.751
4 0.00083 0.000181 1.9e-06 1.9e-06 0.000401 0.000401
1.9e-06 0.00146 0.00146
0.817
o 31 [ 2 1
5 5 0.078
o o
@5 : ] 0.0756
l |
04 <coooorpos < < <conpoenes 0 - oo e —
Lesion area Ulcers IBD severity level Hyperplasia Lesion area Ulcers IBD severity level Hyperplasia
Measure Measure
SPF DAl score
b - Vehicle
Group -~ DSS+Vehicle
-~ DSS+Strawberry
linear mixed model, Ppss.venicle vs Dss+strawberry = 0.0462 linear mixed model, Ppss,venicle vs Dss+strawberry = 0.0011 linear mixed model, Ppss.verice vs bsssstawbery = 0.0149
# ### ### #a## # #AH ## # [0} # ## #a # #a## # ##
o o
o *k * S * *k kK 8 Kk
8 2 2
w 2 g
@ £ 9]
8 S 5
= <9 ‘@
52 L2 g2
° 8 3]
3] 2
g & 8
7]
0 0 o
7 8 9 10 11 12 13 14 15 16 17 7 8 9 10 1 _12 13 14 15 16 17 7 & 9 10 11 12 13 14 15 16 17
Days Days Days
GF DAl score
C = Vehicle
Group -e- DSS+Vehicle
-»- DSS+Strawberry
linear mixed model, Ppssvenicle vs Dss+strawberry = 0-1414 linear mixed model, Ppss,venicie vs Dss+strawberry = 0.00011 linear mixed model, Poss.vehicie vs Dss+strawbery = 0.00045
° # HEE A %) # #
9 :o: *% *kk *k*k *%* *k*k § *%* o
84 » 4 >4
n 2 5
@ £ 9]
8 S 2
= 2 @
52 22 g2
@ 8 °
S 2
= 8 g
e @
0 0 0
7 8 9 10 1 12 13 14 7 8 10 11 12 13 14 7 8 9 10 1 12 13 14
Days Days Days

Extended Data Fig. 6 | Changes in histological scores and DAl scores in the
mouse model of DSS-induced colitis. a, Changes in the four component
scores used to calculate histological scores in SPF mice (n = 8, each group)
were monitored at the study endpoint. Histological scores were determined

by assessing four parameters: IBD severity level, hyperplasia, ulcers and lesion

areas. b, Changesin the three scores used to calculate DAl in SPF mice were
monitored throughout the entire study. The DAl score was calculated as the total

score (body weight decrease + stool consistency + rectal bleeding) divided by 3.
#indicates significant differences between the Vehicle and DSS+Vehicle group
(#P <.05; ##P < .0L; ###P < .001; ####P < .0001), and * indicates significant
differences between the DSS+Vehicle and DSS+Strawberry group (*P <.05;

**P <.01; **P <.00L; ***P <.0001), using two-sided two-sample unpaired ¢-tests.
c,d,Asinb,a, butin GF mice (n =6 or 7,each group). All data are presented as
Mean +SEina-d.
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Mass spectrometry data processing: Agilent MassHunter Qualitative Analysis (ver. 10.0), Agilent MassHunter Quantitative Analysis (ver. 10.0)
RefSeq genome download and annotation: NCBI Datasets command-line tools 18.2.2, Prokka 1.14.6
Metagenome-assembled genomes (MAG) construction and annotation: metaWRAP 1.3.2, dRep 3.5.0, GTDB-Tk 2.1.1, Prokka 1.14.6, eggNOG-
mapper 2.1.12
github repository: https://github.com/Izhangxcode/Microbiome-Dietaryphytonutrients-interactions

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.
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Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

The raw sequencing data for the mice samples are made available in ENA under Bioproject ID: PRIEB82106. Other data analysed are included in the published article
and its supplementary tables.

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender Both women and men were used in this study. Sex information can be found in each corresponding publication or from R
package curatedMetagenomicData 3.0. Sex were used as covariate in statistical analysis. For the global cohort, 2909 samples
have sex information (female:1394, male:1515). For the diseased cohort, 2142 samples samples have sex information
(female:961, male:1181).

Reporting on race, ethnicity, or  In this meta-study, continents information were used in the global cohort analysis. These information were found in each

other socially relevant corresponding publication. In the 'Paired metagenomics sequencing data-dietary intake cohort’, the country information
groupings were found in the corresponding paper.
Population characteristics Age and BMI information were found in each corresponding publication(where available) or from R package

curatedMetagenomicData 3.0. Other characteristics see above.
Recruitment This is a meta-analysis. No human participants were newly recruited in this study.

Ethics oversight This is a meta-analysis. Ethics approval can be found in each relevant publication.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

Life sciences |:| Behavioural & social sciences |:| Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size Since the current study is a meta-study of several publicly available datasets, no sample size calculation was performed. Sample sizes for each
cohort were recorded in the manuscript. For the animal experiment part, we didn't use specific statistical methods to perdetermine the
sample size, but based on the 3Rs principles and those reported in other publications.

Data exclusions  No data were excluded from the analyses.

Replication For the machine learning analysis, the model was validated using an external cohort, as detailed in the Methods and Results sections.
Statistical analysis did not include replication analysis. In vitro experiments were performed with two or three replicates Information of
replicates can also be found in the Legends or Methods section. Mice experiments were performed with at least six replicates.

Randomization | In the animal experiment, the mice were randomly assigned to groups at the beginning of experiment. The metagenomic analyses in human
were based on observational studies, so subjects were not randomized. For in vitro experiments, randomization was not necessary since the
same bacterial culture was aliquoted.

Blinding Although full blinding was not applied in the mouse experiment, the potential intergroup bias was minimized by random group allocation,
inclusion of vehicle controls, consistent housing conditions, and experimenters being unaware of the expected test articles effects during
treatment and evaluation.
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We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods

n/a | Involved in the study n/a | Involved in the study

|Z Antibodies |Z |:| ChIP-seq
Eukaryotic cell lines |Z |:| Flow cytometry
Palaeontology and archaeology |Z |:| MRI-based neuroimaging

|:| Animals and other organisms
|Z Clinical data
Dual use research of concern
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Animals and other research organisms

Policy information about studies involving animals; ARRIVE guidelines recommended for reporting animal research, and Sex and Gender in
Research

Laboratory animals Male C57BL/6J mice, aged 5-6 weeks old, were used in the experiments and purchased from GemPharmatech (Nanjing, China).
Wild animals The study didn't involve wild animals.
Reporting on sex All mice are male.

Field-collected samples  The study didn't involve field-collected samples.

Ethics oversight All animal experiments conducted in this study were approved by the Institutional Animal Care and Use Committee (IACUC) of
GemPharmatech Co., Ltd. The Protocol number for SPF is GPTAP20230904-2 and for GF is GPTAP20230904-3.

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Plants

Seed stocks Not applicable

Novel plant genotypes  Not applicable

Authentication Not applicable
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