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whether the cumulative relative abundance of food SGBs in gut micro-
biomes differs according to diet pattern or food group, we fit another 
zero-inflated linear mixed model estimated by maximum likelihood 
with the same model structure as above. The model’s intercept corre-
sponded to omnivore microbiomes and meat SGBs at −0.41, P < 0.001, 
with conditional R2 = 0.05 and marginal R2 = 0.05. Again, vegans were 
moved to the intercept in a following model with the same parameters. 
In addition and using a slightly different approach, we tested for dif-
ferences in the number of food SGBs and in their cumulative relative 
abundance between the diet patterns and within each food group and 
within each cohort using Dunn’s tests coupled with a BH correction 
for multiple testing.

To establish whether there were any significant differences in 
the prevalence of the 20 most common food SGBs between the three 
diet patterns, we ran a chi-squared test on the number of omnivore, 
vegetarian and vegan microbiomes in which each of the SGBs was 
present versus absent with the option to compute P values by Monte 
Carlo simulation (99,999 replicates). The tests were run for the larger 
cohorts separately, namely, for P1, P3 UK22A and P3 US22A.

Gut microbial functional potential
To generate gut microbial functional potential, we ran HUMAnN 
(v.3.6)57 with default parameters (Supplementary Code 1). We focused 
on the pathway abundance output and removed any unmapped or 
unintegrated pathways, as well as pathways with a prevalence of <0.05 
across samples of at least one diet pattern and a coverage of <0.2. 
This left us with 87 pathways in P1, 85 pathways in P3 UK22A and 87 
pathways in P3 US22A. We then measured the statistical association 
between the relative abundances of these pathways and each diet 
pattern pair, which we first computed on each of the three PREDICT 
cohorts separately and then meta-analysed as described in detail above 
(Supplementary Code 1).

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

Data availability
The publicly available datasets used in this work are available from 
their respective publications in refs. 12,13. Raw metagenomic samples 
are provided for all participants of the ZOE PREDICT studies. Specifi-
cally, PREDICT 1 has already been made publicly available as reported 
previously10 under the NCBI-SRA bioproject ID PRJEB39223, whereas 
PREDICT 2 is deposited in EBI under accession number PRJEB75460, 
and PREDICT 3 cohorts under EBI accession numbers PRJEB75463 and 
PRJEB75464. Sex, age, BMI, country and the quantitative taxonomic 
profiles are available for each sample within the curatedMetagen-
omicData package58. The ZOE Microbiome Rankings for the full list 
of species are made available (and kept up-to-date) at https://zoe.
com/our-science/microbiome-ranking. ZOE is the owner of the pseu-
donymized data and metadata and researchers interested in follow-up 
studies requiring additional specific metadata information should 
fill out a research request proposal at https://zoe.com/our-science/
collaborate that will be evaluated by a subpanel of the ZOE Scientific 
Advisory Board once per month for their priority, relevance and in 
compliance with privacy and data protection regulations.

Code availability
The code for the analyses conducted here is provided in Supplemen-
tary Code 1. The pooled estimate of effect sizes from linear models 
was computed on the basis of the pipeline in GitHub at https://github.
com/waldronlab/curatedMetagenomicDataAnalyses/blob/main/
python_tools/metaanalyze.py. An importable meta-analysis Python  
library is also freely available in GitHub at https://github.com/ 
SegataLab/inverse_var_weight/blob/main/meta_analyses.py.
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* *** *

Extended Data Fig. 1 | Distribution of ZOE CMH rankings of SGBs  
signature of the three diet patterns. ZOE MB Health Ranks (y-axis; ranks  
closer to 0 indicate more favorable and those closer to 1 indicate less 
 favorable cardiometabolic health outcomes) of all SGBs statistically  
significantly differentially abundant between each diet pattern pair  

(x-axis; nomnivore-vegetarian = 600 SGBs, nomnivore-vegan = 724, nvegan-vegetarian = 41), colored 
by diet pattern (pink = omnivore, purple = vegetarian, green = vegan). Boxplots 
show the median, 25th and 75th percentiles, and whiskers extend to 1.5 times 
the interquartile range. Asterisks denote significance level of two sample t-tests 
(Methods), with * 0.05 > p < 0.01 and *** p ≤ 0.001.
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Extended Data Fig. 2 | Microbial food-to-gut transmission across the diet  
types and major food categories. Cumulative relative abundance (in %, log10 
scale; upper panels) and prevalence, that is, count, (lower panels) of food SGBs 
(either meat, dairy, or fruits and vegetable-derived SGBs) within each individual, 
colored by diet pattern (pink = omnivore, purple = vegetarian, green = vegan)  
and grouped by cohort (P1, P3 UK22A, P3 US22A, De Filippis et al. 13, and  

Tarallo et al. 12; Supplementary Tables 19, 20). Boxplots show the median, 25th 
and 75th percentiles, and whiskers extend to 1.5 times the interquartile range. 
Omnivores: nP1 = 991, nP3 UK22A = 11,533, nP3 US22A = 7,228, nDe Filippis = 23, nTarallo = 40; 
vegetarians: nP1 = 59, nP3 UK22A = 623, nP3 US22A = 330, nDe Filippis = 38, nTarallo = 38; vegans: 
nP1 = 10, nP3 UK22A = 197, nP3 US22A = 373, nDe Filippis = 36, nTarallo = 40 individuals.
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Extended Data Fig. 3 | Frequency of dairy consumption across omnivores  
and vegetarians in P3 UK22A and P3 US22A according to FFQs. a Percentage 
(y-axis) of omnivores and vegetarians (x-axis) that consume dairy products 
 (milk, yogurt, cheese, butter, or other dairy) between ‘two or more times per day’ 

to ‘irregularly’. The consumption frequency categories were given by the FFQs. 
Percentages within the bar plots indicate the dairy consumption prevalence of 
that diet pattern in that consumption category. b Same as in a, but considering 
only fermented dairy products (yogurt and cheeses).
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Extended Data Fig. 4 | Potential microbial functional signatures of omnivore 
and vegetarian gut microbiomes. a Prevalence (in %) of each functional 
pathway (y-axis) in omnivore (pink, left bars) and vegetarian (purple, right 
bars) gut microbiomes. b Meta-analyzed correlations between pathway relative 
abundance and diet pattern (omnivore vs vegetarian) for the top 30 pathways 
with the largest absolute standardized mean difference, upper and lower 
confidence intervals. Purple dots to the right indicate pathway-associations 
with vegetarians, while pink dots to the left indicate pathway-associations with 

omnivores. Also shown in smaller shapes are the per-cohort correlations, with 
shapes filled in black indicating a Wald q-value < 0.1 and those filled in gray 
indicating a Wald q-value ≥ 0.1. The black horizontal bar indicates the separation 
between the correlations with omnivores vs vegetarians for ease of visualization 
only. Shown are only the pathways with a prevalence of less than 0.05 across 
samples of at least one diet pattern, a coverage less than 0.2, and which were 
significant at q < 0.1. nomnivores = 19,817, nvegetarians = 1,088.
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Extended Data Fig. 5 | Potential microbial functional signatures of 
omnivore and vegan gut microbiomes. a Prevalence (in %) of each functional 
pathway (y-axis) in omnivore (pink, left bars) and vegan (green, right bars) 
gut microbiomes. b Meta-analyzed correlations between pathway relative 
abundance and diet pattern (omnivore vs vegan) for the top 30 pathways with 
the largest absolute standardized mean difference, upper and lower confidence 
intervals. Green dots to the right indicate pathway-associations with vegans, 
while pink dots to the left indicate pathway-associations with omnivores.  

Also shown in smaller shapes are the per-cohort correlations, with shapes filled 
in black indicating a Wald q-value < 0.1 and those filled in gray indicating a Wald 
q-value ≥ 0.1. The black horizontal bar indicates the separation between the 
correlations with omnivores vs vegans for ease of visualization only. Shown are 
only the pathways with a prevalence of less than 0.05 across samples of at least 
one diet pattern, a coverage less than 0.2, and which were significant at q < 0.1. 
nomnivores = 19,817, nvegans = 656.
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Extended Data Fig. 6 | Potential microbial functional signatures of vegetarian 
and vegan gut microbiomes. a Prevalence (in %) of each functional pathway 
(y-axis) in vegetarian diet (purple, left bars) and vegan (green, right bars) 
gut microbiomes. b Meta-analyzed correlations between pathway relative 
abundance and diet pattern (vegetarian vs vegan) for the top 30 pathways with 
the largest absolute standardized mean difference, upper and lower confidence 
intervals. Green dots to the right indicate pathway-associations with vegans, 
while purple dots to the left indicate pathway-associations with vegetarians. 

Also shown in smaller shapes are the per-cohort correlations, with shapes filled 
in black indicating a Wald q-value < 0.1 and those filled in gray indicating a Wald 
q-value ≥ 0.1. The black horizontal bar indicates the separation between the 
correlations with vegetarians vs vegans for ease of visualization only. Shown are 
only the pathways with a prevalence of less than 0.05 across samples of at least 
one diet pattern, a coverage less than 0.2, and which were significant at q < 0.1. 
nvegetarians = 1,088, nvegans = 656.
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Extended Data Fig. 7 | Estimation of animal-based food consumption based on metagenomic reads. Prevalence (in %) of animal DNA as estimated by MEDI  
using the gut metagenomes of omnivores (bars in pink), vegetarians (bars in purple), and vegans (bars in green) in the P1, P3 UK22A and P3 US22A cohorts 
(Supplementary Table 24).
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