nature metabolism

Article

https://doi.org/10.1038/s42255-025-01220-1

Metagenomic estimation of dietary intake

fromhumanstool

Received: 14 February 2024

Accepted: 16 January 2025

Christian Diener®'?
Christine Moissl-Eichinger'® & Sean M. Gibbons ® 2478

, Hannah D. Holscher?, Klara Filek®', Karen D. Corbin®?,

Published online: 18 February 2025

% Check for updates

Dietary intakeis tightly coupled to gut microbiota composition, human
metabolism and the incidence of virtually all major chronic diseases. Dietary

and nutrient intake are usually assessed using self-reporting methods,
including dietary questionnaires and food records, which suffer from
reporting biases and require strong compliance from study participants.
Here, we present Metagenomic Estimation of Dietary Intake (MEDI): a
method for quantifying food-derived DNA in human faecal metagenomes.
We show that DNA-containing food components can be reliably detected
instool-derived metagenomic data, even when present at low abundances
(more thanten reads). We show how MEDI dietary intake profiles can be
converted into detailed metabolic representations of nutrient intake.
MEDI identifies the onset of solid food consumption ininfants, shows
significant agreement with food frequency questionnaire responsesinan
adult population and shows agreement with food and nutrient intake in
two controlled-feeding studies. Finally, we identify specific dietary features
associated with metabolic syndrome in alarge clinical cohort without
dietaryrecords, providing a proof-of-concept for detailed tracking of
individual-specific, health-relevant dietary patterns without the need

for questionnaires.

Dietaryintake and nutrition are key determinants of human growth and
development, metabolic health and chronic disease risk' . Diet also
shapes the composition of the human gut microbiota®, and in turn,
the effects of diet on the host can be influenced by the ecology of the
gut’. Across anindividual’s lifespan, dietary intake patterns can either
alleviate or exacerbate a wide range of disease conditions, including
cardiovascular disease, diabetes, Alzheimer’s disease and cancer®™’.
Accurate tracking of dietary intake, including the quantification of
dietary metabolites, nutrients and energy content, is critical tounder-
standing phenotypic heterogeneity in human cohort studies. However,
diet trackingis often hampered by challenges in obtaining high-quality,
unbiased data'. In many cross-sectional studies, individual dietary

intake data are obtained from questionnaires, which need to strike
a balance between granularity and ease of use. The most common
methodology used for assessing dietary intake, the food frequency
questionnaire (FFQ), asks participants for coarse-grain information
on habitual dietary patterns for a set of common food categories™.
More detailed information can be obtained from dietary records, in
which study participantsfill out food diaries, sometimes with clinician
support, for a pre-specified time frame™. Dietary records provide more
detailed quantification of food intake, including time of day and cook-
ing methods, and can be used to generate more detailed mappings to
macronutrientand micronutrientintake; however, these methods are
often dependent on proprietary platforms for nutrient analysis and
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strong participant compliance, making it difficult to compare dietary
intake data across cohorts and to maintain participant compliance in
longitudinal studies®. Standardized questionnaires, or common food
databases, often do not reflect diverse human populations, leading
to inequalities whereby the diets of minority and underrepresented
populations are notaccurately represented in existing questionnaires
orrecallsurveys™. Finally, dietary questionnaires rely on the ability of
study participants to accurately and without bias recall their own food
intake, whichisknownto be fraught and hasled to some debate onthe
utility of self-reported dietary data™ . Therefore, there is a demand
forapproaches that can quantify dietary and nutrient intake patterns
without the need for FFQs or recall surveys.

Onesurvey-free technique for coarsely assessing diet quality is the
quantification of major diet-influenced analytes in human plasma or
serum. Thisapproachis used widelyin clinical settings, inwhich regular
measurement of blood glucose, cholesterol and other lipid levels are
the current standard of care'®”. However, these clinical chemistries
represent a limited breadth of diet-relevant features, which could be
expanded on by using targeted or untargeted metabolomics of blood,
saliva, urine or faecal samples. Another approach has beento capture
images of meals (for example, with asmartphone) and apply machine
learning to theseimages to track dietary intake?>'. Image tracking and
physical sensors have provento be challenging approaches, requiring
large training databases, showing alimited ability to estimate portion
size and relying on a fairly high degree of participant compliance*,

Molecular ‘omics-based approaches to diet tracking have the
potential to increase the sensitivity and resolution of intake assess-
ments while reducing the compliance burden for participants. Owing
to the complexities of absorption and metabolism of many of the
compounds foundinthe diet, blood metabolomics currently provide
limited information on food intake. To overcome this limitation, recent
work hasfocussed on constructing curated databases of food-specific
mass-spectrometry spectra that can be used to identify the presence
of specific foods in faecal, urine or blood metabolomes®**. These
reference spectra can identify specific food components with high
accuracy but provide limited information about the overallabundance
of afood item. An alternative approach is to quantify dietary intake
using residual food-derived DNA in stool. Prior studies have shown
that plant intake patterns can be quantified in human stool by target-
ing plant-specific marker genes for amplicon sequencing®?”. Although
effective, these targeted methods require additional sample processing
before sequencing. Metagenomic shotgun sequencing (MGS) of faecal
DNA, on the other hand, is a common data type in human microbi-
omeresearch that could potentially be used to capture dietary intake
information®®”°. Leveraging MGS data directly for diet tracking would
require no additional sample processing steps. However, there are
several challenges to detecting food-derived DNA in MGS data, which
has delayed the implementation of metagenomic-based diet tracking.

Faecal MGS data are commonly used to quantify the taxonomic
and functional composition of bacterial, archaeal, viral and fungal
communities in the gut, where genes can be identified with de novo
methods®*?". However, although we expect food-derived DNA to
be present in stool, the low frequency of these reads relative to
microbial-derived and host-derived reads makes de novo gene pre-
diction from these sequences intractable®. Alternatively, individual
reads can be mapped to large databases of reference sequences,
using efficient hashing schemes, to generate read-specific taxonomic
annotations® ., However, quantification of dietary intake through
reference-based approaches is hampered by the increased genomic
complexity of eukaryotes and by the lack of dedicated food genome
databases. Furthermore, these reference mapping approaches are
prone to false-positive assignments, requiring the inclusion of decoy
genomes in the database from other organisms that are known to
be present in the sample, like host-associated reads and reads com-
ing from the microbiota®*¥. Finally, even if we could quantify the

taxonomic composition of food-associated reads, we currently lack
the ability to automatically translate this taxonomic informationinto
nutrient content.

Here, we aimed to overcome these limitations by building acom-
prehensive food genome database for annotating food-associated
reads in human stool, along with high-resolution mappings between
fooditemsand dietary metabolite profiles. We paired the constructed
database with a fast, scalable and decoy-aware mapping strategy and
validated its performance using simulated and in vivo data frominfants
and adults, showing that we can reliably quantify certain dietary and
nutrientintake components from faecal MGS data. Finally, we demon-
strated that our MGS-based dietary assessments were strongly associ-
ated with variationin metabolic healthin alarge European cohort.

Results

Linking food genomes to nutrient information

Although databases that map food items to nutrient content exist,
suchasFoodData Central (FDC; https://fdc.nal.usda.gov) and FOODB
(www.foodb.ca), none of these databases are directly linked to genomic
data from the plants, animals and fungi present in the human diet.
Most food databases contain both compound or mixture foods
(foods containing several individual components, such as apizzaora
muffin) and single-organism foods (such as cucumber or chicken);
only the latter can be uniquely mapped to a specific genome. Of the
992 foods presentin FOODB, 619 represent such single-organism foods
and canbe mapped to the National Center for Biotechnology Informa-
tion (NCBI) Taxonomy Database, and we aimed to obtain genomic
assemblies for as many of these single-organism foods as possible.
Food items were mapped through NCBItaxonomy IDs in amulti-tiered
approach (Fig.1a). Food items were first matched to RefSeq genomes
at the species level and then at the genus level if no match could be
found for the respective species, yielding a set of 459 foods mapping
to 331 unique genome assemblies (Fig. 1b,c). This was followed by a
search in the full NCBI Nucleotide Database at the species and genus
level to obtain partial assemblies for food items without a full reference
assembly. Atotal of 98 partial assemblies representing 102 additional
foods could be identified in this way (Fig. 1b,c), resulting inafinal data-
base containing 429 genomes and genomic assemblies representing
561fooditemsand their associated strains (91% of all single-organism
foodsinthe FOODB). The observed redundancy, inwhich several food
items matched the same genomic assembly, was caused by the pres-
ence of either several strains of the same food species in the database
(for example, the Brassica oleracea group) or different preparations
derived from the same organism (for example, orange juice vs orange
slices). Additionally, many of the compound foods in FOODB (for
example, pizza) were covered by a combination of single-organism
foods contained in the MEDI database (for example, tomato, wheat,
cow, pig, etc.).

Macronutrient, energy and specific metabolite contents were
retained separately for each food item and preparation type, even when
matching the same taxon, to allow for manual selection of preparations
or strains after mapping. The resulting database contained a total of
489 billion base pairs (bp) covering all major phyla of common food
components, along with their nutrient and metabolite composition
(Fig. 1d). The majority of genomic data came from Phylum Strepto-
phyta, whichincludes most of the common plant-based foods, followed
by Phylum Chordata, which comprises most of the animal-derived
foods (Fig. 1b,d). Phylogenetic distance, quantified by average nucleo-
tideidentity, was associated with the relative protein and carbohydrate
content of the food items (Fig. 1d; PERMANOVA P=0.001, R?=0.06
and 0.05, respectively), revealing that there is a weak phylogenetic
association with macronutrient content. In particular, macronutrient
composition varied only by 10-20 g per 100 g within 90-95% average
nucleotide identity, suggesting that nutrient composition is similar for
species within the same genus (Extended Data Fig. 1a).
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Fig.1| Constructing ametagenomic food database. a, lllustration of the search
strategy used to map food items to assemblies and their connection to nutrient
content. b, Assembly size for the identified food-related organisms. Titles
denote the database yielding the hit (GenBank, complete genomes; Nucleotide
Database, partial assemblies). Boxplots show 25%, 50% and 75% quantiles; the
centre denotes the median and whiskers extend to the smallest and largest data
points within1.5interquartile ranges. ¢, Number of food organisms matched
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and the respective taxonomic rank where the match was found. d, Phylogenetic
tree of the identified food organism assemblies, generated using UPGMA on
estimated average nucleotide identity (estimated using MASH). Coloured circles
denote the phylum, symbols indicate the dominant (that is, the most common,
least-processed in FOODB) food preparation type, filled rectangles show
macronutrient composition per 100 g of biomass and black bars show the energy
content of individual food-assembly pairings per 100 g of biomass.

Decoy-aware, efficient mapping of food-derived sequences

The size of our food genome database exceeded commonly used
databases for the classification of bacteria, archaea and viralgenomes
by at least fivefold. Therefore, we developed a computationally effi-
cient mapping strategy, which we termed MEDI. MEDI is based on the
Kraken2 mapping scheme, to ensure scalability to very large datasets
(Extended DataFig.1b)*. Kraken 2 uses a fast k-mer hash to identify the
least-common ancestor (LCA) for each single read, which can be paired
with a Bayesianredistribution approachthat passes read counts down
the phylogenetic tree (Bracken)*®. Given that the majority of genetic
material in human-associated stool microbiome samples is prob-
ably from bacteria or the host, there is a high chance of false-positive
identification of background DNA as food components. To avoid this
issue, we opted for a decoy-aware approach, in which the k-mer hash
alsoincluded additional background genomes belonging to bacteria,
archaea, viruses, common plasmids and the human genome®. We com-
bined this with an additional post-classification filtering step (before
Bracken redistribution) that removed individual reads with incon-
sistent k-mer classification patterns that included taxa from distant
clades (see Fig. 2a and Methods). The resulting abundance estimates
were then used to quantify the food items present in a sample. MEDI
food quantification is based on relative read abundances, without
correcting for genome size, whichis correlated with but not the same

as the relative taxonomic abundance (number of genome copies) or
relative biomass*°. Correcting for genome size would be ideal, but
most food-derived DNA is heavily degraded by the time it reaches
the large intestine. In addition, the MEDI database combines partial
assemblies and sequence matching at the genus rank, which obscures
species-level genome size variation. Fortunately, for organisms with
known genome size information, we observed only subtle correla-
tion (r=0.04) between genome size and relative read abundances in
real-world datasets (Extended Data Fig. 1c). Therefore, we moved for-
ward with using the uncorrected relative food abundances to derive
the macronutrient and metabolic compound composition in a given
sample (standardized to a100 g portion of a mixture of the respective
fooditems), whereby the relative abundance of agiven food item was
used as a proxy for relative biomass (see Methods). If multiple unique
food items or preparation types matched a single genomic assembly,
the average nutrient and metabolite profile was used. This provided
an estimate of nutrient composition within a sample based solely on
single-organism food DNA.

MEDI wastested onan artificial ground-truth dataset using simu-
lated reads. Inbrief, we generated an average abundance profile of the
decoy organisms presentin faecal samples from a healthy population
of 365 individuals from the integrative human microbiome project
(iHMP), drawing subsamples from this background distribution to

Nature Metabolism


http://www.nature.com/natmetab

Article

https://doi.org/10.1038/s42255-025-01220-1

a Kracken 2 C
AAATTGAAGAGTTTGATCATGGCTCAGATTGAACGCTGGCGGCAGGCCTA
Read f
I, I—— ‘\ LCA 100,000
Minimizers (k-mers) classification
% | N — —
AN
Decoy organisms — T i . =
w 300 mg/portion @ ;
N e}
: 3 1,000
Consistency filter = False positives
v X Bracken g /
o— —\ 5 °)
aEEE—— — \ x% w 2 o
\ I e} °
v XY o
X aE— —
o— ~_
fiw ® © — False negatives
b Background ) 10 1,000 100,000
Negative control
Expected (reads + 1)
\ 4x —_—
. — d 00
'n‘ 16x > 075
x <
> 2
90% background \. . £ 3 050
10% foods + omm Positive controls S &%
o — —— o7 o
: I 0
10 random - 0.00001  0.00100  0.10000

Fig.2|Food genome quantification on simulated ground-truth data.

a, lllustration of the mapping and filtering strategy used by MEDI. Individual
k-mer assignments (LCA classifications) were used to assign consistency scores
toreads and to filter reads with discordant mappings. b, Sampling strategy for
the ground-truth data. All samples contain at least 90% background of an average
bacteria, archaea and host background. Positive samples contain simulated reads
from ten random food assemblies with exponentially increasing abundances.

¢, Quantification performance across simulated negative and positive controls.

Relative abundance (reads/total)

Points denoting a detected food itemin a single sample are slightly jittered on
the x axis to resolve overlaps. The black line denotes a linear regression fit (mean
relationship between ground truth and observed) and the grey areais the 95%
confidence interval around that mean. Fill colour denotes negative (red) or
positive samples (blue). False-positive organisms are generally connected to
organisms within the same taxonomic family. d, Probability of detecting a true-
positive food itemin a sample as a function of relative food item abundance (that
is, detection power).

simulate different decoy communities®. Positive-control samples (that
is,samples containing a dietary signal) were generated by injecting 10%
foodreads fromtenrandomly chosen fooditemsinto eachindividual
sample (Fig. 2b). Given the high prevalence (90% of total abundance)
and richness of decoy organisms in the simulated dataset, one would
expect methods that incorrectly map background taxa to foods to
perform poorly. The ten reference foods added to each sample were
logarithmically staggered in abundance within each sample, creating
arelative abundance range of 0.00003-7.5% across food items. Four
background samples without any food reads added were used as nega-
tive controls. This simulated dataset allowed us to assess the prevalence
of true positives, false positives, true negatives and false negatives as
well as to quantify the taxonomic specificity and detection limits of
our approach. MEDI was able to identify and quantify diet-derived
sequencesinallsimulated samples (Fig. 2c; mean R*=0.96 (0.91-0.99),
P <10 x107¢ for all positive samples). None of the ten million reads in
eachof'thefood-negative samples were classified as food-derived. The
false-positive rate was slightly higher in the food-positive samples, in
whichwe observed four false-positive classifications across all samples.
Misidentified food items were generally from the same genus as a
true-positive food item that was also presentin asample, which did not
alter quantification accuracy for the true-positive food items (Fig. 2c).
Despite the strong filtering to prevent false positives, MEDI was highly
sensitive, providing >80% power for detecting afood item with arela-
tive abundance aslow as 0.001% (ten reads per million; Fig. 2d). In sum-
mary, MEDIwas able to distinguish and quantify sequence reads from
fooditemsin simulated metagenomic samples, with a negligible rate
of cross-domain mismatching from the gut microbiome or the host.

MEDI estimates correspond to data from controlled-feeding
studies

MEDI estimates the abundance of food-derived DNA and uses this
datato provide a prediction of dietary nutrient content from faecal
metagenomes. To evaluate whether these estimates correspond to daily
food intake patterns, we applied MEDI to metagenomic sequencing
data from two controlled-feeding studies (Fig. 3a). Both studies were
selected to have defined dietary intervention and supervised feeding
to ensure that study participants consumed defined meals throughout
thestudy duration. Thus, available dietary intake data corresponds to
the ground truth of food intake in both studies.

In a previous study*, termed the MBD study here, participants
either consumed a prototypical Western diet or amicrobiome enhancer
diet (MBD) in a randomized crossover design (n=17). The MBD was
enriched in high-fibre and digestion-resistant foods that were more
likely to survive passage into the large intestine*’. MEDI estimates of
food intake showed significant differences in beta diversity between
diets (Fig. 3b; PERMANOVA R?= 0.1, P= 0.007). The relative abundance
of metagenomic reads assigned to foods was almost sixfold higher in
the MBD intervention than in the Western diet intervention (Fig. 3¢;
0.035% vs 0.0062%, Mann-Whitney U-test P=0.0007). Additionally,
MEDIidentified specific enrichment of several known components of
the MBD diet relative to the Western diet, including flax seeds, quinoa,
oats, spinach, rye, barley and strawberry (Extended Data Fig. 2a).

In a different study*’, termed the PATH study here, participants
(n=48) were provided daily meals that contained 90% of the same
ingredients and had matched macronutrient content across study
arms:theinterventiongroup (n =28), which received one large avocado
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Fig. 3| MEDI recapitulates data from controlled-feeding studies. a, Outline
and cohort sizes of the controlled-feeding studies used. b, Non-metric
multidimensional scaling of MEDI food abundance beta diversity (Bray-Curtis
distance) for the MBD study (n = 30, only samples with detected food (30 out
of34)). Individual lines connect each sample with the group centroid. Colours
denote diet group (WD, Western diet; MBD, microbiome enhancer diet).
Asterisks denote significance from a PERMANOVA (**P=0.005). ¢, Relative
abundance of foods (food reads / total reads) for all samples with detected
foodsinthe MBD study (n =30 metagenomes from n =17 individuals, each
subjected to both diets). Boxplots show 25%, 50% and 75% quantiles; the centre
denotes the median and whiskers extend to the smallest and largest data points
within 1.5 interquartile ranges. Asterisks denote significance under a two-sided
Mann-Whitney U-test (***P=0.0007).d, Volcano plot for differential abundance
analysis of food abundances in the PATH study. Each point denotes a food

species detected by MEDI. Red colour denotes food item with an FDR-adjusted
P<0.05limma-voom regression of read counts vs intervention group (n = 48).

e, MEDI predictions from faecal DNA (y axis) and nutrient consumption obtained
from food diaries (x axis) in a controlled-feeding study (PATH), in which the
dietary intake recorded in the daily food record precedes the stool sample

by atleast 48 h. Each point denotes a single individual. For the food diaries,
points represent means over all measured intake amounts; error bars, s.e.m.
(s.d./sqrt(n)), normalized to a100 g portion (all samples within the offset, 38
individuals with 124 food record diary entries). For the MEDI data, x-coordinate
points represent estimates of intake based on weighting nutrient profiles of
food items by food item relative abundance and assuming a100 g portion.

Blue lines denote regression slopes and grey areas represent 95% confidence
intervals. Annotations denote correlation rand P value from a two-sided Pearson
product-moment correlation test.

daily, and the control group (n =20), which received daily meals devoid
of avocado*. Differential abundance analysis of the 73 food items
detected by MEDI across samples in the study identified avocado as
the sole food item that differed inabundance across the study groups
(Fig.3d;2.3-fold change, false discovery rate (FDR)-corrected g = 0.04).
The detailed daily food diaries from the PATH study also allowed us
to compare MEDI estimates of nutrient composition in faecal sam-
ples to overall intake data. We evaluated energy content and major
macronutrients (protein, carbohydrate, fat and fibre) as well as a set
of micronutrients (potassium, vitamin B,,) and cholesterol. We only
observed agreement between MEDI estimates and intake data when
faecal samples were obtained 24-48 h after dietary intake (Extended
Data Fig. 2b), which is consistent with previous estimates of an aver-
age transit time of 1-2 days*. Here, MEDI estimates agreed with food
diary data for energy, protein, carbohydrate, potassium, cholesterol

and vitamin B, intake (Fig. 3e). No agreement was observed for total
dietary fibre and total fat intake. However, MEDI-inferred fibre intake
was significantly correlated with soluble fibre intake and the consump-
tion of grains (Extended Data Fig. 2c). This disagreement in total fibre
and fat content may be a result of biases introduced by food process-
ing, whereby many processed foods are depleted in complex fibres
(for example, white bread or white rice) that would be present in the
whole food, and many refined fats (for example, vegetable oils) are
depleted in source-organism DNA***, In particular, fat content esti-
mated by MEDI was negatively correlated with consumed fat in the
dietaryrecord data (r=-0.32, P=0.0043), suggestingatrend in which
individuals who consume more fat from whole foods (for example,
eating whole avocados or olives) consume less fats overall, with the
higher-fat consumers deriving more fat from processed or refined
foods (for example, avocado oil or olive oil). Overall, we see strong
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Mantel permutation test statistics for beta diversity agreement between
MEDI-predicted food abundances, FFQs and microbial species abundances
(Bray-Curtis distances; see Methods). Correlation between pairwise distance
measures is indicated by r; Mantel test P value is shown. f, Comparison of relative
food group abundances with paired diet frequency questionnaire data from
infants. RPM, reads per million. Circles denote the mean; error bars, s.d. (n = 447).
P, indicates the P value of atwo-sided Welch t-test of log-transformed relative
abundances; P,; denotes the P value of a logistic regression of food occurrence
against food frequency strata. Axis labels are common across both plots in this
panel. g, Comparison of MEDI-predicted relative food group abundances with
diet frequency questionnaires in adults. Circles denote the mean; error bars,

s.d. (only samples with paired FFQs, n = 361), P,,,indicates the ANOVA Pvalue of a
regression of log-transformed relative abundances; P,,,; denotes the Pvalue of a
logistic regression of food occurrence against food frequency strata. Axis labels
are common across all plots in this panel.

agreement between validated nutrient intake and MEDI estimates
for a number of dietary features and poor agreement for others. As
one might expect, MEDI appears to be optimal for detecting nutrient
intake fromwhole foods that are resistant to digestionin the stomach
and proximal gut and is sub-optimal for detecting nutrient intake from
processed foods.

Applying MEDI to infant and adult stool metagenomes

To assess the frequency of food-derived reads across different stages
of life, we quantified food abundances and contents in faecal samples
using MEDI across two larger human datasets frominfants and adults.
Infant MGS data were obtained from a previously published cohort
from St. Louis, USA, describing 447 longitudinal faecal samples from
60infants of1-253 days of age*®. Adult reference samples were obtained
from 351 healthy individuals (mean age of 31 years) within the iHMP
project, as this subcohort includes standardized FFQs".

As expected, we generally observed a lower prevalence of
food-derived reads in infant stool than in adult stool. Food-derived
genomic material could be detected in less than 50% of infant fae-
cal samples up to the onset of solid food intake (around day 160),
when the prevalence of samples with detected food reads increased

steadily (see Fig. 4a). This presence-absence pattern was correlated
with age (beta = 0.17, logistic regression P=2 x 107) but not feeding
type (breast-fed or formula, logistic regression P=0.9). By contrast,
food-derived genomic material was detected in 98% of adult sam-
ples (359 out of 365). The total relative abundances of detected food
items varied across infant samples and increased with age, independ-
ent of bacterial biomass and delivery mode (repeated-measures
mixed-effects model, log(beta) = 0.13, P=0.0002; see Methods), with
anotableincrease at the onset of solid food consumption (Fig. 4b). A
somewhat higher relative abundance of foods could be observed in
the first 3 days of life, but this signal was accompanied by a smaller
fraction of bacterial reads (especially ininfants delivered by caesarean
section; see orange points in Fig. 4b), which increases the sensitivity
for food detection. Bacterial biomass remained stable after the first
3 days of life in infants and in adults (usually representing more than
99% of metagenomic reads; Extended Data Fig. 3). In contrast to total
bacterial relative abundance, which differed very little across samples
(Extended DataFig. 3), total food-read relative abundance varied over
four orders of magnitude in both infants and adults (0.0004-1.3% of
totalreadsinadults and 0.0004-7.8%ininfants). Insummary, although
therelative metagenomic abundances of bacterial orhumanreads are
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generally quite stable, food-read relative abundances are much more
variable across infants and adults.

Mapping the nutrient and metabolite composition of the identi-
fied foods to a standardized portion allowed us to compare nutrient
composition between infants and adults. Energy content per portion
(kcal per 100 g) was positively correlated with infant age (Pearson test
r=0.33,P<3x10"%) inconcordance with anincreased calorie demand
for growth across the infant lifespan and with an increased reliance
on solid foods with infant age. Similarly, the average energy density
of the MEDI-inferred diets was slightly higher in infants thanin adults
(Fig.4c; 255 kcal per 100 g vs 229 kcal per 100 g, Welch ¢-test P= 0.02).
Macronutrient composition was similar between infants and adults
and mirrored common nutritional recommendations*s. Compared
to infants, MEDI-inferred adult diets contained fewer fatty acids per
standardized 100 g portion (Fig. 4d; 5.6 gper100gvs 7gper100 g,
Welch t-test P=0.02).

To assess the overall association of MEDI predictions with food
frequency dataand gut microbiome composition, we compared beta
diversity between MEDI predictions, FFQ data and microbial species
abundancesin theiHMP cohort with Mantel permutation tests (Fig. 4e;
based on Bray-Curtis distances; see Methods). Beta diversity estimates
of MEDI-inferred food abundance were associated with FFQ beta diver-
sity estimated fromiHMP (r=0.082, P=0.001) as well as microbiome
beta diversity (r=0.081, P=0.001). FFQ beta diversity, however, was
notsignificantly associated with microbiome beta diversity (r= 0.041,
P=0.074), suggesting that MEDI estimates of dietary intake show a
stronger association with microbial community composition in the
human gut than FFQ data.

MEDI-inferred dietary intake was concordant with FFQ data from
both infants and adults. Reported consumption of fruits, vegetables
andcerealsled toincreased prevalence (logistic regression) and abun-
dance (linear regression) of food-derived reads in infants (Fig. 4f).
Within the adultiHMP cohort, food frequency patterns were captured
by MEDI estimates for both prevalence and abundance of several food
categories that could be mapped to FOODB food groups or subgroups
(Fig.4g), withthe exception of shellfish, which generally showed rela-
tive abundances beneath the MEDI detection limit (that is, less than
tenreads per sample on average; Fig. 2d).

Insummary, MEDIwas able to accurately capture many important
aspects of dietary and nutritional intake across infants and adults.

Applying MEDI to a study of metabolic syndrome

Toillustrate the ability of MEDI to identify dietary patterns associated
with health and disease states, we performed a cross-sectional study
toidentify dietary features associated with metabolicsyndromeinthe
absence of available dietary questionnaire data. Here, we leveraged a
subcohort of 533 individuals with paired faecal samples and metabolic
healthinformation from the METACARDIS study*. The selected cohort
consisted of 274 healthy individuals (healthy cohortin METACARDIS)
and 259 individuals with varying clinical manifestations of metabolic
syndrome, split into 134 individuals receiving medication (meta-
bolically matched cohort (MMC) in METACARDIS) and 125 untreated
individuals (untreated metabolically matched cohort (UMMC) in META-
CARDIS). MEDI identified a median of 1,687 food-derived reads per
sample (0-575,020; Fig. 5a). Wheat, hibiscus, cocoa, pork, oats and flax
were the most commonly detected food items in this cohort, accom-
panied by many food items that were only detected in small subsets
of the people (Fig. 5a). Similarly, MEDI-inferred macronutrient and
metabolite composition varied substantially across individuals, with
aset of highly prevalent compounds detected across the cohort and
other sets of metabolites only observed in small subgroups of individu-
als (Extended DataFig. 4). Nutritional profiles could be clusteredintoa
smaller subspace of carbohydrate and protein content, withatendency
towards higher energy contentin high-protein-low-carbohydrate diets
(Fig. 5b). However, neither protein nor carbohydrate content were

associated with metabolic syndrome (Welch t-test of healthy cohort
vs MMC and UMMC, both P> 0.05).

We next ran a systematic differential abundance analysis to iden-
tify dietary features associated with metabolic syndrome states (MMC
or UMMC) compared to healthy individuals. We found that faecal sam-
ples fromindividuals with metabolic syndrome contained 121% more
porkand 69% more chicken than samples from healthy controls, which
in turn showed greater abundances of apple, pineapple and tomato
DNA (Fig. 5¢; limma-voom regressions, all FDR-corrected P < 0.05). At
abroader taxonomic scale, metabolic syndrome was associated witha
lower abundance of Streptophyta, which includes most plants foundin
the humandiet, and aslight but non-significantincreased abundance
of Chordata, which include many animal-based foods (Fig. 5d). These
results are consistent with prior studies that have identified higher
consumption of animal products, such as pork, and lower consump-
tion of fruits and vegetables as risk factors for metabolic syndrome
and cardiovascular disease**',

Several MEDI-inferred macronutrient and metabolite abun-
dances (per standardized 100 g portion; Extended Data Fig. 5) were
associated with metabolic syndrome or healthin this cohort (Fig. 5e).
Beta-lactose and cholesterol abundances were slightly higher in indi-
viduals withmetabolic syndrome (25% and 15% increase, respectively;
FDR-corrected P=0.003 and 0.025), as were several fatty acidsinclud-
ing arachidonic and vaccenic acids. MEDI-inferred diets from healthy
individuals contained higher abundances of sugars (in particular,
fructose), myo-inositol and ellagic acid. Although it seems counter-
intuitive that higher sugar consumption protects against metabolic
syndrome, we note that MEDI does not quantify added sugars and is
limited to naturally occurring sugars that, for the most part, are coming
from fruits. This result provides a further caveat to interpreting MEDI
estimates, which appear to be generally effective at inferring whole
food intake but not at inferring processed food intake. In summary,
MEDI was able to identify dietary patterns known to be associated
with metabolic syndrome in a questionnaire-free setting, directly
from stool MGS data.

Discussion

Obtaining accurate and unbiased estimates of dietary intake from
large cross-sectional and longitudinal human cohorts is afundamen-
tal challenge that has yet to be resolved. Here, we introduce MEDI, a
semi-quantitative method for assessing dietary and nutritional intake
directly from human stool DNA. MGS of stool DNA is the current gold
standard in quantifying the taxonomic and functional composition
of the human gut microbiome, and MEDI makes it possible to derive
additional dietary intake information from this widely available data
type. MEDI will allow for the extraction of dietary information from
the hundreds of thousands of human stool metagenomic samples that
have been deposited in public databases.

Dietary patterns are a major determinant of microbiome com-
position and a strong confounder of human cohort studies. We
showed that MEDI estimates can recover dietary intake patterns in
two controlled-feeding studies and that MEDI-inferred nutrient profiles
show strongagreement with questionnaire-based nutrient profiles fora
set of common macronutrients and micronutrients. However, the sensi-
tivity of MEDI estimates was dependent on both sequencing depth and
the temporal offset between food records and stool sampling. MEDI
estimates tended to be sparse for lower-abundance food items. Specifi-
cally, we were often underpowered to detect lower-abundance foods
(less than ten reads per million; Figs. 2d and 4g), and MEDI-inferred
dietary intake was most resonant with food record data from more
than24-48 hbefore stool sampling (Extended Data Fig. 2b). Therefore,
targeting higher metagenomic sequencing depths per sample (for
example, >30 million reads, based on MEDI thresholds and observed
food abundances; see Methods and Fig. 4g), repeated samplings of
the same individual and accounting for intestinal transit times are
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Triticum aestivum
Hibiscus sabdariffa

Linum usitatissimum

Fagopyrum esculentum
Allium cepa

Arachis hypogaea
Spinacia oleracea
Prunus armeniaca
Phoenix dactylifera

Actinidia chinensis
Corylus avellana

Phaseolus vulgaris
Brassica juncea

Ribes glandulosum
Salmo salar
Vicia faba
Lathyrus sativus
Zinglber officinale
Solanum tuberosum
Pistacia vera

heumn rhabarbarum
Salvia elegans
Cicer arietinum
Phaseolus lunatus
Glycine max
Lupinus albus
Oryza sativa
Vigna radiata
Auricularia auricularjudae
Averrhoa carambola
Lens culinaris
Aronia melanocarpa
Mangifera indica

Species

Rosa spp.

Anethum foeniculum

Mytilus edulis
Meleagris gallopavo
Vaccinium myrtillus
Vaccinium corymbosum
Vaccinium vitis-idaea
Vaccinium macrocarpon
Cucurbita moschata
Cucurbita maxima
Capsicum annuum

Bos taurus

Juglans regia

Papaver somniferum
Pisum sativum

Solanum lycopersicum

Fig. 5| MEDI dietary intake estimates were associated with metabolic health.
a, MEDI-detected food abundances across a cohort of 533 metabolically healthy
and unhealthy individuals from the METACARDIS cohort. Fill colours denote
abundance (log,(reads +1)). Column annotations denote metabolic health
status from the original METACARDIS cohort. Row annotations denote the major
food groups from FOODB. b, Relationship between protein and carbohydrate
abundances for all samples. Fill colour denotes energy content. ¢, Food-derived
organisms with a significant association with metabolic health (FDR-corrected
P<0.05inalimma-voom regression of read counts vs metabolic health status).
Bars denote standard errors of the log,(fold change) (n = 533). Common food
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strategies that should optimize the performance of MEDI on human
cohorts.

Thetotalrelative abundances of food-derived reads varied greatly
acrossinfants and adults, ranging from 0-1.5% of the total sequencing
readsinadults and 0-8%in infants. This standsinstark contrast to bac-
terial or host-derived (human) reads, whose relative abundances do not
vary muchacrossindividuals after the first few weeks of life (Extended
DataFig.3). Thisis probably aconsequence of the dynamic and variable
nature of food items passing through the human body, and we postulate
that DNA from whole foods, especially from plants, is more likely to
survive passage through the gut than DNA from ultra-processed foods.
For example, the low prevalence of food DNA in infant samples could
be caused by breast milkintake (thatis, we do not consider human DNA
as acomponent of the diet) and the consumption of infant formula
(that s, highly processed food). Despite this inherent variation, the
relative abundance of food-derived DNA was strongly associated with
age in infants and mirrored the transition to solid foods. Food DNA
was found in most adult stool metagenomes (>98%) and recapitulated
FFQdata (Fig.4). However, FFQs only allowed for the quantification of
broad food groups, whereas MEDI could identify individual species

and distinguish between differences infood prevalence (consumption
frequency) and abundance (relative amount consumed).

Additionally, MEDI allows for the mapping of food items to nutri-
entand metabolite intake, given a representative portion. These esti-
mates of nutritional intake stood in good agreement with general
nutrition recommendations and were able to identify anticipated
shiftsinnutrient consumptionbetween infants and adults®>**>, We saw
strong agreement between MEDI estimates and nutrient intake data
from a controlled-feeding study for total energy, protein, carbohy-
drate, potassium, cholesterol and vitamin By, intake (Fig. 3). Finally,
MEDI-inferred nutritional intake was consistent with dietary markers
of metabolicsyndrome, evenin the absence of questionnaires or other
dietary metadata (Fig. 5).

MEDI may also provide insight into the consumption of certain
highly processed foods, owing to the presence of DNA that is prob-
ably derived from common non-caloric bulking agentsadded to these
foods, like cotton-derived cellulose and pine wood pulp***. Specifi-
cally, hibiscus (cotton plants are closely related to hibiscus) and pine
tree DNA were among the most prevalent food components identi-
fied in MEDI-inferred diets from the METACARDIS cohort. Although
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hibiscus flowers and pine nuts are also present in the diet (for example,
teaand pesto, respectively), cross-mapping of reads from cotton and
pinewood pulp canoccur. Inaddition to bulking agents, taxalike hibis-
cuscanbeturnedintonatural dyesthatare added to certain processed
foods, like meat products, alcoholic beverages or soft drinks®. Indeed,
we found significant associations between Hibiscus abundance and the
frequency of consuming processed meats, alcoholic beverages and soft
drinks (Extended DataFig. 6), suggesting that MEDI might also be used
toidentify or track certain food additives.

Limitations

Despite the promise of faecal DNA-based dietary tracking, there are
certain limitations to these approaches that merit discussion. MEDI
quantifies residual food DNA in human stool, whichis probably biased
towards whole foods and fails to capture certain aspects of dietary
intake. For example, we postulate that many commonly consumed food
items, including highly processed foods or supplements, donotleavea
residual DNA signalin stool. This bias extends to the subsequent nutri-
entmappings, whichdo notaccount for common dietary ingredients,
like added sugars or cooking oils. Thisis reflected in the observed posi-
tive association between MEDI-derived sugar abundances and better
metabolic health, as MEDI-predicted sugars are largely derived from
fruit®°%. However, there may be merit in disentangling sugars from
wholefoods, suchas fruits and vegetables, from processed sugar. Most
processed sugar is probably absorbed in the small intestine. Metabo-
lites associated with faecal DNA may have survived passage through
the upper gut and are more representative of the nutrient environment
inthe colon, whichis particularly relevant to the metabolic activity of
our commensal microbiota.

MEDI does not inherently account for differences in preparation
types of foods when predicting dietary nutrient content. By default,
MEDI calculates the mean nutrient content across all preparationtypes
for a given food item in FOODB. However, MEDI does allow users to
manually annotate the preparation types for food-derived DNA in a
sample when calculating nutrient composition if users have access to
preparation type information.

Another limitation is that existing food databases are biased
towards the diets of largely white, affluent populations in Europe and
America, often lacking foods consumed in indigenous societies, in
non-industrialized countries or within minority populations inindustri-
alized countries®*®°, Thisis part of alargerissue that, onaglobal scale,
many food items are poorly characterized'. As more food-related
organisms are sequenced and their nutrient contents are quantified,
MEDI inferences will become more and more accurate across diverse
human populations. Finally, many of the limitations outlined above
also extend to dietary questionnaires.

Applying MEDI to metagenomic data generated from individ-
ual food items, homogenized meals, saliva and stool from the same
individuals may help us to better understand DNA degradation
dynamics throughout the food preparation and digestion processes.
Furthermore, combining MEDI estimates with metabolomics or
amplicon-based approaches may help to resolve some of the limita-
tions discussed above. Finally, additional decoy genomes of common
model organisms, like the mouse genome, could be added to the MEDI
database to extend the method beyond human stool. A better under-
standing of the biases introduced into faecal DNA-based diet tracking
fromfood processing, cooking and digestion will serve toimprove the
quantitative accuracy of our method.

Conclusion

We have developed a data-driven methodology for estimating dietary
and nutritional intake from food-derived DNA in human faecal metage-
nomes, called MEDI. Although dietary questionnaires are still the gold
standard of dietary intake assessment, MEDI provides a secondary
alternative for approximating dietary intake that can be readily applied

tothelarge treasure trove of existing human stool MGS data for which
dietaryinformationis not currently available. By leveraging acommon
datatype thatis regularly collected to investigate the composition of
the humangut microbiota, MEDI provides a value addition to any past,
present or future metagenomic study for which rough estimates of
dietary intake would prove useful. We believe that MEDI will be a valu-
abletool for nutritionists, epidemiologists, anthropologists, clinicians
and microbiome researchers.

Methods

Food genome database and mapping hash construction
CSVfiles describing FOODB (v.1.0) were downloaded and all food items
that mapped to the NCBI Taxonomy Database were extracted. NCBI tax-
onomy IDs were mapped onto canonical ranks using taxonkit (v.0.15.0)
and searched for in NCBI GenBank first, followed by a search of the
NCBINucleotide Database. Manifest files listing all available assemblies
were downloaded from NCBI GenBank and each species ID from in
the prior step was searched forinthe assembly table. All food-derived
NCBItaxonomic IDs without a species-level match were then matched
at the genus level. Whenever there were multiple potential matches,
they were ranked in preference by submission date, preferring most
recent to oldest, and by RefSeq quality, preferring ‘reference genome’
over ‘representative genome’. Finally, within this ordering, additional
tieswere cleared by the assembly type, preferring complete genomes
to chromosomes, followed by contigs. All food-derived taxa without
amatch to NCBI GenBank were then searched in the full NCBI Nucleo-
tide Database for any partial genomic assembly or genes of at least
10,000 bpinlength, returning the longest contiguous sequences and
up toamaximumof 500 records. Similarly, NCBI Nucleotide Database
searches were first performed on the species rank, followed by asearch
onthe genus rank, for all non-identified taxa. All matched assemblies
were then downloaded in parallel using the NCBI eFetch API, annotated
with the corresponding NCBI taxonomic ID in Kraken annotation for-
mat, and compressed. Average nucleotide identity was estimated using
the SOURMASH (v.4.8.2) ‘compare —ani’ command.

Food information, macronutrient composition, energy content
and detailed metabolite abundances were extracted from the FOODB
dataforeach matched taxon. Macronutrients and energy content were
extracted from the ‘Nutrient’ source type in FOODB and metabolite
abundances from the ‘Compound’ source type. Here, the standardized
contents fromthe FOODB were used as abasis and converted to mg per
100 gby amanual mapping of all unique abundance unitsinthe FOODB
to the appropriate scaling factor. To ensure an accurate reflection of
nutrient profiles, manual curation of the FOODB was performed. For
this, common food items were cross-checked by comparing their
macronutrient composition to what was found in FDC (https://fdc.
nal.usda.gov). Most macronutrients were in line with FDC data, but
energy content and cholesterol content did not agree. Standardized
energy content exceeded the theoretical maximum of 900 kcal per
100 g for several food items in FOODB. However, the original content
(‘orig_content’entryin FOODB) wasin the correct range and did agree
with FDC data. Additional validation of energy content was performed
by calculating energy values based on the Atwater method from the
macronutrient content of proteins, carbohydrates and fat. Calculated
energy and energy values from the original content entries showed
a Pearson correlation of 0.98 (Extended Data Fig. 6a). Additionally,
the histogram of cholesterol abundances in the FOODB showed a
separated group of unreasonably high cholesterol contents for some
foods (Extended Data Fig. 6b), often exceeding 1g per 100 g. Given
that unreasonably high values were usually off by a factor of1,000.0,
we assumed that this was caused by a mixup of pg and mg during data
entry. Adjusting cholesterol values from the high group by dividing
by a factor of 1,000 led to agreement with the cholesterol content
in the FDC data and was used as standardized content in the derived
MEDI database.
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A new Kraken 2 database was built using the same initial taxon-
omy dump as used in the previous ID matching with the kraken2-build
command using Kraken v.2.1.3. This database was first filled with
decoy sequences, comprising all complete genomes from bacteria,
archaea, viruses, plasmids, common vector contaminants (UniVec
core) and the human reference genome (GRCh3838), sourced from
NCBIGenBank. The raw hash table of food-related genomic sequences
and decoy genomes was approximately 420 GB in size. The database
was then indexed with Bracken for 100 bp and 150 bp reads. The
self-classification step required to calculate the k-mer distributions
for Bracken was performed manually as a separate step and used the
same memory mapping and caching strategy as described below for
the mapping.

Metagenomic data download and preprocessing

Raw MGS datawere downloaded from the National Institutes of Health
(NIH) Sequence Read Archive (SRA) for all datasets using the SRA
download pipeline from https://github.com/gibbons-lab/pipelines.
Preprocessing was performed using FASTP®, trimming the first five
bases at the 5’ end and using a sliding window trimming on the 3’ end
with a cutoff of a quality score of 20. Reads shorter than 50 bp after
trimming were discarded from the analysis. Quality control summaries
wereinspected using MultiQC®, verifying that samples were free of any
remaining sequencing adaptors and that the insert size in paired-end
datawas correct.

Metagenomic mapping and read counting

The MEDI pipeline was implemented as a set of Nextflow workflows®
andis available at https://github.com/gibbons-lab/medi. For all map-
ping performed in this publication, Kraken 2 was run with memory
mapping turned on to parallelize database loading across all run-
ning mapping processes. This allowed for instantaneous parallelized
reading of the large mapping index and led to much lower amortized
computation time for individual processes, as subsequent sample
processing would use acached version of the hash (see Extended Data
Fig.1). Toextend this strategy to high-performance computing clusters,
in which samples are usually processed on different compute nodes,
we implemented a batch strategy whereby several hundred samples
were collected into a single batch that was guaranteed to run on the
same compute node. Using six CPUs, this resulted in classification rates
of around 300,000 reads per second on the local high-performance
computing cluster using SLURM (MedBioNode at the Medical Univer-
sity of Graz).

Kraken2was run with adefault confidence cutoffof 0.3 toensure
sufficient specificity in LCA calculation. Toimprove mapping accuracy,
we also combined this with an additional post-mapping filter that
worked specifically on the canonical ranks of reads and the individual
k-mers classified within each read (Fig. 2a). Here, reads were filtered
based on cutoffs for consistency, mapping entropy and multiplicity.
Consistency denotes the fraction of k-mer-level taxonomy assignments
thatare contained in thefinal read classification. Hence, let S; = {s,};be
the set of taxonomicidentifiers assigned toreadiforallranks randlet
K; = {k ;} be the LCA taxonomy assignments for each classified k-mer

Jinreadi. The consistency of read i is then given by C; = |{k ; € S;}|/|K;.
A consistency of 1means that allindividual k-mer assignments fall onto
asingle taxonomic path, whereas alow consistency means that many
individual k-mer assignments lie on conflicting branches of the phylo-
genetic tree. Multiplicity is the number of unique k-mers assignments
atthesamerankrastheread assignment, M; = |tk jlrank(k ;) = r}} Finally,
mapping entropy is the Shannon index of the k-mer assignments on
the samerank as the final read assignment. Thus, if p,(k)is the relative
frequency of taxon k at rank r (relative abundance of k-mer classifica-
tions within the read), then the mapping entropy is given as
—X..pir(k) log p;;(k). Scoring and filtering methods were implementedin
the architeuthis software (https://github.com/cdiener/architeuthis)

in the Go programming language (https://golang.org). After Kraken 2
read-level classification, we removed all reads with consistency of
<0.95, entropy of >0.1 and multiplicity of >4. This typically removed
about 10% of the classified reads from Kraken 2. Final abundance esti-
mation was performed with Bracken, using a minimum clade abun-
dance of ten reads to avoid redistribution to taxa with very low
occurrence.

MBD study

The MBD study was arandomized crossover controlled study in which
participants consumed two diets with a >14-day washout in between
the two diet periods (NCT02939703). The full methods and results
have been previously published*"**. In brief, diets were prepared ina
metabolic kitchen to precisely match each study participant’s meas-
ured energy expenditure. The diets were matched in total macronu-
trients. The MBD was designed to maximize dietary substrates that
reach the colon by being high in fibre, high in resistant starch, rich
in whole foods and limited in processed foods. The Western diet was
the opposite, essentially ‘starving’ the colonic microbes. Diets were
consumed outpatient for 11 days and inpatient for 11 days. Adherence
to provided diets was monitored and was ~100%. Faecal samples were
collected while participants were domiciled in our metabolic ward
and were processed under an anaerobic hood within 1 h of produc-
tion. The metagenomic sequences were derived from samples that
were composited over 6 days of controlled feeding. Raw sequencing
data were downloaded as FASTQ data as described above from the
SRA projects PRINA913183 and PRJNA947193. A total of 17 individuals
completed the crossover study, providing samples for the two dietary
interventions for eachindividual. When metagenomic samples existed
forasingleindividualand dietary intervention combination, we chose
the sample with the largest sequencing depth. This yielded the final
dataset of 34 samples*’. Beta diversity was calculated using Bray-Curtis
distances ontherelative abundance data of food items for all samples
with atleast oneread mapped tofooditems. Non-metric multidimen-
sional scaling of the Bray-Curtis distances was performed using the
‘metaMDS’ function fromthe ‘vegan’R package (https://cran.r-project.
org/package=vegan). Association with dietary intervention groups
was assessed with PERMANOVA using the ‘adonis2’ function from the
‘vegan’ package with 1,000 random permutations of the data. Differ-
encesin total faecal food abundances were assessed by comparison of
the total relative abundance of food items in both diet groups using a
Mann-Whitney U-test for all samples that had at least one detected
food read (30 out of 34 samples).

PATH study
Raw sequencing data in FASTQ format, metadata and dietary record
data were provided by the study authors based on what was reported
in the original study**. FASTQ files were preprocessed and analysed
using MEDI as before. Data from baseline faecal samples were not
used here. Differential abundance for food items was assessed using
limma-voom log-normal regression on the food species read counts.
FDR was controlled using the Benjamini-Hochberg method (g < 0.05).
The temporal offset between food diary entry and faecal samples
was calculated from the faecal sampling timepoint (including time
down to minutes) and the food diary entry date that corresponded to
the consumption time (date only). A reference time of 0:00 was used
for the food diary entry, yielding the largest possible offset between
a pair of a single faecal sample and food diary entry for a single indi-
vidual. A positive offset denoted a faecal sample obtained after food
diary entry and a negative offset denoted faecal samples obtained
before food entry. A set of common macronutrients and some repre-
sentative micronutrients were selected, and their IDs were mapped
manually between MEDI IDs and the identifiers used in the food diary
nutrient data. Standard errors for each data point were calculated as
s.d./sqrt(n). Agreements between MEDI predictions (single value for
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eachindividual obtained from therespective faecal sample) and mean
nutrient abundances from food diaries were assessed using Pearson
moment-product correlation. Analyses for specific offset groups were
run by grouping offsets into quantile groups of <0 h,0-48 h,48-96 h
and >96 h, yielding similar sample sizes for each group, and assessing
correlations using means from only the specific quantile group (see
Extended Data Fig. 2).

Infant metagenomic time series

Raw sequencing data were downloaded and processed from the NIH
SRA project PRJNA473126 as described above. Preprocessed FASTQ
files were then analysed withthe MEDI pipeline, described earlier. Diet
summaries fromthe metadata provided on SRA were used to identify
infant-timepoint pairs, when a specific food group was consumed.
The onset of solid food consumption was the first timepoint for each
infant, when solid foods like fruits, meat, cereal or sweets were listed
inthe diet summary. Associations of total food reads against age were
runin alinear mixed-effects model using log,,(reads + 1/ total reads)
as the dependent variable and infant age as a fixed effect, with ran-
dom intercepts and slopes for individual infants. The delivery mode
(categorical: vaginal birth vs caesarean) and abundance of bacterial
reads (log,,(bacteria reads +1/ total reads)) were used as covariates.
Statistical significance for individual covariates was obtained using
Satterthwaite’s degrees of freedom method in the ‘ImerTest’ R pack-
age (https://cran.r-project.org/package=ImerTest). To evaluate asso-
ciations with FFQs, food reads were first summed for all food items
in the vegetable and fruit food groups in the FOODB to yield a ‘fruits
and vegetables’ abundance and separately for the cereal FOODB food
group to obtain read counts for cereals. Significance for abundances
was then assessed by a Welch t-test of relative abundances (group food
reads / total reads) between infants who consumed the specific food
group and those who did not. Significance for prevalence was assessed
by logistic regression onindicator variables being set to oneif the food
group was detected in the sample (groups reads > 0) or to zero other-
wise, with the consumption group from FFQs as a categorical covariate.

iHMP Project inflammatory bowel disease data

Alist of individual run IDs was obtained from the NIH SRA bioproject
PRJNA398089, keeping data from only healthy controls. Metadata
for the samples were downloaded from https://ibdmdb.org, keeping
only those raw FASTQ files with amatch to the metadata. Samples were
processed as described above and analysed with the MEDI pipeline. All
iHMP raw sequencing files were also processed by anin-house metagen-
omics pipeline thatuses Kraken2 and Bracken with the default database
(not containing foods) (https://github.com/gibbons-lab/pipelines).
Bracken-estimated species abundances were averaged across all sam-
ples, and only taxa with at least 100 reads on average were kept. This
yielded an average abundance profile for non-food-associated taxain
the human gut, representing the full diversity of the 365 individuals.
Macronutrient profiles were provided by MEDI as described before in
units of mg per100 gand converted to g per100 g. Energy content was
provided askcal per 100 g. For comparisons withinfant data, extracted
macronutrients and energy abundance were tested with a Welch ¢-test
across groups.

To evaluate associations with FFQs, coarse food groups in the
iHMP metadata were first manually mapped to an appropriate set of
food groups in FOODB. No overlap in food items between different
food groups was observed. The fullmapping rules canbe found in the
source code repository in the ‘thmp.rmd’ R markdown notebook. Food
reads were first summed for all food items in the tested food group to
obtainread counts for cereals. Consumption frequenciesinthe iHMP
metadata were translated to mean intake frequencies. For instance,
‘within the past 2 to 3 days’ would yield a frequency of 1/ (2.5 days)
and ‘yesterday, three or more times’ would yield 3 / (1 day). Signifi-
cance for abundances was thenassessed by alinear regression of log,,

relative abundances with pseudocounts (group food reads +1/ total
reads) with the obtained FFQ consumption frequencies asa covariate.
Significance for prevalence was assessed by logistic regression onindi-
cator variables being set to one if the food group was detected in the
sample (groupsreads > 0) or to zero otherwise, with the consumption
frequency from FFQs as a continuous covariate.

For beta diversity analysis, bacteria and archaea species abun-
dances were extracted from the Bracken output (S_counts.csv file
returned by MEDI) and converted to relative abundances by dividing
individual species read countsin each sample by the sum of Bacteria and
Archaeareadsineach sample. We opted not to normalize by total reads
counts here tonotintroduce bias, as this would also contain food reads,
thus yielding smaller relative microbiome abundances for samples with
ahigh proportion of food reads. Species were filtered for those with at
least tenreads onaverage across all samples, and pairwise Bray-Curtis
distances between samples were calculated. For FFQ distances, food
frequenciesinl/day as derived above were used to calculate Bray-Cur-
tisdistances between samples, yielding aminimum distance when two
individuals consumed the same food groups with the same frequency.
MEDIfood abundances were first transformed torelative abundances by
dividing by the sum of food readsin each sample with asimilar reasoning
asformicrobiome data. Food items were filtered to those appearingin
atleast10% of alliHMP samples to limit the influence of missing obser-
vations. Thisyielded atotal of 16 common food items, whichwasinthe
same range as the food groups covered by the FFQ data (19 groups).
Bray-Curtis distances were calculated between all sample pairs to
yield the MEDIbeta diversity data. Associations between pairwise beta
diversity measures were then assessed with Mantel tests, using 1,000
random permutations and the Pearson product-moment correlation.

METACARDIS data

Raw sequencing data were downloaded and processed from the NIH
SRA project PRJEB37249 as described above and analysed with MEDI;
metadatawere obtained from Supplemental Table 14 of the associated
publication®. From the 888 processed samples, 533 matched either
healthy controls, MMC or UMMC groups (where MMC and UMMC
groupsindividuals with metabolic syndrome). Differential abundance
for food items was assessed using limma-voom log-normal regres-
sion on the taxon read counts. Only food items that appeared in more
than 10% of all samples with an average of ten reads or higher were
tested. FDR was controlled using the Benjamini-Hochberg method
(g <0.05). Phyla differential abundance testing was performed in the
same manner after summing food reads on the phylum rank. Differen-
tial abundance for food content was also assessed using limma, with
linear regression onlog-transformed food abundances withanadded
pseudo-abundance of 1 x 107° to avoid taking the logarithm of zero
abundances (log,,(standardized abundance +1x107°)). Only nutrients
and compoundsthatappearedin more than 10% of all samples with an
average abundance of1 x 10~ mg per 100 g or higher were tested. FDR
was again controlled using the Benjamini-Hochberg method (g < 0.05).

Statistics and reproducibility

In this study, we performed analyses exclusively on data from previ-
ously conducted studies and therefore sample sizes were not deter-
mined a priori. Effect sizes are similar to what was observed in previous
studies*’*, C.D., K.F. and S.M.G. were blinded to the food items con-
tained in the MBD diet until after the analyses were conducted. Thus,
inference of the food components of the MBD diet was conducted
without knowledge of the ground truth. Sensitivity was assessed using
the deeply sequenced iHMP cohort. Some low-abundance foods, such
asbeans and fish, were quantified with abundances aslowas 0.3 reads
per million, evenin the high consumption frequency groups (Fig. 4g).
Given that MEDI does require at least ten reads to call afood genome
as presentin asample, this suggests a minimum sequencing depth of
around 30 million reads to reliably quantify those food groups. No
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data were excluded from the analyses. We generally chose statistical
tests that were either non-parametric or robust to violations of data
distribution. However, data distributions were not formally tested.

Simulated ground-truth data

Reference genomes for all bacteriaand archaeain the decoy dataused
inthe Kraken 2 mapping database were downloaded along witha1000
Genomes Project human genome assembly®. This human genome
assembly was used instead of the one in the Kraken 2 database to test
for the effect of having human sequence fragments that may not have
beenrepresented inthe decoy database. A background relative abun-
dance distribution for bacterial, archaeal and viral taxa was established
using the iHMP healthy cohort, as described above. The respective
NCBItaxonomy IDs for each speciesin the average abundance profile
were used to match organisms to reference genomes from the NCBI
RefSeq database and download the assembliesin FASTA format. Reads
of 150 bp length were sampled with DWGSIM (https://github.com/
nh13/DWGSIM), using a uniformly decreasing (5’ to 3’) error rate of
0.001-0.005 for the forward reads and 0.05-0.01for the reverse reads
to a final depth of ten million paired-end reads per sample. For this
process, reads were sampled from each individual reference genome
to afinal n of r;x 10,000,000, where r; is the relative abundance of
taxon i in the background abundance profile. Four negative-control
samples were generated by sampling from the background only with-
out introducing any food reads. Positive samples were generated by
repeatedly choosing ten random food species and adding one million
reads to nine million reads of the background (10% final food-read
abundance) using the food genomic sequences downloaded during
database construction and read sampling as described above. Indi-
vidual food abundances were staggered by a natural log level for each
of the ten food items, yielding ten log levels of abundance variation,
ranging fromless thanten to more than half a million reads across the
tenfood species. The simulation of food-positive samples was repeated
16 times (16 random sets of ten foods). After sampling, reads were shuf-
fled and quantified using the MEDI mapping pipeline described before.
The false-positive mapping rate was quantified as the fraction of reads
that were assigned to afood item not present in the sample. Mapping
accuracy was quantified as the Pearson product-moment correlation
of expected log-transformed relative read abundance +1 versus the
observed log-transformed read abundance +1.

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

Data availability

Datafor specific food items are available at https://foodb.ca. Individual
matched genomicassemblies can be downloaded from GenBank or the
Nucleotide Database and are listed at https://github.com/Gibbons-Lab/
medi-paper/blob/main/db/data/manifest.csv. Metagenomic sequenc-
ing data for the studied cohorts are available on the NCBI SRA under
accession numbers PRJNA473126 (infants), PRINA398089 (iHMP),
PRJEB37249 (METACARDIS), PRJNA947193 (MBD) and PRJNA1198318
(PATH). Source data are provided with this paper.

Code availability

All intermediate data files, metadata and analysis code have been
uploaded to GitHub (https://github.com/Gibbons-Lab/medi-paper).
The MEDI software package is available on GitHub (https://github.
com/Gibbons-Lab/medi).
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Extended DataFig. 2| Foods and nutrients in controlled feeding studies.

(a) Food abundances in the MBD cohort by diet group (n =30). Boxplots show
25%,50%, and 75% quantiles.The center denotes the median and whiskers

extend to the smallest and largest data points within 1.5 interquartile ranges. (b)
Correlation between MEDI estimates and ground truth for varying fecal samples/
food diary entry offsets. (c) MEDI predictions of total fiber content from fecal
DNA (y-axis) and nutrient consumption of sugars, fibers and grains obtained
from food diaries (x-axis) in a controlled-feeding study (PATH), where the dietary
intake recorded in the daily food record precede the stool sample by at least 48 h.

Each point denotes asingle individual. For the food diaries, points represent
means over all measured intake amounts and error bars denote the standard
error of the mean (sd/sqrt(n)), normalized to a100 g portion (all samples within
the offset, 38 individuals with 124 food record diary entries). For the MEDI data,
points x-coordinate represent point estimates of intake based on weighting
nutrient profiles of food items by food item relative abundance and assuming a
100 g portion. Blue lines denote regression slopes and gray areas represent 95%
confidence intervals. Annotations denote correlation coefficient (r) and p-value
(p) from a Pearson product-moment correlation test.
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method, thus, cross-sectional power was not assessed. Detection power was assessed with simulated ground truth data and 80% detection
power was achieved with 10-100 true positive reads.

Data exclusions  We did not exclude data during the course of the analysis. Prior to the analyses, samples in the iHMP cohort with missing metadata could not
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indicating whether exclusion criteria were pre-established.
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Field work, collection and transport

Field conditions Describe the study conditions for field work, providing relevant parameters (e.g. temperature, rainfall).

Location State the location of the sampling or experiment, providing relevant parameters (e.g. latitude and longitude, elevation, water depth).
Access & import/export | Describe the efforts you have made to access habitats and to collect and import/export your samples in a responsible manner and in
compliance with local, national and international laws, noting any permits that were obtained (give the name of the issuing authority,

the date of issue, and any identifying information).
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Materials & experimental systems Methods
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Antibodies

Antibodies used Describe all antibodies used in the study, as applicable, provide supplier name, catalog number, clone name, and lot number.

Validation Describe the validation of each primary antibody for the species and application, noting any validation statements on the
manufacturer’s website, relevant citations, antibody profiles in online databases, or data provided in the manuscript.

Eukaryotic cell lines

Policy information about cell lines and Sex and Gender in Research

Cell line source(s) State the source of each cell line used and the sex of all primary cell lines and cells derived from human participants or
vertebrate models.

Authentication Describe the authentication procedures for each cell line used OR declare that none of the cell lines used were authenticated.

Mycoplasma contamination Confirm that all cell lines tested negative for mycoplasma contamination OR describe the results of the testing for
mycoplasma contamination OR declare that the cell lines were not tested for mycoplasma contamination.

Commonly misidentified lines Name any commonly misidentified cell lines used in the study and provide a rationale for their use.
(See ICLAC register)

Palaeontology and Archaeology

Specimen provenance Provide provenance information for specimens and describe permits that were obtained for the work (including the name of the
issuing authority, the date of issue, and any identifying information). Permits should encompass collection and, where applicable,
export.

Specimen deposition Indicate where the specimens have been deposited to permit free access by other researchers.




Dating methods If new dates are provided, describe how they were obtained (e.g. collection, storage, sample pretreatment and measurement), where
they were obtained (i.e. lab name), the calibration program and the protocol for quality assurance OR state that no new dates are
provided.

|:| Tick this box to confirm that the raw and calibrated dates are available in the paper or in Supplementary Information.

Ethics oversight Identify the organization(s) that approved or provided guidance on the study protocol, OR state that no ethical approval or guidance
was required and explain why not.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Research
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Wild animals Provide details on animals observed in or captured in the field; report species and age where possible. Describe how animals were
caught and transported and what happened to captive animals after the study (if killed, explain why and describe method, if released,
say where and when) OR state that the study did not involve wild animals.

Reporting on sex Indicate if findings apply to only one sex; describe whether sex was considered in study design, methods used for assigning sex.
Provide data disaggregated for sex where this information has been collected in the source data as appropriate; provide overall
numbers in this Reporting Summary. Please state if this information has not been collected. Report sex-based analyses where
performed, justify reasons for lack of sex-based analysis.

Field-collected samples | For laboratory work with field-collected samples, describe all relevant parameters such as housing, maintenance, temperature,
photoperiod and end-of-experiment protocol OR state that the study did not involve samples collected from the field.

Ethics oversight Identify the organization(s) that approved or provided guidance on the study protocol, OR state that no ethical approval or guidance
was required and explain why not.

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

Clinical data

Policy information about clinical studies
All manuscripts should comply with the ICMJE guidelines for publication of clinical research and a completed CONSORT checklist must be included with all submissions.

Clinical trial registration | Provide the trial registration number from ClinicalTrials.gov or an equivalent agency.

Study protocol Note where the full trial protocol can be accessed OR if not available, explain why.
Data collection Describe the settings and locales of data collection, noting the time periods of recruitment and data collection.
Outcomes Describe how you pre-defined primary and secondary outcome measures and how you assessed these measures.

Dual use research of concern

Policy information about dual use research of concern
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Could the accidental, deliberate or reckless misuse of agents or technologies generated in the work, or the application of information presented
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Seed stocks
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ChlP-seq
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plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches,
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number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe
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off-target gene editing) were examined.

Data deposition

|:| Confirm that both raw and final processed data have been deposited in a public database such as GEO.

|:| Confirm that you have deposited or provided access to graph files (e.g. BED files) for the called peaks.

Data access links

For "Initial submission" or "Revised version" documents, provide reviewer access links. For your "Final submission" document,

May remain private before publication. | provide a link to the deposited data.

Files in database submission Provide a list of all files available in the database submission.
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Methodology
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Sequencing depth
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Peak calling parameters

Data quality

Software

Provide a link to an anonymized genome browser session for "Initial submission" and "Revised version" documents only, to
enable peer review. Write "no longer applicable" for "Final submission" documents.

Describe the experimental replicates, specifying number, type and replicate agreement.

Describe the sequencing depth for each experiment, providing the total number of reads, uniquely mapped reads, length of reads and
whether they were paired- or single-end.

Describe the antibodies used for the ChiP-seq experiments; as applicable, provide supplier name, catalog number, clone name, and
lot number.

Specify the command line program and parameters used for read mapping and peak calling, including the ChIP, control and index files
used.

Describe the methods used to ensure data quality in full detail, including how many peaks are at FDR 5% and above 5-fold enrichment.

Describe the software used to collect and analyze the ChiP-seq data. For custom code that has been deposited into a community
repository, provide accession details.
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Flow Cytometry

Plots
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|:| The axis labels state the marker and fluorochrome used (e.g. CD4-FITC).

|:| The axis scales are clearly visible. Include numbers along axes only for bottom left plot of group (a 'group' is an analysis of identical markers).
|:| All plots are contour plots with outliers or pseudocolor plots.
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Methodology

Sample preparation Describe the sample preparation, detailing the biological source of the cells and any tissue processing steps used.

Instrument Identify the instrument used for data collection, specifying make and model number.

Software Describe the software used to collect and analyze the flow cytometry data. For custom code that has been deposited into a
community repository, provide accession details.

Cell population abundance Describe the abundance of the relevant cell populations within post-sort fractions, providing details on the purity of the
samples and how it was determined.

Gating strategy Describe the gating strategy used for all relevant experiments, specifying the preliminary FSC/SSC gates of the starting cell

population, indicating where boundaries between "positive" and "negative" staining cell populations are defined.

|:| Tick this box to confirm that a figure exemplifying the gating strategy is provided in the Supplementary Information.

Magnetic resonance imaging

Experimental design

Design type Indicate task or resting state; event-related or block design.

Design specifications Specify the number of blocks, trials or experimental units per session and/or subject, and specify the length of each trial
or block (if trials are blocked) and interval between trials.

Behavioral performance measures State number and/or type of variables recorded (e.g. correct button press, response time) and what statistics were used
to establish that the subjects were performing the task as expected (e.g. mean, range, and/or standard deviation across

subjects).
Acquisition

Imaging type(s) Specify: functional, structural, diffusion, perfusion.

Field strength Specify in Tesla

Sequence & imaging parameters Specify the pulse sequence type (gradient echo, spin echo, etc.), imaging type (EPI, spiral, etc.), field of view, matrix size,
slice thickness, orientation and TE/TR/flip angle.

Area of acquisition State whether a whole brain scan was used OR define the area of acquisition, describing how the region was determined.

Diffusion MRI [ ] Used [ ] Not used

Preprocessing

Preprocessing software Provide detail on software version and revision number and on specific parameters (model/functions, brain extraction,
segmentation, smoothing kernel size, etc.).

Normalization If data were normalized/standardized, describe the approach(es): specify linear or non-linear and define image types used for
transformation OR indicate that data were not normalized and explain rationale for lack of normalization.

Normalization template Describe the template used for normalization/transformation, specifying subject space or group standardized space (e.g.
original Talairach, MNI305, ICBM152) OR indicate that the data were not normalized.

Noise and artifact removal Describe your procedure(s) for artifact and structured noise removal, specifying motion parameters, tissue signals and
physiological signals (heart rate, respiration).




Volume censoring Define your software and/or method and criteria for volume censoring, and state the extent of such censoring.

Statistical modeling & inference

Model type and settings Specify type (mass univariate, multivariate, RSA, predictive, etc.) and describe essential details of the model at the first and
second levels (e.g. fixed, random or mixed effects; drift or auto-correlation).

Effect(s) tested Define precise effect in terms of the task or stimulus conditions instead of psychological concepts and indicate whether
ANOVA or factorial designs were used.

Specify type of analysis: [ | whole brain || ROI-based [ | Both

Statistic type for inference Specify voxel-wise or cluster-wise and report all relevant parameters for cluster-wise methods.

(See Eklund et al. 2016)

Correction Describe the type of correction and how it is obtained for multiple comparisons (e.g. FWE, FDR, permutation or Monte Carlo).

S
Q
o
c
=
®
O
O
=
©)
=
—
@
O
O
=1
S
@
wv
c
3
3
D
=
2

Models & analysis

n/a | Involved in the study
|:| |:| Functional and/or effective connectivity

|:| |:| Graph analysis

|:| |:| Multivariate modeling or predictive analysis

Functional and/or effective connectivity Report the measures of dependence used and the model details (e.g. Pearson correlation, partial correlation,
mutual information).

Graph analysis Report the dependent variable and connectivity measure, specifying weighted graph or binarized graph,
subject- or group-level, and the global and/or node summaries used (e.g. clustering coefficient, efficiency,
etc.).

Multivariate modeling and predictive analysis Specify independent variables, features extraction and dimension reduction, model, training and evaluation
metrics.
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