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Although dietis a substantial determinant of the human gut microbiome,
the interplay between specific foods and microbial community structure
remains poorly understood. Coffee is a habitually consumed beverage
with established metabolic and health benefits. We previously found that
coffeeis,among >150 items, the food showing the highest correlation with
microbiome components. Here we conducted a multi-cohort, multi-omic
analysis of US and UK populations with detailed dietary information from

atotal of 22,867 participants, which we then integrated with public data
from 211 cohorts (N = 54,198). The link between coffee consumption and
microbiome was highly reproducible across different populations (area
under the curve of 0.89), largely driven by the presence and abundance of
the species Lawsonibacter asaccharolyticus. Using in vitro experiments,
we show that coffee can stimulate growth of L. asaccharolyticus. Plasma
metabolomics on 438 samples identified several metabolites enriched
among coffee consumers, with quinic acid and its potential derivatives
associated with coffee and L. asaccharolyticus. This study reveals a
metabolic link between a specific gut microorganism and a specific food
item, providing a framework for the understanding of microbial dietary
responses at the biochemical level.

Coffee is consumed almost worldwide and has been shown to exert
beneficial effects on human health, including lowering all-cause and
cardiovascular disease-specific mortality'?, risks of type 2 diabetes™*,
non-alcoholic fatty liver disease’ and cancer®’, as well as other diseases™’.
Coffee’s nutritional epidemiology is unique in that it is typically either
consumed every day or not consumed at all and is thus reported with
high accuracy™. Combined with its unique chemical composition, this
makes coffee an excellent model to unravel the metabolomic processes
by which the gut microbiome responds to dietary components.
Thebenefits of coffee may be ascribable to some of its polyphenol
components including chlorogenic acid, the caffeic ester of quinic

acid, and N-methylpyridium, a derivative of trigonelline®"*°, The gut
microbiome is involved in the metabolism of coffee and potentially
mediates its health effects™'>'*?" %, One small study showed anincrease
in Bacteroides, Porphyromonas and Prevotella among coffee drinkers
in a cohort of 147 healthy individuals using quantitative PCR??. A 16S
ribosomal RNA gene amplicon sequencing study on the effects of cof-
fee on murine gut microbial communities also reported an increase
in Prevotella™. Similarly, 16S rRNA gene amplicon sequencing of the
colonic mucosal microbiomes from 34 healthy participants showed
higher alpha diversity and anincrease in the genera Faecalibacterium
and Alistipesinresponse to caffeine?. In support of the uniqueness of
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coffee’sinteraction with the gut microbiome, our initial ZOE Personal-
ized Responses to Dietary Composition Trial (PREDICT 1) metagenom-
ics study” showed that coffee consumption had, among over 150 food
items, the highest correlation with gut microbiome composition in
~1,000 individuals.

In this study, we conducted the largest investigation so far of
the human gut microbiome link with coffee consumption by leverag-
ing the ZOE PREDICT cohorts, the Mind-Body Study (MBS) and the
Men’s Lifestyle Validation Study (MLVS). Together, we analysed over
22,000 shotgun metagenomic samples from participants who pro-
vided detailed reports onlong-term coffee consumption. This showed a
tightinterplay between coffee and a specific microbiome member, the
Lawsonibacter asaccharolyticus species, which was recently isolated
from human faeces?. We verified that it grows better in vitro when
mediais supplemented with coffee. By analysing joint plasma metabo-
lomes, we showed a L. asaccharolyticus-dependent increase in blood
levels of quinicacid, trigonelline and caffeine, plus other uncharacter-
ized molecules, among coffee drinkers compared with non-drinkers.
This work helps unravel the role of the human microbiome in coffee
metabolism and shows the potential for future microbiome studies
ofindividual dietary factors.

Results

Studying the interplay between coffee and the microbiome

A total of 35,214 metagenomes from five ZOE PREDICT cohorts (PRE-
DICT1, PREDICT2, PREDICT3 US21, PREDICT3 US22A and PREDICT3
UK22A)%, the MBS?, and the MLVS?’ were included in this study,
together with 18,984 metagenomes from public sources including
healthyindividuals (n = 8,728), non-Westernized individuals (n =1,195;
Methods), newborns and infants (n=1,623), ancient microbiome sam-
ples (n=37), non-human primates (n =201) and 7,423 samples from
individuals withaspecific disease (35 diseases). Overall, these sets lead
toatotal number of 54,198 metagenomic samples considered (Fig. 1a),
all profiled using MetaPhlAn 4 (ref. 30). In addition, the metagenomic
profiles of 23,115 of these samples were coupled with highly detailed
food frequency questionnaires (FFQs) covering over 150 food items
from the PREDICT1, PREDICT2, PREDICT3 US22A, PREDICT3 UK22A,
MBS and MLVS cohorts (Methods). We also analysed 438 plasma metab-
olomes and 364 faecal metatranscriptomes from the MBS and MLVS
cohorts (Fig. 1b).

Taking advantage of the four PREDICT cohorts with full dietary
information (n =22,595), we first used a random forest algorithm to
associate single food items with microbiome. Microbiome species-level
genome bin (SGB) composition was highly predictive of total coffee
intake from FFQsin a cross-validation setting. Spearman’s correlation
between predicted versus real coffee consumption reached values
above 0.5 for the PREDICT1, PREDICT3 US22A and PREDICT3 UK22A
studies. When using random forests to distinguish the top versus bot-
tom quartiles of food intake, coffee was again the one most accurately
predicted by microbiome composition (areaunder the curve (AUC) of
>0.8; Fig. 1¢). Importantly, milk, dairy cream, sugar and honey, which
are commonly added to coffee and are present in the PREDICT FFQs,
achieved much lower prediction performances (Spearman’s p < 0.1,
AUC -0.55-0.58), with the only partial exception of milk and soy/rice
milkinthe PREDICT3 UK22A cohort (p = 0.26 and 0.21, AUC of 0.76 and
0.7, respectively). Coffeeis therefore not only afood with ascertained
health effects, but also most strongly associated with the human micro-
biome among -150 food items.

Coffee consumption is strongly linked to the gut microbiome

Tobetter characterize the link between the gut microbiome and coffee,
we classified individuals from PREDICT1, PREDICT2, PREDICT3 US22A,
PREDICT3 UK22A and MBS-MLVS into three coffee-drinking levels:
‘never’,‘moderate’ and ‘high’ (Fig. 1b,d). This categorization used the
same thresholds previously applied by a panel of nutritionists in the

PREDICT1study®. Individuals with a coffee intake up to 20 g a day (less
than three cups amonth) were classified into the group ‘never’, individu-
alswith anintake 2600 g of coffee per day (more than three cups aday)
were classified as ‘high’ and coffee drinkers between these two values
were categorized as ‘moderate’. These thresholds, representing the
24.9th and 88.95th percentiles of coffee intake in the PREDICT1 cohort
(Supplementary Table 1), were applied to all other cohorts (Fig.1d and
Extended DataFig.1).Inaddition, samples fromindividuals witha coffee
intake above the 99th percentile were excluded as outliers potentially
duetodatacollectionissues.Intotal, 5,730 individuals were classified as
‘never’, 14,647 as ‘moderate’ and 2,490 as ‘high’ coffee drinkers (Fig. 1d
and Supplementary Table 2).

We next used machine learning to evaluate the strength of the link
between microbiome compositionand coffee consumption levels**,
We employed random forest classifiers trained on SGB-level abun-
dancesto distinguish between three pairs of conditions: never versus
moderate, moderate versus high and never versus high coffee drinkers.
The highand moderate categories were both highly separable from the
never category (tenfold, ten times repeated cross-validation, median
AUC across cohorts of 0.92 and 0.86, respectively; Extended Data
Fig.2aand Supplementary Table 3). Weaker predictions were achieved
for moderate versus high coffee drinkers (median AUC of 0.63), sug-
gesting a limited dose-dependent association of coffee intake with
the microbiome.

Cross-validation performances in distinguishing coffee consump-
tion levels were consistent across datasets, but to further test the
cross-population reproducibility of the microbiome signature, we
applied the leave-one-dataset-out (LODO)** as well as a ‘cross-LODO’
hybrid approach (that is, augmenting the training folds of a specific
dataset with external datasets; Methods). The ‘cross-LODO’ analysis
yielded a median AUC of 0.93 for the never versus high comparison,
0.87 for the never versus moderate comparison and 0.65 for the mod-
erate versus high comparison (Fig. 1e, Extended Data Fig. 2b and Sup-
plementary Table 3). These findings suggest that the gut microbiome
has distinct compositions in coffee drinkers compared with non-coffee
drinkers, with a modest effect on differentiating the dose of coffee
drinking.

L. asaccharolyticus is strongly linked with coffee
Toinvestigate which gut microbiome features are associated with coffee
intake, we correlated the ranked abundances of SGBs with participant’s
coffeeintakein each cohort (Spearman’s correlation) using raw and par-
tial correlations (Supplementary Table 4 and Methods). Correlations
were then meta-analysed across all cohorts (Supplementary Table 5
and Methods). Intotal, we found 291 correlations at ¢ < 0.001 with 132
SGBs having p > 0.05, and 298 when taking into account the effect of
sex, age and body mass index (BMI) of the participants (g < 0.001,130
withp > 0.05; Supplementary Tables 6 and 7 and Extended Data Fig. 3).
While most of the correlations were positive, 46 partial correlations
were negative and significant (g < 0.001), although none exceeded
p values lower than —0.1. This suggests more stimulatory rather than
inhibitory effects of coffee and its components on microbial species
relative abundances (Extended Data Fig. 4a,b). Among the positive
correlations, the strongest oneinvolved the species L. asaccharolyticus
(SGB15154), reaching p = 0.43 (0.41-0.45) and g < 10 . In contrast, cor-
relation between coffee and a-diversity was much lower (p = 0.1(0.05-
0.15), p =1.8 x107*; Extended Data Fig. 3). L. asaccharolyticus was first
isolated in 2018?***, and as this strain remains the only one deposited in
public biobanks, here we consider it to be representative for the species
although other genomes (but notisolates) with conflicting taxonomic
labels have been deposited (thatis, Clostridium phoceensis*; Methods).
The species responsible for the next two strongest associations were
Massilioclostridium coli (SGB29305, p = 0.31(0.27-0.35), g <107°) and
the so-far uncharacterized Clostridium species ‘12CBH8 (SGB7259,
p=0.3(0.28-0.32), g <107'%; Fig. 2a).
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The human microbiome and diet in ZOE PREDICT, MBS and MLVS

ZOE PREDICT + MBS and MLVS
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Fig. 1| Consistent global links between coffee consumption and the human gut
microbiome. a, Five UK and/or US PREDICT cohorts (n = 975,11,798, 8,470,1,098
and 12,353), the MBS and the MLVS (n =213 and n = 307, respectively) were used to
assess diet-microbiome relationships (total n = 35,214). For later comparisons of
microbiome distributions across different populations, we retrieved n = 18,984
metagenomic samples from public sources, including healthy adult individuals,
newborns, non-Westernized (non-West.) individuals, ancient samples and
non-human primates (NHP). P1, PREDICT1; P2, PREDICT2; P3, PREDICT3.b,

We combined faecal metagenomics (n = 54,198), faecal metatranscriptomics
(n=364) and plasma metabolomics (n = 438), with the latter two from the MBS
and MLVS cohorts. FFQs surveyed nutritional habits of the participants from

four PREDICT cohorts, MBS and MLVS (n = 22,867 after removing individuals
above the 99th percentile of coffee intake in the PREDICT cohorts as outliers).

~—— Moderate versus high

*shaded areas mark the ROC 95% Cl intervals

Participants were categorized as ‘high’,‘moderate’ and ‘never’ coffee drinkers

as previously established®. ¢, Median Spearman’s correlation and median AUCs
from arandom forest regressor and arandom forest classifier trained on the
microbiome composition estimated by MetaPhlAn 4 (ref. 30). d, The number of
never (light green), moderate (dark cyan) and high-coffee drinkers (brown).e,
ROC and AUC of random forest classifiers discriminating participants between
pairs of the three coffee drinker classes, assessed in a tenfold, ten times repeated
cross-validations (CV) that benefited from the other cohorts during the training
phase as in the leave-one-dataset-out approach (LODO; Methods). The shaded
areas represent the 95% confidence intervals (Cls) of alinear interpolation over
allthe folds of the test. Machine learning results using either onlyaCVoraLODO
approach are reported in Extended Data Fig. 2a,b.
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We further investigated whether these associations were driven
by caffeine by performing two meta-analyses on the PREDICT1 and
PREDICT3 22UKA samples for whichthe intake of decaffeinated and caf-
feinated coffee was available. Partial correlations between SGB-ranked
abundances and decaffeinated versus caffeinated coffee were run
independently (excluding individuals who drank exclusively caffein-
ated or decaffeinated coffee, respectively). Inaddition, partial correla-
tions were also adjusted for the other type of coffee consumed by the
individualsin casetheirrecord reported both kinds. We identified 150
correlations, which remained highly significant after controlling for
the decaffeinated coffeeintake (g < 0.001, R,icipants = 12,089; Extended
DataFig. 4cand Supplementary Table 8). This indicated a substantial
independence on caffeine of the observed impact on the microbiome.
Next, we analysed the decaffeinated coffee association with the micro-
biomeinindividuals consuming decaffeinated coffee and adjusting by
caffeinated coffee as well as by sex, age and BMI. In this reduced set of
samples (Naricipants = 6,089) we identified 22 correlations at ¢ < 0.001
and 66 at g < 0.1 (Supplementary Table 9). The top three correlations
identified were L. asaccharolyticus (p = 0.27 (0.21-0.33),q <107°), the
Lachnospiraceae SGB4777 (p=0.18 (0.16-0.21), g <107'°), and M. coli
(SGB29305, p = 0.17 (0.13-0.2), ¢ < 107; Fig. 2b).

Asexpected, several coffee-associated SGBs were also L. asaccha-
rolyticus co-abundant SGBs, possibly indicating similar independent
stimulatory effects of coffee rather than ecological relations (Extended
DataFig.5and Supplementary Table 10). The top-five SGBs associated
with L. asaccharolyticus abundance were, however, not among the
strongest associations with coffee. In particular, the two SGBs with
the strongest co-abundance pattern with L. asaccharolyticus were
Dysosmobacter welbionis (SGB15078) and the Clostridiales bacte-
rium SGB15143 (p = 0.57 and 0.51, respectively, g <1x107°; Extended
Data Fig. 5), which were both only weakly associated with total coffee
(p<0.05; Supplementary Table 7). Overall, these results indicate thata
panel of species, and in particular L. asaccharolyticusis robustly associ-
ated withtotaland decaffeinated coffee consumption, suggesting that
the association is not purely due to caffeine.

Effect of coffee on L. asaccharolyticus is supported in vitro
Among the top coffee-associated SGBs, L. asaccharolyticus showed
the highest and the most uniform prevalence across all the cohorts
(93.5%; Fig. 2c). In the ‘never’ group from the USA, its prevalence was
uniformly high (average prevalence of 87.8 + 2%) across nine different
regions (samples from PREDICT2 and PREDICT3 US22A, n =9,210). Over
and above this, however, it was uniformly increasedin all regions when
considering coffee consumption; it increased from 87.8% to 95.6% in
moderate drinkers and from 95.6% to 97.7% in high drinkers (Fig. 2d
and Supplementary Table 11). Degree of urbanization (rural versus
urban living context) was not associated with L. asaccharolyticus in
the microbiome (Extended Data Fig. 6 and Supplementary Table 12).
Overall, the median abundance of L. asaccharolyticus ranged from
4.5-to 8-fold higher in the high compared with the never group (in
the PREDICT3 US22A and MBS—-MLYVS cohorts), and 3.4- to 6.4-fold
higher in the moderate versus the never group (in the PREDICT2 and
MBS-MLVS cohorts; Supplementary Table 13). By contrast, the highest
median fold change between moderate and high drinkers was only 1.4
and did not reach statistical significance in three out of five cohorts
(Fig. 3a and Supplementary Table 14).

To test whether these associations are at least partially due to a
direct effect of coffee on L. asaccharolyticus, we performed in vitro
experiments by supplementing coffee on L. asaccharolyticus cultures.
To this end, the type strain L. asaccharolyticus DSM106493 was sepa-
rately cultured withtwo selected common coffee preparations, thatis,
moka brewed and instant coffee (Methods). For both coffee prepara-
tions, we also tested the commercially available decaffeinated variants.
The growth of L. asaccharolyticus was stimulated on agar plates sup-
plemented with coffee at concentrations of 5and 10 g1, regardless

of coffee preparation (moka versus instant) and caffeine presence
(one-sample t-test P=0.02 and 0.01for 5and 10 g, respectively; Fig. 3b).
We further tested the growth of L. asaccharolyticus associated with
coffee supplementationinliquid media as assessed by optical density
measurements. Despite the inherently low growth levels of L. asaccha-
rolyticus (ODgs, range of 0.0138-0.217), this experiment confirmed the
stimulatory effect of coffee (average increase of 350% (3.5 median fold
change), Dunnet’s g < 0.01inten out of 16 preparations; Fig. 3c and Sup-
plementary Tables15and 16). As comparative controls, we applied the
same experimental conditions to two isolates that we obtained from
faecal samples of healthy donors, namely Escherichia coli(SGB10068)
and Bacteroides fragilis (SGB1855) (Methods), representing both fac-
ultative and obligate anaerobes of the gut microbiome but unrelated
with coffeeintake in our study participants (meta-analysis p = -0.02 for
E. coliand 0.01for B. fragilis). While the B. fragilisisolate showed aslight
significant (but much weaker, 8% on average) growthatland2gl?,
no-clear trend was detected at 5 g 1™ in any of the species. A greater
growth decrease wasinstead observedinbothspeciesat10 g 1™ (-42%
and -30%), suggesting an inhibitory action at higher concentrations
(Fig. 3d,e and Supplementary Table 16). These results suggest that
the increased abundance of L. asaccharolyticus in the gut of coffee
drinkers can be due to direct fitness stimulatory effects of coffee on
the bacterium.

L. asaccharolyticus is ubiquitous in Western populations

We then aimed to survey the prevalence of L. asaccharolyticus across
more diverse populations, by exploiting the availability of metagen-
omesand curated sample metadatain curatedMetagenomicData®. We
analysed 11 categories of hosts differing in age group, health status,
lifestyle and species (N = 54,198) for the presence of L. asaccharolyti-
cus in 43 countries (Methods and Supplementary Table 17). L. asac-
charolyticus prevalence was above 60% in 52 out of 74 cohorts (70%;
Fig. 4a), with amedian prevalence of 75%, mostly representing adult
populationsin urbanized Western-lifestyle environments (Fig. 4a).In
contrast, its prevalence inindividuals belonging to rural societies with
non-typically Western lifestyles (20 cohorts) was much lower (median
prevalence 2.4%),and L. asaccharolyticus was also only rarely foundin
newborns and children. Considering the available metagenomic data
from non-human primates (201samples; Methods), L. asaccharolyticus
was detected in only one sample. All these lines of evidence point at a
dependency of the population-level prevalence of L. asaccharolyticus
with the broad availability of coffee in the diet in the population, a
hypothesis further strengthened by the detection of this species in
only two of the 37 samples from ancient populations we had access to
(Fig. 4a and Supplementary Table 17).

Analysing microbiome samples from previous studies of various
diseases (Methods), L. asaccharolyticus prevalence was comparably
highin 7,004 samples fromnon-healthy adults and children from West-
ernized populations as well as 411 from non-Westernized populations
(Fig. 4a and Supplementary Table 17). Prevalences >80% were found
inallbut one cancer type tested and in cardiometabolic diseases, and
alsono differences were found when meta-analysing studies with case—
control metagenomic information across 25 diseases (7,154 controls
and 5,670 cases; Extended Data Fig. 7a,b and Supplementary Table 18
and19).

L. asaccharolyticus correlates with worldwide coffee intake

Toinvestigate whether different average coffee consumptionratesare
the potential drivers of the variable prevalence of L. asaccharolyticus
inthe Westernized populations (95% confidence interval, 40-97%), we
took advantage of the available data to directly correlate estimated
annual coffee consumption with L. asaccharolyticus prevalence
(Methods). Country-level coffee consumption was strongly correlated
with L. asaccharolyticus prevalence (p=0.62and 0.70, P=1.9 x107
and 2.3 x107%in healthy and diseased cohorts, respectively; Fig. 4b).
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Fig.2|L. asaccharolyticusdrives the association between the gut
microbiome and coffee intake. a, The top ten SGBs from a meta-analysis of
partial correlations between SGB-ranked abundances and total per-individual
coffeeintake considering the five cohorts analysed in this study (g < 0.001). The
black markers show the per-cohort partial correlations and the light blue markers
indicate the average Spearman’s correlations adjusted by sex, age and BMI.
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inthe PREDICT1and PREDICT3 UK22A cohorts, excluding individuals who
consumed caffeinated coffee only (n =262 and 4,055). The black markers show
the per-cohort correlations and dark blue symbols refer to average correlations
adjusted by sex, age, BMI and caffeinated coffee. ¢, The prevalence of the ten
SGBsinthe five cohorts analysed. d, The prevalence of L. asaccharolyticus across
never, moderate and high coffee drinkers and nine US regions in the PREDICT2
and PREDICT3 US22A cohorts (n=9,210).

This finding strongly reinforces the hypothesis that not only is
L. asaccharolyticus abundance in a person stimulated by their coffee
intake but also the overall prevalence in a population is driven by the
population-level average coffee consumption.

Coffee plasma metabolites linked with L. asaccharolyticus

We next analysed 235 MLVS and 203 MBS plasma metabolomes span-
ning a total of ~14,000 metabolic features each (Methods). These
included six metabolites in the caffeine metabolism pathway?®, includ-
ing caffeine, 1-methyluricacid, 1,7-dimethyluric acid, 1-methylxanthine,
3-methylxanthine and 5-acetylamino-6-amino-3-methyluracil, as well
asquinicacid and trigonelline. We observed a significant positive cor-
relation between these eight coffee metabolites and coffee intake in
both cohorts (Fig. 5a). Next, we used MACARRON?Y, a bioactive metabo-
lite prioritization workflow to find modules (clusters) of covarying
metabolic features associated with L. asaccharolyticusin each cohort
(Methods). Inthe MLVS metabolomes, known coffee metabolites were
prioritized to be associated with L. asaccharolyticus (Fig. 5b). Addition-
ally, they covaried with several unannotated features in two modules:
one (module 125) containing caffeine and its derivatives, while the
other (module 33) containing trigonelline and quinic acid (Fig. 5b).

Similarly, in the MBS cohort, both caffeine- and trigonelline-related
metabolites (quinic acid was not measured in this cohort) were found
to be separated into different modules (Extended Data Fig. 8a,b).

L. asaccharolyticus and coffee enrich quinic acid metabolites
In addition to the known metabolites, unannotated metabolic fea-
tures that strongly correlated with caffeine and quinic acid in mod-
ules 125 and 33, respectively, were also prioritized by MACARRON
as associated with L. asaccharolyticus (Supplementary Table 20).
Furthermore, similar to known coffee metabolites, these unanno-
tated prioritized features were enriched in moderate and high coffee
drinkers, thus corroborating their correlation with L. asaccharolyti-
cus (Fig. 5b). To further confirm the uniqueness of the associations
between coffee-associated SGBs and coffee-associated metabolites,
we repeated the aforementioned analyses and prioritized for another
coffee-linked species M. coli (Fig. 2a) and two other species, Roseburia
hominis (SGB4936) and Dorea formicigenerans (SGB4575), that are
not coffee-associated but have the same prevalence and abundance
patterns as L. asaccharolyticus in the MLVS cohort. As expected,
coffee-associated metabolites were prioritized only in M. coli (Sup-
plementary Table 21 and Extended Data Fig. 8c).
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Fig.3|L. asaccharolyticusishighly prevalent with about fourfold higher
average abundance in coffee drinkers, and its growth is stimulated by coffee
supplementationin vitro. a, The relative abundance of L. asaccharolyticusin
each cohort by coffee consumption category (never, moderate or high). The
boxes represent the median and interquartile range (IQR) of the distributions,
and top and bottom whiskers mark the point at 1.5 IQR. The median fold change
ofthe high versus never comparisonis reported on top if post hoc Dunn g < 0.01,
and median fold change (FC) of the other two comparisons are reported on the
top of each combination. n.s. (not significant) refers to post hoc Dunn g > 0.01.
Total sample sizes are presented in Extended Data Fig.1. b, L. asaccharolyticus
growth on agar plates supplemented with increasing concentrations of coffee

and measured by plate count (c.f.u. per ml). Pvalues refer to one-sample

t-tests compared with the control (ctrl) experiment value. c-e, Bacterial

growth of L. asaccharolyiticus (c), E. coli (d) and B. fragilis (e) in liquid medium
supplemented with increasing coffee concentrations and measured by changes
inoptical density (ODgs,). Percentage growth s relative to the culture medium
control not supplemented with coffee (100%). Absolute OD, values are
reported in Supplementary Tables 15and 16. The bars and error lines indicate the
mean + s.d. of five technical replicates, except for E. coli control (n=3and n=4)
and B. fragilisinstant 5 g I™* (n = 4). The minus and plus signs refer to significant
tests (Dunnett g < 0.01) that overcome specific thresholds of fold increase (incr.)
or decrease (decr.).

Because an interaction model identified a significant effect
between coffee intake and L. asaccharolyticus only for quinic acid
(interaction P=3.39 x 107%; Supplementary Table 22), this raised the
hypothesisthat the association of the microorganism with coffee may
be particularly related to the biochemistry of the six unannotated
compounds in module 33 that strongly correlated with quinic acid
(Fig. 5Sb and Extended Data Fig. 8d). Testing this among coffee drink-
ersinthe MLVS cohort (n=190), individuals with higher abundance of

L. asaccharolyticus showed higher abundance of quinic acid and related
prioritized compounds (Fig. 5c). Upon examination of their masses, we
found that they all differed from quinic acid by asmall mass difference,
suggesting that they are potential derivatives of quinic acid, although
we could not confidently assign their identities (Extended DataFig. 8e).
One of them, F1976 (neutral mass 174.9947), which correlated with
quinic acid (p = 0.43), was similar in mass to shikimic acid (monoi-
sotopic molecular weight of 174.0528 g mol™), which is synthesized
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Fig.4|L. asaccharolyticusis ubiquitous in modern, Westernized,

adult populations and almost absent elsewhere. a, The prevalence of

L. asaccharolyticusin11different types of host (219 subpopulations, N = 54,198)
including children and adults; healthy and diseased participants; from
Westernized and non-Westernized communities; non-human primates and
ancient samples, compared with the ZOE PREDICT and MBS-MLVS cohorts.
Human, modern samples and participant records were obtained froma
development version of curatedMetagenomicData* (Supplementary Table 17).
b, The per capita coffee consumption (kg per year, estimated by

https://worldpopulationreview.com) for 25 countries (AUT, Austria; CHE,
Switzerland; DEU, Germany; DNK, Denmark; ESP, Spain; FIN, Finland; FRA,
France, GBR, UK; IRL, Ireland; ITA, Italy; LUX, Luxembourg; NLD, Netherlands;
SWE, Sweden; CHN, China; IND, India; ISR, Israel; JPN, Japan; KAZ, Kazakhstan;
KOR, Korea; MNG, Mongolia; MYS, Malaysia; ARG, Argentina; CAN, Canada; AUS,
Australia) correlates with the prevalence of L. asaccharolyticus in healthy and
diseased populations. The shaded areas around the regression line represent the
95% confidence interval estimated by bootstrapping.

from quinicacid by gut microorganisms'** (Extended Data Fig. 8d,e).
We also observed a feature in this module that potentially represents
pyrogallol (monoisotopic molecular weight 0f126.03 g mol™; [M + H],
127.0389; neutral mass, 126.0311; feature, F787), another gut microbial
derivative of dehydroshikimic acid and quinic acid”, although it was
notdifferentially abundantin participants carrying L. asaccharolyticus.
Together, this analysis suggested the presence of pathways responsive
to coffee and, more specifically, quinic acid in L. asaccharolyticus.
Towards this, we identified L. asaccharolyticus transcripts in
metatranscriptomes of 364 samples from the MLVS cohort for which
corresponding species abundance data were available. Transcripts of
only 1,225 total UniRef90 protein families (146 Enzyme Commission
(EC) numbers) were attributed to L. asaccharolyticus and were detected
inonly12(3.29%) samples (Methods). Moreover, there was no correla-
tionbetween L. asaccharolyticus abundance and number of transcripts
detected per sample, and only one sample contained more than 50%
(n=715) of all detected L. asaccharolyticus UniRef90 families (Extended
DataFig.9a-c). Tofurtherimprovetranscript detection, we carried out
SGB-level functional profiling using acustombowtie database (Meth-
ods), whichincreased the number of detected UniRef90s from 1,225 to
3,158in 352 (96.7%) samples. Despite this significantimprovement in
the number of samples containing atleast one L. asaccharolyticustran-
script, only 14 (3.84%) samples contained >10% of the total transcripts
and only two contained >25% transcripts. Our integrated metabolomic,
metagenomic and meta-transcriptomic analysis thus allowed us to
identify the pathways probably connected with coffee metabolism,
although single-transcript analysis did not have enough resolution to

confirm the increased activity of the single genes in such pathways, a
common phenomenon for low-abundance species that are neglected
by highly abundant and highly transcribing species™.

Discussion
Here, we investigated the relationship between coffee intake and the
gut microbiome by analysing over 22,000 metagenomes of partici-
pants across five US and UK cohorts. The gut microbiomes of coffee
drinkers were clearly distinguishable from those of non-drinkers, also
with an effect of the amount of coffee consumption. A set of 115 SGBs
were positively associated with coffee intake (g < 0.001), and among
these, L. asaccharolyticus showed the strongest association, with its
median abundance 4.5-8-fold higher in coffee drinkers compared
with non-drinkers. This link between L. asaccharolyticus and coffee
consumption was confirmed when correlating estimated per capita
coffeeintakes and L. asaccharolyticus prevalence in 25 countries with
re-analysis of many thousands of public metagenomes (Fig. 4b).
Amongthe 115 positively coffee-associated species, we identified
some SGBs that were already highlighted by previous work includ-
ing two Faecalibacterium and two Alistipes SGBs. Nonetheless, our
analysis did not confirm the same patterns for other genera such as
Bacteroides, Porphyromonas or Prevotella, which were identified by
previous studies'®?>*, These unconfirmed associations could be cases
of cohort-dependentassociations. Importantly, most of the biomarkers
identified inour study belonged to uncharacterized generaand families
(mostly Clostridia). Out of the top 50 associations, for example, 36
were poorly characterized, and 6 were labelled as ‘Candidatus’ species.
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Fig. 5| Unannotated metabolites covarying with quinic acid are associated
with L. asaccharolyticus. a, The correlation of coffee intake versus abundances
of six known coffee metabolites in plasma metabolomics samples from the MLVS
(blue) and MBS (red). The highest rank correlation is reported in each plot. Three
metabolites were not measured in MBS. b, Left, a heat map showing standardized
abundances of the 14 unannotated and 8 previously annotated metabolitesin the
MLVS cohort (n =307) with the highest MACARRON priority score with respect

to the presence of L. asaccharolyticus. QA, quinic acid; Trig, trigonelline. Right,
MACARRON priority scores. Samples are reported by coffee intake category.

¢, Thelog,-transformed abundances of quinic acid and the top six quinic acid-
correlated unannotated metabolites according to L. asaccharolyticus relative
abundance (RA) categories (absent, RA <0.01%; low, 0.1%> RA >0.01%; high, RA
>0.1%) in190 coffee drinkers. The boxes represent the median and IQR of the
distributions, and top and bottom whiskers mark the point at 1.51QR.
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L. asaccharolyticus was, in line with this observation, only isolated in
2018 (ref. 26), further highlighting the necessity of expanding knowl-
edge onuncharacterized bacteria.

The in vitro cultivation experiments demonstrated the stimula-
tory potential of coffee on the growth of L. asaccharolyticus, especially
at concentrations that inhibited two commensal species (Fig. 3b-e).
These findings lay the groundwork for future experiments aimed at
further characterizing the extent of the stimulatory effect of coffee on
L. asaccharolyticus, by testing varying concentrations of coffee with
respect to more control microorganisms. In addition, metabolomic
analysisrevealed that quinicacid, trigonelline and correlated unknown
metabolites are significantly enriched in coffee drinkers carrying
L. asaccharolyticus. The top ten coffee-associated SGBs remained
strongly correlated (g < 0.001) with decaffeinated coffee consump-
tion, indicating that their underlying biochemistry is probably caffeine
independent (Fig. 2b and Extended Data Fig. 4b). Chlorogenic acid,
one of the main polyphenols in coffee, is metabolized extensively by
gut microorganisms first to caffeic acid and quinic acid, and further
to dihydroferulic acid, dihydrocaffeic acid, vanillin, benzoic acid,
3-(3-hydroxyphenyl)propionicacid and pyrogallol, among others™'>”,
Several microbial species including Bifidobacterium animalis, Bifido-
bacterium lactis, E. coli and Lactobacillus gasserihave been implicated
inthe aforementioned biotransformations'***°, The strongassociation
of L. asaccharolyticus with coffee independently of caffeine indicates
that it may also be responding to activities within these polyphenol
metabolism pathways.

In this vein, arecent study reported enrichment of L. asaccharo-
lyticus in 51 participants following aronia berry consumption, which
contains several compounds overlapping with coffee including chlo-
rogenic acid, caffeic acid and other benzoic and cinnamic acids*.
Another study specifically implicated L. asaccharolyticus as the media-
tor between coffee intake and the presence of caffeine derivatives such
as 5-acetylamino-6-amino-3-methyluracil and 1,3-dimethyluricacid in
human stools*. On the basis of our results, caffeine and its covarying
derivatives were prioritized due to their association with L. asaccha-
rolyticus, but the enrichment of the microorganism in decaffeinated
coffee drinkers indicates that caffeine is unlikely to fully explain the
overall chemistry. Instead, these unannotated metabolites might be
derivatives of quinic acid produced by L. asaccharolyticus (Fig. 5c).
For example, quinic acid is converted to pyrogallol by the gut micro-
biome in a multi-step process that includes dehydroshikimate and
shikimic acid as intermediates™***°, We detected a metabolic feature
that potentially represents pyrogallol (F787) in the quinic acid mod-
ule, although the feature is not prioritized possibly due to its poor
absorptioninto the bloodstream fromthe colon. Abiomarker of meta-
bolicand gut health, hippurate*’, was also prioritized and enriched in
L. asaccharolyticus-carrying participants. Hippurate is also a glycine
conjugate derived from benzoic acid and quinic/shikimicacid, and syn-
thesized by the gut microbiome metabolism of dietary compounds****,

While several metabolites are thus known to be produced by the
degradation of quinic acid by gut microorganisms'*, knowledge of the
enzymes that catalyse these reactions is mostly lacking. A recent study
proposes two routes of degradation: (1) oxidation to protocatechuic
acid, and (2) reduction to hexahydrobenzoic acid. Speculations about
participating enzymes can be made on the basis of individual biotrans-
formations such as dehydroxylation and aromatization, although
assigning these functions to specific genes of specific taxais challeng-
ing. Our efforts toidentify participatingenzymesin L. asaccharolyticus
were stymied by the lack of detectable transcripts: only -4% of samples
contained >10% of the total detected L. asaccharolyticus transcripts,
which were themselves not indicative of complete transcriptome
detection. Thisis acommon phenomenon for taxa that are presentin
low DNA abundance® (Extended Data Fig. 9a-c).

Our study provides insights into how the gut microbiome poten-
tially mediates the chemistry—and thus health benefits—of coffee.

Up to 115 SGBs responded positively to coffee intake, highlighting
the impact that a single daily food item can have on the human gut
microbiome. Still, the strongest link is by far that with L. asaccharo-
lyticus, and, as such, efforts of revealing underlying mechanisms of
coffee stimulationin vitroshould be the natural next step. With coffee
intake that hasbeenimplicated in all-cause mortality risk, future work
should try to establish whether this link is potentially mediated by
L. asaccharolyticus. The microbial mechanisms underlying the metabo-
lism of coffee are a step towards mapping the role of specific foods
on the gut microbiome, and similar patterns of microorganism-food
interactions for other dietary elements should be sought with system-
atic epidemiologic and metagenomic investigations.

Methods

Ethical compliance

Allcohorts collection procedures complied with all ethical regulations,
including the Declaration of Helsinki (2013). Ethical approval of the
MBS and MLVS cohorts was granted by the institutional review boards
(IRBs) of the Brigham and Women’s Hospital and the Harvard T.H. Chan
School of Public Health. The ZOE PREDICT cohorts were approved in
the UK by the Research Ethics Committee and Integrated Research
Application System (IRAS 236407), and inthe USA by the Institutional
Review Board: Partners Healthcare IRB 2018P002078, clinical trial
NCT03479866 (ZOE PREDICT1), IRB Pro00033432, NCT03983733 (ZOE
PREDICT2) and NCT04735835 (ZOE PREDICT3). Any procedure involv-
ing individuals from all cohorts was carried out after having received
written informed consent.

The ZOE PREDICT cohorts

We included in this study five cohorts from the ZOE PREDICT pro-
gramme?”. PREDICT1, which includes 1,098 participants from the
UK aged 18-66 years (792 female (72%), 5.8 x 10'° reads in total) and
was previously published®; PREDICT2 (n =975, individuals from the
USA aged 18-84 years (703 female (72%), 5.8 x 10" reads sequenced
in total); PREDICT3 US21 (n =11,798 participants from the USA aged
18-87 years (10,270 female (87%), 4.4 x 10" reads in total); PREDICT3
US22A (n=8,470 participants from the USA aged 18-90 years (7,361
female (87%), 3 x 10" reads); PREDICT3 UK22A (n =12,353 participants
from the UK aged 18-95 years (9,447 female (76%), 3.9 x 10" reads in
total). These cohorts are characterized by detailed monitoring of the
nutritional habits of the customer, customer personal and anthropo-
metric characteristics, and collection of stool samples. The question-
naire type adopted varied across cohorts. The European Prospective
Investigation into Cancer and Nutrition FFQ (131 items in total)* that
captures, at compiling time, the food habits in the past year, was used
in PREDICT1. A 135-item similar questionnaire (DHQ-1II)*’ was used in
PREDICT2. PREDICT3 UK22A and US22A were surveyed by aquestion-
naire of 264 food items (Linenberg, I. et al., manuscriptin preparation).
FFQ-derived food item consumptions were grouped into categories by
a‘foodtree’builtasanutrient estimation-based database structuredin
alevelone (ninefood groups), alevel two (52 groups) and alevel three
(195 possible food groups). The level three groups were fine grained
enough to permit the analysis of total coffee consumption, dairy cream,
sugars and honey, and milkindependently, while to analyse theintake
of caffeinated and decaffeinated coffee, we went back to the original
value from the FFQinformation. The solidity of asimilar approach for
the collection of habitual dietinformation with FFQ-based information
from cohort participants is described elsewhere (Leeming, E. et al.,
manuscriptinpreparation). The PREDICT3 US21 had dietary informa-
tion based on short-termlogged dietary, thus was the sole cohort not
based on (previously established) long-term FFQ-based information
and as such was not included in the analysis of food items. It was only
analysed together with other ZOE PREDICT cohorts in the context of
the microbial epidemiology of L. asaccharolyticus. The total size of the
four cohorts analysed for their dietary preferences was decreased to
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theindividuals with available dietary information. As such, PREDICT1
and PREDICT2 sizes were downsized to 928 and 844, respectively.
Sample sizes of the four PREDICT cohorts with available dietary infor-
mation were further decreased by removing individuals resulting
in a coffee consumption >99th percentile of the cohort. No other
statistical method was used to predetermine sample size. The final
numbers of samples considered were 914 individuals for PREDICTI,
835 for PREDICT2 cohort, 8,376 for PREDICT3 US22A and 12,222 for
PREDICT3 UK22A. The coffee estimated intake of the PREDICT1 cohort
was used as areference for coffee intake participant categories asdone
inref. 25. In brief, participants with an intake of coffee below 20 g per
day (0.7 cups per day or 3 cups per week), were assigned to the ‘never’
class. Participants with anintake of coffee superior to 20 g per day and
inferior to 600 g per day (3 cups per day) were assigned to the ‘moder-
ate’ category. Participants with a coffee intake greater than 600 g per
day were assigned to the ‘high’ category. The two thresholds used for
PREDICT1 corresponded to the 24.9th and the 88.95th percentile of the
overall coffee intake distribution. These percentiles were applied on
the other cohortsindependently. The resulting numbers are resumed
inSupplementary Table 2.

The MBS and MLVS cohorts

The MLVS? is a substudy of the main Health Professionals Follow-up
Study (HPFS)*® and consisted of 700 men aged 52-81years who were
free of coronary heart diseases, stroke, cancer (except squamous or
basal cell skin cancer) and major neurological diseases. From 2012
to 2013, a total of 307 men in the MLVS provided up to two pairs of
self-collected stool samples from consecutive bowel movements.
Each pair of samples were collected 24-72 h apart and the two pairs
were collected approximately 6 months apart®. Two blood samples
were drawn, 6 months apart, to coincide with the timing of the faecal
sample collection. The MBS is asubcohort nested in the Nurses’Health
Study II (NHSII) (https://nurseshealthstudy.org), which adopted the
same protocol for stool sample collection as in the MLVS?®, The NHSII
is an ongoing prospective cohort study of 116,429 US female nurses
aged 25-42 yearsatenrolmentin 1989. During 2013-2014, 233 women
from the MBS were mailed stool and blood sample collection kits and
209 women returned usable stool samples. In acombination of MLVS
and MBS, we analysed 520 individual metagenomes, 464 metatran-
scriptomes from 64 participants and 438 metabolomes. At the time of
stool sample collection, all16-item FFQ was administered to the MLVS
and MBS participants to collect information on diet including coffee
intakeinthe previousyear. Onthe FFQs, participants were asked about
the frequency, on average, of coffee consumption during the previous
year, with one cup as the standard portion size. The consumptions of
caffeinated coffee and decaffeinated coffee were assessed separately.
Nine possible responses ranged from never or <1 time/month to >6
times per day. The nutrient intake was computed by first multiplying
the frequency of consumption for each food by its nutrient content
and then summing up nutrient contributions across all food items.
Both caffeinated and decaffeinated coffee intake were assessed in
the FFQs and the sum of the two was calculated as the consumption
of total coffee. The validity and reproducibility of the FFQs have been
described in detail elsewhere®. No statistical method was used to
further predetermine sample size. The study was approved by the
human participants committees at Brigham and Women’s Hospital and
Harvard T.H. Chan School of Public Health. All participants provided
written informed consent.

Reads pre-processing, taxonomic and functional profiling

Metagenomic sequences from the ZOE PREDICT were pre-processed
with the pipeline available at https://github.com/Segatalab/preproc-
essing; the MBS and the MLVS cohorts were processed with KneaData
0.3 (http://huttenhower.sph.harvard.edu/kneaddata). In both pipe-
lines, reads were aligned to the human genome hgl9 and to the PhiX174

genome toremove contaminants and the [lluminaspike. Inthe PREDICT
cohorts, non-aligning reads were extracted with samtools***' and
quality-screened with Trim Galore (--stringency 5 --length 75 --quality
20 --max_n 2--trim-n)*?to remove reads <75 bp and with Phred quality
<20 aswellaswith more than two ambiguous nucleotides. High-quality
reads of all cohorts were taxonomically profiled by the SGB system*
using the January 2021 release of MetaPhlAn 4 (ref. 30). Metatran-
scriptomics sequences from MLVS were also pre-processed using
KneadData 0.3. Transcriptome profiling of the MLVS cohort was per-
formed once using the algorithm of HUMANN 3.6 (ref. 54). To account
for uncharacterized SGBs as well, we built SGB-level pangenomes
collecting all the UniRef90 gene families present in a minimum of
one genome (metagenome-assembled genome (MAG) or isolate)
of the SGB. This was indexed and passed as a nucleotide database
(--nucleotide-database). Since as few as 1,225 UniRef90 gene families
were attributed to L. asaccharolyticus, we performed an additional
runof HUMANN 3.6 on a custom database considering only the pange-
nomes of the top ten coffee-associated SGBs to reduce mapping com-
petitionand highlighting up to 3,158 gene families that were attributed
to the L. asaccharolyticus pangenome (--bypass-nucleotide-index
--bypass-translated-search).

Taxonomic assignment of L. asaccharolyticus

Large-scale clustering of MAGs using an average nucleotide iden-
tity threshold of 95% (ref. 53) defined the SGB cluster ID 15154
that comprises 207 MAGs and three reference genomes from the
National Center for Biotechnology Information. These three refer-
ences are GCA_001244495 and GCA_902375485 (both assigned to
the Clostridium phoceensis taxonomic label, tax id 1650661)** and
GCA_003112755 (assigned to the L. asaccharolyticus taxonomic label,
tax ID 2108523)***, The L. asaccharolyticus taxonomic label comprises
the isolate genome registered and publicly available from the Ger-
man Collection of Microorganisms and Cell Cultures GmbH (DSMZ)
repository (type strain 106493). On the contrary, C. phoceensis does
not have any depositedisolate available from the DSMZ nor American
Type Culture Collection repositories and it is not validly published as
aspecies (https://Ipsn.dsmz.de/species/clostridium-phoceensis). We
then concludedthatthe mostreliable taxonomiclabel assigned to these
three reference genomes is the L. asaccharolyticus. However, due to
the majority voting rule, currently the SGB ID 15154 when profiled by
MetaPhlAn 4 (ref. 30) reports the taxonomic label C. phoceensis. This
will be corrected from future database releases of bioBakery 4.

Bacterial cultivation

The in vitro experiments to test the effect of coffee on L. asaccharo-
lyticuswere performed with the publicly deposited L. asaccharolyticus
strain and two bacterial strains from the E. coli and B. fragilis species
isolated from stool samples and used as controls. L. asaccharolyticus
DSM106493 strain was obtained from the Leibniz Institute DSMZ Cul-
ture Collection. The E. coli and B. fragilis strains were instead isolated
from stool samples of two healthy adults at University of Trento (proto-
colno.2021-007 by the Ethical Committee of the University of Trento)
asdescribedinref. 55. For all coffee supplementation tests performed
in thisstudy, each strainwas pre-cultured at 37 °Cin Brain Hearth Infu-
sion (BHI) broth supplemented with 1 pl mI™ vitamin K1 (Sigma-Aldrich,
95271) and 5 mg 1™ hemin (Sigma-Aldrich, 51280) under anaerobic
conditions (75% N,, 20% CO, and 5% H,) without shaking.

Testing the effect of coffee supplementation on bacterial
monoculturesin vitro

Wetested the effect of coffee on L. asaccharolyticus growth by cultivation
onto BHI agar plates supplemented with different coffee preparations,
including brewed coffee, brewed decaffeinated coffee, instant coffee
and instant decaffeinated coffee. We tested coffee supplementation
concentrations at 0, 5,10 and 20 g 1'%, Coffee solutions were prepared
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as follows. Instant coffee powder (Nescafé Gold soluble) and instant
decaffeinated coffee powder (Nescafé Gold decaf soluble) were weighed
and dissolved in distilled H,0. Normal moka brewed coffee (llly tostato
classico, illycaffe S.p.A., 7189 ME) and decaffeinated moka brewed cof-
fee (llly decaffeinato, illycaffé S.p.A., 7187ME) solutions were prepared
using a moka pot. Each type of coffee powder was weighed and placed
on the filter basket, and the volume of water in the bottom chamber
was measured before brewing. All coffee preparations were individu-
ally sterilized by autoclaving and were subsequently added to the BHI
agar medium anaerobically before pouring the plates. L. asaccharo-
Wyticusliquid culture was grown to exponential phase (OD;,0f 0.1-0.15)
and serially diluted to plate at a final concentration of 1x 10 or1x 107
colony-forming units (c.f.u.) per mland 100 pl of each culture dilution
was plated onto different coffee-supplemented BHI agar plates. The
plateswereincubated anaerobically at 37 °Cfor 5 days, after which visible
colonieswere counted. The c.f.u. per mlwere reported for 10 dilutionin
which~10-300ssingle colonies were visible. Statistical significance was
determined via one-sample t-test comparing coffee-treated plates at a
given concentration with the corresponding control value as zero value.

The effect of supplementation of the four coffee preparations on
bacterial liquid growth was separately assessed for L. asaccharolyticus,
B.fragilisandE. coli.Single bacterial pre-cultureswereinoculated toreach
aninitial ODs, 0f 0.001into BHIbroth supplemented with the four single
coffee preparations at concentrations of 0,1,2, 5and 10 g1, anaerobi-
cally. Tests were performed using 2 ml 96-well plates, with five technical
replicates per tested bacterial species and per coffee concentration.
Bacterial growth in the presence of coffee was assessed by monitoring
changesinoptical density (ODgs,) usinga microplate spectrometer (Infi-
nite M200 Pro, Tecan) at48 handisreported as the percentage compared
withgrowthin the non-supplemented medium control (0 g I™ coffee ctrl,
100%). For E. coli, the conditions of supplementation with instant cof-
fee 5g17, instant decaffeinated coffee 5 g 1" and brewed decaffeinated
coffee 1g 1" were excluded due to contamination assessed by 16S rRNA
geneampliconsequencing. Median growth compared with controls was
assessed via Kruskal-Wallis followed by a post hoc Dunnett test with Holm
correction at a statistical significance threshold of g < 0.01.

Metabolomic analysis

Intensities of 13,829 chemical features were obtained from 235
plasma metabolomes in the MLVS cohort using three liquid chroma-
tography-mass spectrometry methods: (1) C8 positive for polar and
non-polar lipids, (2) hydrophilic interaction liquid chromatography
(HILIC) negative and (3) HILIC positive for polar metabolites. Similarly,
14,095 features were quantified from 203 plasma metabolomes in
the MBS cohort using HILIC-positive, C18-negative and C8-positive
liquid chromatography-mass spectrometry methods. Owing to the
lack of HILIC-negative columns in the MBS metabolomic analysis,
metabolites measured by that column, forexample, 1-methyluricacid,
1-methylxanthine and quinic acid, were analysed in MLVS only. Chemi-
cal identities of 393 and 391 features in the MLVS and MBS cohorts,
respectively, could be determined by matchingrecorded retentiontime
and m/zvalues to aninternal database of >600 compounds. For both
metabolomics datasets, raw data were processed as described earlier™
and median-normalized intensities were used for all downstream analy-
ses. To assess the strength of associations between coffee-associated
compounds and coffee-associated (L. asaccharolyticus, M. coli and
Clostridia12CBH8 SGB7259) and non-associated SGBs (D. formicigener-
ansand R. hominis) inthe MLVS cohort, we used MACARRON?, awork-
flow that prioritizes compounds based on their predicted bioactivity
inaphenotype (or condition) of interest. Metabolomes were assigned
‘phenotypes’based ontherelative abundance of the SGBin correspond-
ing metagenomes: ‘carriers of SGB’ if relative abundance >0.01% and
‘non-carriers of SGB” otherwise. This threshold yielded 194,11, 7,200
and 190 ‘carrier’ metabolomes for L. asaccharolyticus, M. coli, Clostridia
12CBH8 SGB7259, D. formicigenerans and R. hominis, respectively. To

boost the number of ‘carrier’ metabolomes for M. coli and Clostridia
12CBH8 SGB7259, we relaxed the relative abundance threshold to
0.005%; this increased the numbers to 21 and 9, respectively. Due to
the low number of carrier metabolomes, MACARRON could not be
applied to Clostridial2CBH8 SGB7259. For all other SGBs, the priority
orimportance of each compound was inferred using a variety of indica-
tors of bioactivity including covariance with well-studied metabolites,
that is, standards, abundance with respect to a covarying standard
(abundance versus anchor), prevalence and differential abundance
in the studied phenotype/condition. The differential abundance of
featuresin metabolomes corresponding to SGB was estimated with per
featurelinear models (feature ~ SGB carriage + age + BMI). Unannotated
features with priority score >0.75 and annotated features with priority
score >75th percentile of priority scores were considered to be strongly
associated with the presence of the SGB. For L. asaccharolyticus alone,
the prioritization was performed using the 203 MBS metabolomes as
well. Theinteractionmodel was runsetting L. asaccharolyticus and cof-
feeintake as predictors and the metabolite abundances as responses.

Public metagenomic data on different lifestyles

Via a developmental version of the curatedMetagenomicData™®
resource, we accessed manually curated metadata for over 29,000
metagenomic samples and we queried this resource for stool-derived
metagenomes fromten categories of host differing by age group, health
status and lifestyle. In particular, we queried for stool metagenomes
from stool samples from adult participants that were not diagnosed
with a specific pathology and that were assigned to a Westernized life-
style. In addition, only cohorts with a minimum of ten individuals and
only the first timepoint was kept if multiple records were available per
individual.Intotal we retrieved 8,728 microbiome profiles from healthy
adults (74 datasets). Withasimilar query, weretrieved 1,001 samples (12
datasets) from newborns and children up to12 years old not diagnosed
foraspecific disease and assigned to a Westernized lifestyle. Similarly,
20 datasets comprised adult individuals from non-Westernized com-
munities (n=1,195), meaning having limited direct or indirect antibiotics
exposure, minimal or none heavily processed food availability, close-
ness to animals and do not subtend any geographical pattern, and 399
children from the same lifestyle (13 datasets). A similar definition of
lifestyle has now been widely applied®**”** (Supplementary Table 17).
We similarly queried this resource for individuals suffering from spe-
cificdiseases. Weretrieved 6,921 samples from Westernized adults (89
cohorts, considering combinations of dataset + country + disease),
whichwererepresentatives of 29 diseases, and 279 samples from adults
following non-Westernized lifestyles (four cohorts and two diseases).
Inthese two sets, two populations (cohort + country + disease) totalled
only four samples each, and therefore analysis in Fig. 4a and Extended
DataFig. 6barebased on 6,917 and 275 samples, respectively. We queried
forstoolmetagenomes from both lifestyles from childrenup to12 years
ofage (87 and136 samples, five and four cohorts, seven diseases; Supple-
mentary Tables 17 and 18). We then queried cohorts from case-control
studies involving a minimum of five cases and five controls from adult
individuals, reaching a total of 66 studies comprising 25 diseases (in
total, 7,154 controls and 5,670 cases). Fourteen diseases were present
with multiple datasets while eleven diseases were represented by asingle
study (Supplementary Table 19). We finally collected 201 samples from
22 species of non-human primates (6 studies) and 37 ancient samples
derived from 7 different archaeological sites (Supplementary Table 17).
Intotal, 18,984 microbiome samples (43 countries) were taxonomically
profiled using the January 2021 release of MetaPhlAn 4.

Meta-analytical approaches on coffee and SGB relative
abundance

Spearman’s correlations were computed between MetaPhlAn
4 SGB relative abundances and total, decaffeinated-only and
caffeinated-only coffee intake. Correlations were computed in each
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cohort independently and then summarized via an inverse-variance
average meta-analysis (script available at https://github.com/Sega-
taLab/inverse_var_weight). Weights inthe meta-analysis were adjusted
using the DerSimonian and Laird Tau approach®, which is particu-
larly suitable for analyses with large differences in the studies’ sam-
ple sizes. Besides raw Spearman’s correlations, we also performed
a meta-analysis of partial Spearman’s correlations. Partial correla-
tions were adjusted by sex, age and BMI in all analyses. Analyses on
decaffeinated-only coffee intake were performed excluding individuals
notdrinking only caffeinated coffee and adjusting by caffeinated cof-
fee, and vice-versa for the analysis on caffeinated-only coffee (which
was also adjusted for decaffeinated coffee). Sex was handled as a cat-
egorical variable with one degree of freedom. To compute partial
correlations we used the parcor function from the pingouin Python
library (version 0.5.4, Spearman), which relies on the computation of
thevariable variance-covariance matrix method, which is summarized
inrefs. 65,66. For each analysis independently (single and pooled),
we applied the function fdrcorrection from the statsmodels Python
library for Benjamini-Yekutieli false discovery rate. Additionally, we
used power analysis (pingouin, version 0.5.4, power_corr) on the 130
SGBsidentified by meta-analysisatag < 0.001and p > 0.05, to evaluate
the necessary sample size that would have been needed toreach three
different levels of significance (g <0.001,g<1x10%and g<1x107",
notshown).

Meta-analytical approaches to understand L. asaccharolyticus
epidemiology

Combinations onstudy + country + disease (89 combinations, 35 dis-
eases) were used to evaluate the prevalence of L. asaccharolyticus in
specific diseases. When multiple combinations of study + country were
present for asingle disease, we evaluated the average prevalenceinthe
disease by meta-analysis (with binomial distribution for the presence
of the L. asaccharolyticus), using the same script as above and Paule
Mandel heterogeneity®. To contrast same-study and same-country
case and control sample abundances of L. asaccharolyticus (66 com-
binations, 25 diseases) we applied standardized mean difference (with
Hedge adjustment for small sample bias and after transforming rela-
tiveabundance with the arcsin squareroot) to allcombination with at
least ten case and ten control samples (7,154 controls and 5,670 cases).
Then, we applied meta-analysis to those diseases that were present
in multiple combinations (n =14) using the above script with Paule
Mandel heterogeneity. The per-country annual coffee intake from
https://worldpopulationreview.com was correlated with the average
prevalence per-country L. asaccharolyticus prevalence viaSpearman’s
p.The average prevalence was computed with ameta-analysis asin the
first case. This analysis was performed independently for the sets of
8,724 healthy, Westernized adults, and 6,921 unhealthy, Westernized
individuals.

L. asaccharolyticus co-abundance and co-exclusion
correlations with other SGBs

Between-SGB correlations were computed on all SGBs found in a mini-
mum of two cohorts considering the same sample set used for the
partial correlation meta-analysis (n =22,867). SGBs below 10% preva-
lence were excluded and astandard log-ratio transformation (centred
log-ratio following a zero-imputation strategy with a multiplicative
replacement method, Python scikit-bio library, version 0.6.0) was
applied to each sample followed by between-SGBs rank correlation.

Machine learning approaches

We assessed the ability of the microbiome to predict distinct food
items in each PREDICT cohort with dietary information separately
(PREDICT], PREDICT2, PREDICT3 US22A and PREDICT3 UK22A, total
n=23,115) using a custom framework with the same parameters as in
ref. 25. Briefly, we used the random forest classification and regression

algorithms with an 80/20 training and testing set split, repeated 100
times. For the classification task, food frequencies were divided into
the first and last quartiles, used as the two classes to predict. Both
regression and classification algorithms were trained on SGB-level
features only, as estimated by MetaPhlAn 4. Classification was evalu-
ated using the median AUC, while regression used the median Spear-
man’s correlation between real and predicted values®. We then used
metAML (version1.1)*'to assess the link with the microbiome between
combinations of the following coffee categories: ‘never’, ‘moderate’
and ‘high’. This set of experiments was performed on the four ZOE
PREDICT aforementioned cohorts and the MBS + MLVS cohorts. The
ZOE PREDICT cohorts were first subset to the individuals <99th per-
centile of coffee intake to remove outliers that suggested an unrea-
sonable amount of coffee (total n=22,867). For the metAML random
forest parameters, we used 1,000 estimator trees, 10% of the total
number of features sampled in each tree, a minimum of 10 samples
for each leaf and Shannon entropy as impurity criterion, as previously
used®**7°, Input features were SGB-level only relative abundances as
estimated by MetaPhlAn 4. We performed three different validation
assessments, the purpose of which was to exploit at their maximum
the available data and that allowed to test the algorithmsiteratively on
all the cohorts to avoid any potential favourable bias for (1) a tenfold,
ten-times cross-validation for each cohort; (2) LODO, in which each
cohortis used as the testing set while training on all the others, iter-
ated foreach cohortand (3) cross-LODO, inwhichatenfold, ten-times
cross-validation is performed on each cohort including the left-out
cohortsinthetrainingsets. This to maximize the heterogeneity of the
training set, to overcome cohort-specific differences especially when
very large sample sizes are present, using the programat https://github.
com/Segatal ab/metaml/classification_thomas_manghi.py.

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

Data availability

Raw metagenomic samples are provided for all participants of the ZOE
PREDICT Studies. Specifically, PREDICT1is made available as reported
previously® (under accession PRJEB39223) whereas the PREDICT2
and PREDICT3 US21, US22A, and UK22A cohorts are deposited in the
European Bioinformatics Institute (EBI) under accession numbers
PRJEB75460, PRJEB75462, PRJEB75463 and PRJEB75464.Sex, age, BMI,
country and the quantitative taxonomic profiles are available for each
sample within the curatedMetagenomicData package®. ZOE is the
owner of the pseudonymized data and metadata of the PREDICT2
and PREDICT3 studies and researchersinterested in follow-up studies
requiring additional specific metadata information should fill out a
researchrequest proposal at https://zoe.com/our-science/collaborate
that will be evaluated by asubpanel of the ZOE scientific advisory board
for their priority, relevance and in compliance with privacy and data
protection regulations. Raw metagenomics and metatranscriptomics
reads for the MLVS cohort are deposited at the National Center for
Biotechnology Information (NCBI) under accession PRJINA354235.
Owing to participant confidentiality and privacy concerns, data can-
not be shared publicly and requests to access NHS/NHSII/HPFS data
must be submitted inwriting. According to standard controlled access
procedures, applications to use NHS/NHSII/HPFS resources will be
reviewed by our External Collaborations Committee to verify that the
proposed use maintains the protection of the privacy of participants
and the confidentiality of the data. Investigators wishing to use NHS/
NHSII/HPFS data are asked to submit abrief description of the proposed
project (goto https://www.nurseshealthstudy.org/researchers (email:
nhsaccess@channing.harvard.edu) and https://sites.sph.harvard.edu/
hpfs/for-collaborators/for details). Further informationincluding the
procedures to obtainand access datafrom the Nurses’ Health Studies
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and Health Professionals Follow-up Study is described at https:/www.
nurseshealthstudy.org/researchers (email: nhsaccess@channing.har-
vard.edu) and https://sites.sph.harvard.edu/hpfs/for-collaborators/.

Code availability

The bioBakery suite of tools was used to derive a great part of the
analyses of this study. MetaPhlAn 4.1 was used to obtain the taxonomic
abundances in microbiome samples and is available via GitHub at
https://github.com/biobakery/MetaPhlAn/wiki/MetaPhlAn-4. Pat-
terns of microbial abundances differentiating coffee consumer type
were carried out using metAML version 1.1, available via GitHub at
https://github.com/SegatalLab/metaml/wiki using the program clas-
sification_thomas_manghi.py. Meta-analysis procedures via inverse
variance weighting were performed using a Python code available
via GitHub at https://github.com/Segatalab/inverse_var_weight. The
MACARRON software is described at https://github.com/biobakery/
Macarron. The curatedMetagenomicData 3 package is available at
https://www.bioconductor.org/packages/release/data/experiment/
html/curatedMetagenomicData.html.
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|X| A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons
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Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  No software was used to collect the metagenomics and metabolomics data.

Data analysis preprocessing (https://github.com/Segatalab/preprocessing), KneaData 0.3 (http://huttenhower.sph.harvard.edu/kneaddata), MetaPhlAn
(version 4.0.5) (https://github.com/biobakery/MetaPhlAn/), metAML (https://github.com/segatalab/metaml) (ver. 1.1),
curatedMetagenomicDataAnalyses (https://github.com/waldronlab/curatedMetagenomicDataAnalyses), curatedMetagenomicData 3 (https://
waldronlab.io/curatedMetagenomicData/), MACARRON (https://github.com/biobakery/Macarron), HUMANN 3.6 (https://github.com/
biobakery/humann).

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

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

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

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

Raw metagenomic samples are provided for all participants of the ZOE PREDICT Studies. Specifically, PREDICT 1 is made available as reported previously 24, whereas
PREDICT 2 and PREDICT 3 US21, US22A, and UK22A cohorts are deposited in EBI under accession numbers PRIEB75460, PRIEB75462, PRIEB75463, and PRIEB75464.
Sex, age, BMI, country, and the quantitative taxonomic profiles are available for each sample within the curatedMetagenomicData package 38. Raw metagenomics
and metatranscriptomics reads for the MLVS cohort are deposited at NCBI under accession PRINA354235. Data from the Health Professionals Follow-up Study,
including metadata not included in the current manuscript but collected as part of the MLVS, can be obtained through written application. Raw sequencing reads
and covariates for the MBS cohort are available at <BIOM-Mass link>. Further information on the cohort is available at https://www.nurseshealthstudy.org/
researchers.

Research involving human participants, their data, or biological material

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

Reporting on sex and gender We found that coffee is on average consummed more among US and UK males. As such, we peformed analyses by taking into
account sex as a binary variable in which male == 1, female == 0, so that the correlations identified were robust to the
greater coffee consumption among males. Metabolomics models were based on either MBS or MLVS cohorts, which are sex-
specific, thus the metabolomics-related linear models were not adjusted for sex as this is implicit in the study design.

Reporting on race, ethnicityl or Ethnicity was not considered in this work as normally done for metagenomic studies in which environmental exposures
other socially relevant determine the largest variability. Country was taken into account when performing meta-analysis on country-specific
groupings datasets. A total of 20 studies were about individuals named non-westernized according to a wide panel of publications
which adopt the same classification and are reported in the manuscript. These individuals belong to different ethnicities
which are, by definition, linked to their country.
Urban vs rural context of UK participants is used in one analysis. Another analysis considers the coffee intake of participants
in the different macro-regions of the US. All these group numbers are reported in the supplementary materials.

Population characteristics Age of the participants in this study is taken into account in all analyses as covariate. All participants are adults, except for
one analysis which considers babies and children for the specific reason of being such. Participants age-range is reported in
the Methods. For non-westernized samples, see ABOVE. 37 samples are metagenomic samples from archeological specimen.
201 are samples from non-human primates. Samples from diseased individuals were assigned to a health-related condition
during the development of the resource curatedMetagenomicData, which exploits information available in the original
publications including the corresponding age group and lifestyle of the individuals. PREDICT 1 includes 1,098 participants
aged 18-66, (792 females [72%], 5.8x10e10 reads in total) from UK. PREDICT2 (n=975, individuals from the US aged 18-84
years, 703 females [72%], 5.8x10e10 reads sequenced in total); PREDICT3 US21 (n=11,798, aged 18-87, US, 10,270 females
[87%), 4.4x10e11 reads in total); PREDICT3 US22A (n=8,470 aged 18-90, US, 7,361 females [87%)], 3x10e11 reads); PREDICT3
UK22A (n=12,353, aged 18-95, UK, 9,447 females [76%], 3.9x10e11 reads in total). The Men’s Lifestyle Validation Study
(MLVS) 30 is a sub-study of the main Health Professionals Follow-up Study (HPFS) 51 and consisted of 700 men aged 52 to 81
years who were free of coronary heart diseases, stroke, cancer (except squamous or basal cell skin cancer), and major
neurological diseases. The HSPH is an ongoing prospective cohort study of 51,529 US male health professionals aged 40 to 75
years at enrollment in 1986. Similarly, Mind-Body Study (MBS), as a sub-cohort nested in the Nurses’ Health Study Il (NHS I1)
(https://nurseshealthstudy.org), adopted the same protocol for stool sample collection as in the MLVS. The NHSIl is an
ongoing prospective cohort study of 116,429 US female nurses aged 25-42 at enrollment in 1989. During 22013-2014, 233
women from the Mind-Body Study (MBS) were mailed stool and blood sample collection kits and 209 women returned
usable stool samples.

Recruitment MLVS is part of the Health Professionals Follow-up Study (HPFS) recruitment program. MBS is part of the Nurses’ Health
Study Il (NHS 1) (https://nurseshealthstudy.org). The ZOE PREDICT cohorts are the results of their own recruitment program
which is described at 10.21203/rs.2.20798/v1

Ethics oversight All cohorts collection procedures complied with all ethical regulations, including the Declaration of Helsinki (2013). Ethical
approval of the MBS and MLVS cohorts was granted by the Institutional Review Boards of the Brigham and Women’s Hospital
and the Harvard T.H. Chan School of Public Health. The ZOE PREDICT cohorts were approved, in the UK, by the Research
Ethics Committee and Integrated Research Application System (IRAS 236407); in the US by the Institutional Review Board:
Partners Healthcare IRB 2018P002078, clin. Trial NCT03479866 (ZOE PREDICT1); IRB Pro00033432, NCT03983733 (ZOE
PREDICT2), and NCT04735835 (ZOE PREDICT3). Any procedure involving individuals from all cohorts was carried out after
having received written informed consent.

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

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

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

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

Life sciences study design

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

Sample size This study considers N=22,867 individuals whose consumption of coffee was surveyed. The identification of 115 positively associated SGBs
with FDR-adjusted p-values in the range of 10e-20 represents itself an evidence of sufficient power considered the specific topic.

Data exclusions | 128 samples from PREDICT1 and 131 samples from PREDICT2 were excluded for the absence of nutritional records related to coffee.
Participants having recorded an intake of coffee > 99th percentiles in the ZOE PREDICT cohorts were also excluded as outliers. This excluded
14 more samples from PREDICT1, 9 from PREDICT2, 94 from PREDICT3 US22A, and 131 from PREDICT3 UK22A.
For in vitro experiments the conditions of 5g/L instant coffee, 5g/L instant decaffeinated coffee, and 1g/L brewed decaffeinated coffee for E.
coli were excluded from Figure 3d due to contamination.

Replication In vitro experiments were conducted once for each reported study design, with five technical replicates per condition in the liquid culture
experiments to monitor for potential contamination during the procedure.

Randomization  not applicable: this is an observational study, i.e. individuals coffee consumptions have not been fixed by an internevtion, but have been
surveyed by questionnaires and investigated as exposure; in vitro experiments involve controlled conditions and objective measurements.

Blinding not applicable: same reason as above. We are interested in real coffee consumption as an exposure and not as a induced treatment.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
Antibodies g |:| ChIP-seq
Eukaryotic cell lines |Z |:| Flow cytometry
Palaeontology and archaeology |Z |:| MRI-based neuroimaging

Animals and other organisms
Clinical data
Dual use research of concern

Plants
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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 = NCT03479866, NCT03983733, NCT04735835
Study protocol The full trial protocols for ZOE PREDICT can be accessed at: https://zoe.com/whitepapers/the-predict-program.

Data collection For the MBS and MLVS studies we report "The Men’s Lifestyle Validation Study (MLVS) 30 is a sub-study of the main Health
Professionals Follow-up Study (HPFS) 57 and consisted of 700 men aged 52 to 81 years who were free of coronary heart diseases,
stroke, cancer (except squamous or basal cell skin cancer), and major neurological diseases. From 2012-2013, a total of 307 men in
the MLVS provided up to two pairs of self-collected stool samples from consecutive bowel movements; each pair of samples were
collected 24-72 hours apart, and the two pairs were collected approximately six months apart 30. Two blood samples were drawn, 6
months apart, to coincide with the timing of the fecal sample collection. The HSPH is an ongoing prospective cohort study of 51,529
US male health professionals aged 40 to 75 years at enroliment in 1986. Similarly, Mind-Body Study (MBS), as a sub-cohort nested in
the Nurses’ Health Study Il (NHS 1) (https://nurseshealthstudy.org), adopted the same protocol for stool sample collection as in the
MLVS 29. During 22013-2014, 233 women from the Mind-Body Study (MBS) were mailed stool and blood sample collection kits and
209 women returned usable stool samples."

For the ZOE PREDICT cohorts, we report: "We included in this study five cohorts from the ZOE PREDICT (Personalized REsponses to

>
Q
=)
e
(D
O
@)
=4
o
=
—
(D
O
@)
=
)
(@]
wv
C
=
=
)
<




Outcomes

Plants

Dletary Composition Trial) program 54: PREDICT 1, which includes 1,098 participants aged 18-66, (5.8x1010 reads in total) from UK
and was previously published in 55; PREDICT2 (n=975, individuals from the US are aged 18-84 years, 5.8x1010 reads sequenced in
total); PREDICT3 US21 (n=11,798, aged 18-87, US, 4.4x1011 reads in total); PREDICT3 US22A (n=8,470 aged 18-90, US, 3x1011 reads);
PREDICT3 UK22A (n=12,353, aged 18-95, UK, 3.9x1011)." Time frames for the idividuals recruitment in the ZOE PREDICT cohorts can
be found at the above website.

not applicable

Seed stocks

Novel plant genotypes

Authentication

Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If
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,
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor

wus applied-
Describe-any-atthentication-procedures foreach seed stock tised-or-novel-genotype-generated.Describe-any-experiments-used-to

assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
off-target gene editing) were examined.

>
Q
L
C
=
(D
5,
o)
=
o
=
-
@
S,
o)
=
>
@
wv
e
3
=
QO
=
A




	Coffee consumption is associated with intestinal Lawsonibacter asaccharolyticus abundance and prevalence across multiple co ...
	Results

	Studying the interplay between coffee and the microbiome

	Coffee consumption is strongly linked to the gut microbiome

	L. asaccharolyticus is strongly linked with coffee

	Effect of coffee on L. asaccharolyticus is supported in vitro

	L. asaccharolyticus is ubiquitous in Western populations

	L. asaccharolyticus correlates with worldwide coffee intake

	Coffee plasma metabolites linked with L. asaccharolyticus

	L. asaccharolyticus and coffee enrich quinic acid metabolites


	Discussion

	Methods

	Ethical compliance

	The ZOE PREDICT cohorts

	The MBS and MLVS cohorts

	Reads pre-processing, taxonomic and functional profiling

	Taxonomic assignment of L. asaccharolyticus

	Bacterial cultivation

	Testing the effect of coffee supplementation on bacterial monocultures in vitro

	Metabolomic analysis

	Public metagenomic data on different lifestyles

	Meta-analytical approaches on coffee and SGB relative abundance

	Meta-analytical approaches to understand L. asaccharolyticus epidemiology

	L. asaccharolyticus co-abundance and co-exclusion correlations with other SGBs

	Machine learning approaches

	Reporting summary


	Acknowledgements

	Fig. 1 Consistent global links between coffee consumption and the human gut microbiome.
	Fig. 2 L.
	Fig. 3 L.
	Fig. 4 L.
	Fig. 5 Unannotated metabolites covarying with quinic acid are associated with L.
	Extended Data Fig. 1 Coffee intake estimated via FFQ in four ZOE PREDICT and the MBS-MLVS cohorts.
	Extended Data Fig. 2 Cross validation and Leave-one-dataset-out validation.
	Extended Data Fig. 3 Microbiome-correlated variables, sex, age, BMI, and ɑ-diversity are correlated with coffee intake.
	Extended Data Fig. 4 Meta-analysis of rank correlation between SGBs and coffee intake.
	Extended Data Fig. 5 Coffee-associated SGBs tend to be correlated in abundance with L.
	Extended Data Fig. 6 Different styles of urban and rural surroundings do not impact L.
	Extended Data Fig. 7 L.
	Extended Data Fig. 8 Unannotated metabolites covarying with trigonelline and caffeine in a L.
	Extended Data Fig. 9 Metatranscriptomics of MLVS.




