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Abstract

Background The gut microbiome regulates host energy balance and adiposity-related metabolic consequences, but
it remains unknown how the gut microbiome modulates body weight response to physical activity (PA).

Methods Nested in the Health Professionals Follow-up Study, a subcohort of 307 healthy men (mean[SD] age, 70[4]
years) provided stool and blood samples in 2012-2013. Data from cohort long-term follow-ups and from the accel-
erometer, doubly labeled water, and plasma biomarker measurements during the time of stool collection were used
to assess long-term and short-term associations of PA with adiposity. The gut microbiome was profiled by shotgun
metagenomics and metatranscriptomics. A subcohort of 209 healthy women from the Nurses'Health Study Il was
used for validation.

Results The microbial species Alistipes putredinis was found to modify the association between PA and body weight.
Specifically, in individuals with higher abundance of A. putredinis, each 15-MET-hour/week increment in long-term
PA was associated with 2.26 kg (95% Cl, 1.53-2.98 kg) less weight gain from age 21 to the time of stool collection,
whereas those with lower abundance of A. putredinis only had 1.01 kg (95% Cl, 0.41-1.61 kg) less weight gain (Dnerac.
ion=0.019). Consistent modification associated with A. putredinis was observed for short-term PA in relation to BM|,
fat mass%, plasma HbA1c, and 6-month weight change. This modification effect might be partly attributable to four
metabolic pathways encoded by A. putredinis, including folate transformation, fatty acid (3-oxidation, gluconeogen-
esis, and stearate biosynthesis.

Conclusions A greater abundance of A. putredinis may strengthen the beneficial association of PA with body
weight change, suggesting the potential of gut microbial intervention to improve the efficacy of PA in body weight
management.

*Correspondence:

Mingyang Song

mingyangsong@mail.harvard.edu

Full list of author information is available at the end of the article

©The Author(s) 2023. Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the
original author(s) and the source, provide a link to the Creative Commons licence, and indicate if changes were made. The images or

other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line
to the material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory
regulation or exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this
licence, visit http://creativecommons.org/licenses/by/4.0/. The Creative Commons Public Domain Dedication waiver (http://creativeco
mmons.org/publicdomain/zero/1.0/) applies to the data made available in this article, unless otherwise stated in a credit line to the data.


http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/publicdomain/zero/1.0/
http://creativecommons.org/publicdomain/zero/1.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s40168-023-01542-w&domain=pdf

Wang et al. Microbiome (2023) 11:121

Introduction

Overweight and obesity are global health problems [1, 2]
and have been associated with increased risk of morbid-
ity and mortality and decreased odds of healthy aging [3].
The gut microbiome has been increasingly recognized
to play important roles in modulating host energy bal-
ance and adiposity-related metabolic consequences [4, 5].
Physical activity (PA) increases energy expenditure and
thus is often prescribed for body weight management [6].
Although weight loss is often reported after PA interven-
tion [7, 8], PA does not always result in expected weight
loss and there is high variability in body weight responses
to PA [9-17].

In the growing field of precision medicine, there is
great interest in identifying whether specific features of
the gut microbiome may modulate the effect of PA on
body weight. Certain gut microbial features, e.g., Blautia
wexlerae [18], Bacteroides dorei [18], Bacteroides cellu-
losilyticus [19], Prevotella-to-Bacteroides ratio [20], and
bacterial metabolites, e.g., choline and L-carnitine [21],
have been recently reported to associate body weight
response to dietary interventions. A recent study identi-
fied gut microbiota as an important determinant of the
response to 12-week’s PA intervention in the improve-
ment of glucose metabolism and insulin sensitivity
among overweight individuals with prediabetes [22].
However, few studies have examined how the gut micro-
biome may modulate body weight response to PA in the
generally healthy population.

Therefore, in the current study, we leveraged the inte-
grated epidemiologic and shotgun metagenomic and
metatranscriptomic data in two cohorts and examined
the effect modification of the gut microbiome on the rela-
tionships of recent and long-term (26-year) PA with mul-
tiple body weight measures, including body mass index
(BMI), fat mass percentage, short (6-month)- and long-
term (early-to-middle adulthood) body weight change, as
well as plasma biomarkers of high-sensitivity C-reactive
protein (CRP) and hemoglobin Alc (HbAlc). We con-
ducted the primary analysis among a subcohort of 307
men in the long-running Health Professionals Follow-up
Study (HPFS) and validated the main findings among 209
women from the Nurses’ Health Study (NHS) I1.

Results

Overview of the discovery cohort

In the Men’s Lifestyle Validation Study (MLVS), a sub-
study of the HPFS, a total of 925 metagenomes, 340
metatranscriptomes, and 468 plasma biomarker meas-
urements were included in the analyses (Fig. 1b). Mean
(standard deviation, SD) age at stool collection was 70 (4)
years. At the time of stool collection, participants with
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higher recent PA levels were younger, more likely to have
lower BMI, lower fat mass percentage, less weight gain
from age 21 to age at stool collection (mean difference
[SD]=50 [4] years), and lower plasma CRP and HbAlc
levels (Supplementary Table 1). From age 21 to the time
at stool collection, participants gained a mean weight
(SD) of 8 (10) kg; the mean BMI (SD) increased from 23.0
(0.2) kg/m? and peaked at age 65 with 26.4 (0.2) kg/m>
(Fig. 1c). Recent and long-term total PA and PA by inten-
sity were correlated at weak to moderate magnitude (r,
ranging from—0.44 to 0.68, Fig. 1d and Supplementary
Table 2). PA was weakly correlated with energy-adjusted
macronutrient and total calorie intakes (|r|<0.25, Supple-
mentary Fig. 1).

A modest but distinguishable association between PA

and the gut microbiome

A total of 139 microbial species were included in the
analysis after quality control (“Statistical analysis” sec-
tion). Neither long-term PA (Fig. 1e) nor recent PA level
(Supplementary Fig. 2) was a major driver of the varia-
tion in overall gut microbial community structure. We
did not observe a significant association of PA level
with microbial diversity (Shannon index, pi..,q=0.79,
Supplementary Fig. 3). Omnibus testing with permuta-
tional multivariate analysis of variance (PERMANOVA)
revealed that long-term PA contributed 0.64% (R?,
p=0.043) of variation in the taxonomic structure
(Fig. 1f).

We found 45 species-level features from four phyla
to be associated with at least one of the measures of
PA, body weight, and biomarkers (g<0.25; Supplemen-
tary Fig. 4). Generally, associations of the species with
PA were in opposite direction to their associations with
body weight, e.g., species in the Clostridium genus and
short-chain fatty acid (SCFA)-producing bacteria, such
as Faecalibacterium prausnitzii and Coprococcus comes
(Fig. 2a). Among PA by intensity, vigorous PA was the
major driving force of the associations of total PA with
the microbial features (Supplementary Fig. 4).

A total of 35 MetaCyc pathways (Supplementary Fig. 5)
and 99 Enzyme Commission (ECs) (Supplementary
Fig. 6) were associated with at least one of the measures
of PA, body weight, and biomarkers. Concordant with
the fact that PA increases energy expenditure, we found
enrichments of microbial functions for glucose metabo-
lism in individuals with higher PA level. For example,
PA, particularly long-term total and vigorous PA, was
positively associated with the abundance of L-isoleucine
biosynthesis III (PWY-5103, Fig. 2b) and an enzyme in
the pathway (EC 2.6.1.42: branched-chain-amino-acid
transaminase, Fig. 2c). PA was also found to be positively
associated with SCFA-producing microbial pathways,
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Fig. 1 Study design for linking physical activity (PA), body weight measures,
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plasma biomarkers, and the gut microbiome in the Men’s Lifestyle

Validation Study (MLVS) and associations with overall gut microbiome configuration. a To associate the gut microbiome with PA and body weight
measures, we profiled stool metagenomes, metatranscriptomes, and blood biomarkers from the MLVS. The MLVS is a sub-study of the Health
Professionals Follow-up Study (HPFS), an ongoing prospective cohort of 51,529 men. The HPFS has repeatedly collected PA and body weight
information using validated questionnaires and health-related information since 1986. In the period 2012-2013, the MLVS collected stool samples at
up to four time points per individual, blood samples at up to two time points, and additional PA information using accelerometer and body weight
information using doubly labeled water from 307 participants. We applied MetaPhlAn 2 and HUMANN 2 to perform taxonomic and functional
profiling from stool shotgun metagenomes and metatranscriptomes. Plasma biomarkers of inflammation (high-sensitivity C-reactive protein,

CRP) and glucose homeostasis (hemoglobin ATc, HbA1c) were measured using standard methods. We employed generalized linear mixed-effects

regression models to account for within-subject correlation due to repeated

sampling and occasional missing data. b Discovery cohort, validation

cohort, and main exposure and outcome variables used in this study. ¢ Mean BMI at different ages and the time of stool collection. The error

bars represent standard deviations. d Spearman correlation between main exposure and outcome variables. e Principal coordinate analysis of

all samples using species-level Bray—Curtis dissimilarity. f Proportion of variation in taxonomy explained by PA measures, body weight measures,
plasma biomarkers, and covariables as quantified by two-sided permutational multivariate analysis of variance (based on species-level Bray—Curtis

dissimilarity)
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Fig. 2 Associations of physical activity (PA) and body weight measures with individual gut microbial species and pathway abundances in the
Men's Lifestyle Validation Study (MLVS). a Significant associations of recent and long-term total PA and body weight measure with microbial species
(g<0.25). The g values (false discovery rate adjusted p value) were calculated using the Benjamini—-Hochberg method with a target rate of 0.25. This
plot shows associations of the factors with specific microbial species overlaid onto their taxonomy. The red-to-green gradient in the outer rings
represents the magnitude and direction of the associations between the factors and species’abundances. The colors of the innermost ring and
phylogenetic trees differentiate major phyla. All models included each participant’s identifier as random effects and simultaneously adjusted for
age, smoking, Alternative Healthy Eating Index (AHEI), total energy intake, probiotic use, antibiotic use, and Bristol stool scale. b, ¢ Associations of
recent and long-term total PA and body weight measures with microbial functions (as MetaCyc pathways and EC enzymes). Beta coefficients were
derived from multivariable-adjusted generalized linear mixed-effects regression models as above, with multiple comparison adjustment also as

above. All the analyses in these panels were conducted based on all 925
two-sided

such as pyruvate fermentation to acetate and lactate II
(PWY-5100).

These results suggest that PA has a limited effect on
overall gut microbial community structure but may be
important for some specific taxonomic features and
microbial pathways mainly involved in glucose metabo-
lism and SCFA production.

Differential body weight response to PA by the gut
microbiome
We analyzed long-term PA as the main exposure and
weight change from age 21 to stool collection as the main
outcome, and secondarily examined recent PA in relation
to current BMI, fat mass percentage, 6-month weight
change, plasma CRP, and HbAlc. Except for the associa-
tion with CRP, we found all the other associations were
significantly modified by the 1st or 2nd principal coor-
dinate loading scores (PCol or PCo2) of the overall gut
community structure (P eraction < 0-035) (Supplementary
Fig. 7).

We then assessed the top 10 most abundant species
for their modifications on the associations that were

metagenomes collected from 307 participants. All the statistical tests were

modified by PCol or PCo2 (Supplementary Fig. 8).
We found that only A. putredinis showed a consist-
ently significant modification effect across the exam-
ined associations. Higher abundance of A. putredinis
significantly strengthened the association of long-term
PA with less weight gain from age 21 to stool collec-
tion, both when A. putredinis was analyzed in continu-
oUS (Pinreraction = 3-5 X 10™%) (Fig. 3a) and binary forms
(Fig. 3b,c). Specifically, in individuals with a higher
abundance of A. putredinis (relative abundance > 3%,
median), each 15 MET-hours/week increment in long-
term PA was associated with an average of 2.26 kg
(95% CI, 1.53-2.98 kg) less weight gain from age 21 to
stool collection, whereas individuals with a low abun-
dance of A. putredinis (relative abundance <3%) only
had 1.01 kg (95% CI, 0.41-1.61 kg) less weight gain
(Pinteraction=0.019, Fig. 3c). We used 15 MET-hours/
week of PA as the unit since it roughly corresponds
to 30 min/day of brisk/very brisk walking, which is
the recommended minimum level for health mainte-
nance [23]. A. putredinis showed a similar modifica-
tion on the associations of recent PA with lower BMI
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Fig. 3 Alistipes putredinis abundance modifies the associations of physical activity (PA) measures with body weight measures and plasma
biomarkers. Median abundance of A. putredinis was used as cutoff for low and high level. A high abundance of A. putredinis significantly
strengthened the associations of PA with weight loss/less weight gain from age 21 to stool collection (a—c), lower body mass index (BMI) at stool
collection, lower fat mass percentage at stool collection, weight loss/less weight gain in 6 months, and lower plasma hemoglobin Alc (HbA1c) at
stool collection, but not with plasma high-sensitivity C-reactive protein (CRP) at stool collection (d). a The interaction between long-term PA and
A. putredinis abundance in relation to body weight change from age 21 to stool collection. b Long-term PA in relation to weight change from age
21 to stool collection among participants with low and high A. putredinis abundance separately. Box plot centers show the median with boxes
indicating their inter-quartile ranges (IQRs) of each quintile range of long-term PA. ¢ Association between long-term PA and body weight change
from age 21 to stool collection according to A. putredinis abundance. The dots in the plot indicate beta coefficients in the multivariable-adjusted
generalized linear mixed-effects regression models, with error bars indicating upper and lower limits of their 95% confidence intervals. Beta
coefficients and piieraction Were calculated from multivariable-adjusted generalized linear mixed-effects regression models while adjusting for age,
smoking, Alternative Healthy Eating Index (AHEI), total energy intake, probiotic use, antibiotic use, and Bristol stool scale. d Associations between
PA measures with other body weight measures, including BMI at stool collection, fat mass percentage at stool collection, short-term body weight
change in 6 months (using data of the first pair of stool collections only), plasma HbATc and CRP at stool collection

(Pineraction=3-6 X 107%), lower fat mass percentage
(Pinteraction=6-0x 107°), less weight gain in 6 months
(Pinteraction = 0-008), and lower plasma HbAlc (piyierac.
tion = 0.038) (Fig. 3d).

When examined by PA intensity, the modification
effect of A. putredinis was largely consistent across
vigorous, moderate, and light PA (Supplementary
Fig. 9). Also, we found that the modification effect of
A. putredinis might be species-specific since other
species in Alistipes genus were relatively rare (median
relative abundance 0.0-0.6%) compared to A. putredi-
nis (median relative abundance 3.0%) and we did not
observe such a consistent modification from other
species in the genus Alistipes (Supplementary Fig. 10).

A. putredinis’ metabolic pathways and enzymes driving its
modification effect

Among the 127 pathways that had contributions from
A. putredinis, 47 were included after quality control
(“Statistical analysis” section). We examined commu-
nity-level abundances of these 47 pathways and found
that 11 of them showed a significant interaction with
long-term PA in relation to weight change from age
21 to stool collection (P eraction <0-10), including 6
pathways in metabolism, 2 in cellular processes, and
3 in genetic information processing (Fig. 4b). Of the
6 pathways in metabolism, individuals harboring gut
microbiomes with higher abundances of gluconeogen-
esis I (GLUCONEO-PWY) (Pipteraction="0.006), fatty
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acid p-oxidation I (FAO-PWY) (Pinteraction=0-019),
palmitoleate biosynthesis 1 (PWY-6282) (Pinterac-
tion="0.001), or folate transformations I (PWY-2201)
(Pinteraction = 0-049), or lower abundances of fatty acid
elongation — saturated (FASYN-ELONG-PWY) (P;pcerac-
tion = D-2 X 107 or stearate biosynthesis II (PWY-5989)
(Pinteraction = 0-039) showed a stronger association of
long-term PA with less weight gain from age 21 to stool
collection.

Among the 6 pathways in microbial metabolism, we
found that 4 had at least one enzyme with A. putredi-
nis as the dominant contributor (top 1st) and the
RNA/DNA ratio of these enzymes showed a signifi-
cant modification on the association of PA with body
weight change. These enzymes included EC 1.1.1.40:
malate dehydrogenase (oxaloacetate-decarboxylat-
ing) (nadp(+4)) (@interaction="0-004) in gluconeogen-
esis I, EC 6.2.1.3: long-chain-fatty-acid—coa ligase
(Pinteraction=0-009) in fatty acid B-oxidation I, EC
2.1.1.13: methionine synthase (p;peraction=0-047) in
folate transformations I, and EC 2.3.1.41: beta-ketoa-
cyl-[acyl-carrier-protein] synthase I (iyteraction =0-034)
in stearate biosynthesis II (Fig. 4c). For the pathways
of palmitoleate biosynthesis I and fatty acid elongation
— saturated, we did not detect any involved enzyme
for which A. putredinis’ contribution ranked the high-
est, but we observed some involved enzymes show-
ing a modification effect on the association of PA with
weight change since age 21, e.g., EC 3.1.2.14: Oleoyl-
[acyl-carrier-protein] hydrolase (¢ i, eraction =0-058) and
EC 1.3.1.10: Enoyl-[acyl-carrier-protein] reductase (p
interaction — 0'027) (Fig' 4C)'

Taken together, our results support the notion that
the modification effect of A. putredinis on body weight
response to PA may be due to microbial metabolic
pathways involved in gluconeogenesis, fatty acid oxida-
tion, folate transformation, and stearate biosynthesis.

(See figure on next page.)
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Validation of A. putredinis’ modifying role

in an independent cohort

Mind-Body Study (MBS) is a subcohort nested in the
NHS II. Mean (SD) age of MBS participants at stool col-
lection was 60 (3) years. Similar to MLVS, MBS had A.
putredinis among the top 10 loading microbial species.
Using the median abundance of A. putredinis as cutoff,
we observed that participants harboring a higher abun-
dance of A. putredinis had a stronger association of long-
term PA with less weight gain since age 18 (—2.24 kg
per 15 MET-hours/week), compared to those with a
lower abundance of A. putredinis (—1.37 kg/m? per 15
MET-hours/week) (p;pieraction=0-109) (Fig. 5¢). A similar
modification effect of A. putredinis was observed on the
inverse association between recent PA and BMI (—1.12
vs.—0.60 kg/m?* per 15 MET-hours/week in those with
high vs. low A. putredinis abundance) (9 craction =0-030)
(Fig. 5¢c). Notably, when we prospectively examined the
body weight change from 2013 to 2017, we found that
recent PA level in 2013 was significantly associated with
weight loss/less weight gain in the subsequent 4 years
only in individuals with a higher A. putredinis abun-
dance (—0.36 kg per 15 MET-hours/week, 95% CI, —0.69
to—0.05 kg), but not in those with a lower A. putredi-
nis abundance (0.06 kg per 15 MET-hours/week, 95%
CI,—0.18 to 0.30 kg) (Pinteraction =0-079) (Fig. 5d,e). There-
fore, the similar finding in the validation study in younger
women supports the presence of a modification effect of
A. putredinis on body weight response to PA.

Discussion

Developing effective strategies for body weight manage-
ment remains a challenge worldwide [1, 2]. Although PA
offers a cost-effective way for body weight control [6],
there is high inter-individual variability in body weight
response to PA [9-17]. In the current study among gen-
erally healthy individuals in middle-to-late adulthood,

Fig. 4 MetaCyc pathways and involved EC enzymes driving the modifying role of Alistipes putredinis in body weight response to physical activity
(PA). The role of A. putredinis in increasing body weight response to PA was mainly driven by the MetaCyc pathways related to gluconeogenesis,
fatty acid 3-oxidation, palmitoleate biosynthesis, folate transformation, stearate biosynthesis, and fatty acid elongation. a Diagram showing that a
total of 127 MetaCyc pathways contributed by A. putredinis and involved EC enzymes were examined for their modifying roles in the association
between PA level and weight change since age 21 years. b The 11 MetaCyc pathways modifying the association between PA and weight change
since age 21 years. Among the 11 pathways, 6 were of metabolism, 2 were of cellular processes, and 3 were of genetic information processing. The
pathways of gluconeogenesis |, fatty acid 3-oxidation |, palmitoleate biosynthesis (from (5Z)-dodec-5-enoate), and folate transformations | might
positively drive the response in body weight to PA, whereas the pathways of stearate biosynthesis Il (bacteria and plant) and fatty acid elongation—
saturated might negatively drive the response. The bars indicate beta coefficients in the multivariable-adjusted generalized linear mixed-effects
regression models, with error bars indicating upper and lower limits of their 95% confidence intervals. Beta coefficients and p; eraction Were
calculated from multivariable-adjusted generalized linear mixed-effects regression models while adjusting for age, smoking, Alternative Healthy
Eating Index (AHEI), total energy intake, probiotic use, antibiotic use, and Bristol stool scale. ¢ Representative EC enzymes involved in the 6 pathways
of metabolism in panel b showing modifying role in the association between PA and body weight change since age 21 years, and the contributions
of A. putredinis to the enzymes. The bar plots in € show the microbial species with the greatest contributions to each EC enzyme, with metagenomic
or metatranscriptomic samples along the x-axes ordered by PA level (from the lowest to the highest). Direction of the modifications of the pathways
and detected enzymes were consistent, with the bar chart showing the positive modifications colored in green and negative modifications colored

in red. All statistical tests were two-sided
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we demonstrated that habitual PA was modestly associ-
ated with several microbial species carrying metabolic
pathways including glucose metabolism, amino acid
metabolism, and SCFA production. More notably, we
found robust evidence supporting a modification effect
of the specific species A. putredinis on body weight
response to PA; that is, individuals with a high abundance
of A. putredinis had a stronger association of PA with
less weight gain and reduced levels of obesity-related
plasma biomarkers, compared to those with a low abun-
dance of A. putredinis. We also observed that the micro-
bial metabolic pathways of gluconeogenesis, fatty acid
[-oxidation, palmitoleate biosynthesis, and folate trans-
formations might associate with the modification effect
of A. putredinis when it is present. Our findings support
the consideration of gut microbial features as an impor-
tant component influencing individuals’ body weight and
metabolic responses to PA.

Modification effect by the microbiome indicates phe-
notypes for which pre-existing microbial differences cor-
respond with changed outcomes (such as weight gain),
even if the microbiome itself is not substantially changed
by an exposure (such as PA). In the current study, the
observed modification effect of gut microbial features on
the associations between PA and adiposity measures is
striking. Although we cannot address causality because
of the observational nature of this study, these findings
suggest two main possible hypotheses. First, the carriage
of A. putredinis may improve the positive effect of PA on
controlling body weight gain via changes in gut microbial
metabolism. Alternatively, low PA in combination with
some additional exogenous factors may increase both the
chance of A. putredinis acquisition and of weight gain.
Further interventional studies are needed to differenti-
ate these alternatives. If confirmed, measures to enrich A.
putredinis may be considered to enhance the benefit of
PA in body weight control. If supported by the appropri-
ate direction of causality, this could potentially be more
effective than direct modifications of the microbiome
to support weight loss, since we observed no significant
association of PA with overall microbial configuration

(See figure on next page.)
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and only weak associations with specific microbial taxa
and functions. These latter findings are consistent with
prior studies [22, 24—31] and add to the growing evidence
that enhanced microbial glucose metabolism and SCFA
production may be contributing, but not determining,
factors by which PA benefits energy balance.

Several potential modifiers on body weight response
to PA have been proposed, e.g., modified appetite, PA
performed beyond the prescribed level, and perceived
reinforcement value of food [9, 32, 33]. However, inter-
individual variability in PA’s effectiveness remains even
after adjusting for net exercise energy expenditure and
changes in energy intake in an exercise interventional
study [11], suggesting the existence of other unrecog-
nized modifiers. Recently, gut hormones were identified
as neurotransmitters within the central nervous system
to control energy homeostasis [12, 34, 35]. Some gut bac-
terial metabolites, e.g., SCFA, stimulate the production
of gut hormones, e.g., glucagon-like peptide-1 (GLP-1),
peptide YY (PYY), and ghrelin, which act in the brain to
regulate both food intake and systemic energy expendi-
ture [36]. Given the interplay between the gut microbi-
ome and gut endocrine cells [34, 37], it is plausible that
host energy expenditure elicited by PA may be modu-
lated by gut microbial features (independently of dietary
energy intake). By further identifying the metabolic path-
ways and enzymes in A. putredinis driving the modifica-
tion effect and validating the modification effect in an
independent cohort, our study provides evidence sup-
porting the gut microbiome, particularly A. putredinis, as
an important modifier on individual’s response in body
weight to PA.

Our finding represents a specific example of the gut
microbiome’s broader ability to influence host metabo-
lism through a variety of regulatory and energy balance
mechanisms [38]. In the current study, we found that,
among the functional pathways expressed by A. putredi-
nis, for example, expression of enzymes for folate/methio-
nine transformations showed positive modifications on
the association between PA and body weight change. This
is only one of several A. putredinis activities implicated in

Fig. 5 Validation of the modifying role of Alistipes putredinis in body weight response to physical activity (PA) in the Mind-Body Study (MBS) cohort.
a Study design of MBS. To associate the gut microbiome with PA and body weight measures, we profiled stool metagenomes from the MBS. The
MBS is a sub-study of the NHSII, an ongoing prospective cohort totaling 116,429 women. The NHSII has repeatedly collected PA and body weight
information using validated questionnaires and health-related information since 1989. In the period 2013-2014, the MBS collected stool samples

at up to four time points per individual and body weight information at up to two time points 209 participants. We applied MetaPhlAn 2 and
HUMANN 2 to perform taxonomic and functional profiling from stool shotgun metagenomes and metatranscriptomes. b Mean value of BMI at
different ages and the time of stool collection. The error bars represent standard deviations. ¢ Associations between PA level at stool collection and
BMI at stool collection (left), and between long-term PA level and body weight change from age 18 to stool collection (right) in those with a higher
and lower abundance of A. putredinis separately. d Body weight change in the subsequent 4 years since stool collection according to PA level at the
time of stool collection in those with a higher and lower abundance of A. putrdinis separately. e Association between PA level at the time of stool
collection and body weight change in the subsequent 4 years since stool collection in those with a higher and lower abundance of A. putrdinis

separately
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the interaction, but it already suggests the variety of path-  immune regulation [39, 40], and microbial regulation in
ways by which it could act: changes in extracellular folate  turn is driven by tetrahydrofolate (THF), S-adenosylme-
pools in the colon signal the host via both energy and  thionine (SAM), and other methionine cycle metabolites
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[41, 42]. Another example of A. putredinis pathways posi-
tively modifying body weight response to PA is fatty acid
[B-oxidation. Although gut anaerobes generally do not
produce energy by fatty acid B-oxidation [43], the process
again modifies both colonic signaling and oxidative stress
balance, in ways that can, e.g., help reverse host alcohol-
induced energy imbalance and dysbiosis [44]. However,
in combination with the several other metabolic path-
ways in A. putredinis showing effect modifications, it
is not clear which of these may be causal drivers of the
weight change phenotype versus passenger effects of
modified A. putredinis physiology, and more studies are
thus needed.

Once confirmed, our findings can have important
implications. First, it supports the potential of gut micro-
bial modulation in bolstering the efficacy of PA in body
weight control. Personalized strategies tailored to indi-
viduals’ gut microbial features may represent a promising
and sustainable approach to mitigate adiposity-related
health problems. Second, our findings open a new venue
of research in improving the abundance of A. putredi-
nis to enhance PA-related metabolic benefit. Although
we did not observe a direct association of PA with A.
putredinis, A. putredinis was observed to be increased by
PA intervention in prediabetic population [22]. Intakes of
cruciferous vegetables were also reported to increase A.
putredinis abundance in humans [45]. Further studies are
needed to elucidate new measures to enrich A. putredinis
to inform future prebiotic development.

Our study has several strengths, including the assess-
ments of both long-term and short-term PA, the use of
accelerometers for a more accurate PA quantification,
analysis of deeply phenotyped cohorts with detailed
information on multiple body weight and related meta-
bolic measures, and validation of the findings in an inde-
pendent cohort. Limitations are also noteworthy. First,
it was not an interventional study, so we were unable to
establish causality between the PA exposures and body
weight measures. As an observational study, confounding
from other factors influencing the gut microbiome and
observed associations cannot be ruled out. However, we
adjusted for several such factors, including dietary pat-
tern, which did not essentially change our results. Second,
systemic mechanistic explanations for the findings are
lacking, particularly as they might be transmitted via host
regulatory activities. Although we examined the effect
modification by both microbial taxonomy and functions,
more studies are needed to link the mechanisms to host
outcomes before conclusions can be reached. Third, par-
ticipants in the discovery cohort were uniformly older,
predominantly Caucasian men. However, the consistent
results in an independent cohort of younger women indi-
cate the generalizability of our findings.
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In conclusion, a higher abundance of A. putredinis
may strengthen the beneficial association of PA with
body weight change; the modifying role of A. putredi-
nis may be partly attributable to its functional activi-
ties in the gut including folate transformation and fatty
acid B-oxidation. Our findings provide evidence for a
gut microbiome-based personalized approach for body
weight management.

Materials and methods

Study population

The Health Professionals Follow-up Study (HPES)
is an ongoing prospective cohort study of 51,529 US
male health professionals aged 40 to 75 years at enroll-
ment in 1986 [46]. Participants completed a base-
line and biennial follow-up questionnaires to provide
comprehensive information on lifestyle factors, medi-
cation use, and diagnoses of chronic diseases, with
follow-up rates exceeding 90% in each 2-year cycle.
The Men’s Lifestyle Validation Study (MLVS) is a sub-
study of the HPFS 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 can-
cer), and major neurological diseases [47]. From 2012
to 2013, a total of 307 men in the MLVS provided up
to two pairs of self-collected stool samples from con-
secutive bowel movements; each pair of samples were
collected 24-72 h apart, and the two pairs were col-
lected approximately 6 months apart [47]. The stool
collection methods have been detailed and validated
previously [47-49]. Two blood samples were drawn,
6 months apart, to coincide with the timing of the fecal
sample collection (Fig. 1a).

Nurses’ Health Study (NHS) II is a large, prospective
cohort study that enrolled 116,429 registered female
nurses aged 25-42 years in 1989. Similar follow-up
procedures have been used as in the HPFS cohort. Par-
ticipants completed a detailed biennial questionnaire
regarding their lifestyle and medical history with over
90% of follow-up [50]. Mind-Body Study (MBS), as a
subcohort nested in the NHS II, adopted the same pro-
tocols for stool sample collection and sequencing as
in the MLVS [51]. During 2013-2014, 233 women in
MBS were mailed stool sample collection kits and 209
women returned usable stool samples (Fig. 5a). Shot-
gun sequencing data of the 209 individuals were used
for the validation analysis in the current study. Because
more comprehensive measurements had been con-
ducted in MLVS than MBS, e.g., accelerometer admin-
istration, doubly labeled water test, and blood sample
collection, we used MLVS as the discovery cohort and
MBS as the validation cohort.
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Assessment of physical activity

In 1986 in the MLVS and 1991 in the MBS and every
2 years thereafter, using a modified Paffenbarger physi-
cal activity questionnaire (PAQ), participants reported
mean time spent per week engaged in specific activi-
ties during the past year, using 13 categories ranging
from “None” to “40+h” Activities included walking to
work or for exercise (including golf), jogging (> 10 min/
mile), running (<10 min/mile), bicycling (including
stationary machine), lap swimming, tennis, squash or
racquetball, calisthenics or rowing, other aerobic exer-
cise (e.g. exercise classes), lower-intensity exercise (e.g.,
yoga, stretching, or toning), moderate outdoor work
(e.g., yardwork or gardening), heavy outdoor work
(e.g., digging or chopping), weightlifting (including
machines), and standing or walking around work and
around home. Participants indicated activity intensity
(low, medium, high) for swimming, biking, and tennis.
Participants also reported usual walking pace outdoors
as easy, average, brisk, or very brisk and stair flights
climbed daily. The questionnaire was validated against
4 7-day activity diaries administered across 4 different
seasons (correlation, 0.65) and against resting heart rate
(correlation, —0.45) [52]. In the MLVS and MBS stud-
ies, two extra PAQs were each administered around
1 month before the 1st and after the 2nd stool sample
collection. In the MLVS, from 1986 through 2013, the
vast majority of participants provided PA information
at all 16 times PAQ (14 times in HPFS and 2 times in
MLVS) (92%). To best catch long-term habitual PA
level, we calculated the cumulative average PA of the
first 15 times and of all 16 times to represent long-term
PA level at the time of the 1st and 2nd stool sample col-
lection, respectively.

We used metabolic equivalent task (MET)-hours to
represent PA levels. MET is the ratio of work metabolic
rate to a standard resting metabolic rate of 1.0 (4.184 kJ)
kg~' h™' [53]. A MET value was assigned to each activity
adapted from a compendium of physical activities [54].
We derived a measure of MET-hours for each activity by
multiplying the MET value by the participant-reported
average time using the category midpoint. Total physical
activity was defined as the sum of specific MET-hours per
week for each activity. Activities were grouped by inten-
sity: vigorous PA (>6 METs: brisk and very brisk pace
walking, jogging, running, stairs, squash/racquetball,
and high-intensity bicycling, lap swimming, and tennis),
moderate PA (3—-5.9 METs: average pace walking, moder-
ate/heavy outdoor work, other aerobic exercise, weight-
lifting and low- to moderate-intensity bicycling, lap
swimming, and tennis), and light PA (<3 METs: easy pace
walking, lower-intensity exercise, and other unstructured
activities that are distinct from sedentary behavior) [55].
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Participants of MLVS were provided an accelerometer
(ActiGraph GT3X; Actigraph Corporation, Pensacola,
FL), detailed instructions, and a wear time diary. Accel-
erometers measure body movement during wear and
objectively measure PA behavior. At two time points of
approximate 1 month before the 1st and after the 2nd
stool collection, they were asked to wear the monitor
on the hip for 7 consecutive days during waking hours,
except bathing or swimming, and maintain a wear time
diary. Accelerometer methods have been described else-
where [56]. We used accelerometer data based on the
triaxial vector magnitude. We used the regression equa-
tion of [METs=0.000863* (activity counts from all 3
axes) +0.668876] to predict METs from triaxial counts
[57]. For each minute of non-wear time or when triax-
ial counts were <100 per minute, a value of 1 MET was
assigned. The computed METs were summed over all
minutes to get total energy expenditure in MET-min/day,
which was then divided by 60 and 7 to compute MET-
hours/week. We used a threshold of 200-2689 counts/
minute for light-intensity activity (<3 METs), 2690-6166
counts/minute for moderate-intensity activity (3-5.99
METs), and > 6167 counts/minute for vigorous-intensity
activity (>6 METs) [57, 58]. We derived time spent in
each intensity category by summing every minute per
day in each intensity level. Accelerometer measures were
averaged over valid days for each week of wear. We used
the PA level measured by the 2 accelerometers to repre-
sent recent PA level each for the time of the 1st and 2nd
stool sample collection.

Due to a lack of accelerometer administration in the
MBS, we used the PA data collected by PAQ at the time
of stool collection to represent recent PA and mean PA
across all PAQs in NHS II and MBS to represent long-
term PA.

Assessment of body weight

At the enrollment of HPFS in 1986, participants were
requested to report their body weight and height and
recall their body weight at age 21. Body weight at age 18
was inquired at enrollment in the NHS II in 1989. Since
then, participants reported their body weight biennially
through questionnaires. The Pearson correlation coef-
ficient between self-reported body weight and the mean
of 2 standardized technician-measured weight was 0.97
[59]. In MLVS, at the time of each of the 2 pairs stool col-
lections, participants additionally reported their current
body weight. We calculated body mass index (BMI) by
dividing the reported weight in kilograms by the square
of height in meters (kg/m?) reported in HPFS. We used
the difference between the 2 body weight measurements
at the two stool collections (2nd minus 1st) to repre-
sent short-term body weight change in 6 months, and
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the difference between the reported body weights at
stool collections and age 21 to represent long-term body
weight change since age 21. A positive value of the weight
change represents weight gain and negative value repre-
sents weight loss.

In the MLVS, approximately coincided with the 2
accelerometer administrations, a Doubly Labeled Water
(DLW) test was conducted to estimate fat-free mass.
Isotope dilution has been long considered as one of the
reference methods for the measurements of body com-
position. It has been well documented that fat-free mass
in healthy adults has a hydration of 73% [60]. Knowing
the Ng from the DLW protocol, total body water was cal-
culated using the equation of total body water=Ng/1.01
because the N is assumed to overestimate total body
water by 1% [60]. Therefore, fat-free mass was calcu-
lated from total body water using the equation of fat-free
mass=total body water /0.73. We used the difference
between the reported body weight at stool collection and
the corresponding fat-free mass as the fat body mass and
calculated fat mass percentage as one of our outcome
measures.

Assessment of other covariates

In the HPFS and NHS II, dietary information was col-
lected at the baseline (HPFS: 1986; NHS II: 1991) and
updated every 4 years thereafter with validated food fre-
quency questionnaires [61]. In the MLVS and MBS, two
extra questionnaires were each administered around the
time of stool sample collection to evaluate the diet in the
past 1 year. We calculated total energy intake by multi-
plying the frequency of consumption of each food item
by its nutrient content and summing across all foods.
Information on smoking status (current smoker or not),
use of probiotics in the past 2 months, use of antibiotics
in the past 12 months, and the Bristol Stool Chart score
(ranging from 1 to 7) was collected through question-
naires completed at the time of sample collection.

Measurement of plasma biomarkers

Fasting blood samples were collected twice in the MLVS
participants, 6 months apart, during the same time as
stool collections by nurse practitioners at a clinical lab-
oratory. Participants were cannulated in the forearm
(antecubital vein) to collect a blood sample after fasting
for 12 h. For each blood sample, information on fasting
status, blood collection time and date, smoking status,
and body weight was recorded. After collection, blood
samples were placed on ice packs, stored in Styrofoam
containers, returned to the laboratory via overnight cou-
rier, and centrifuged and aliquoted for storage in liquid-
nitrogen freezers (—130 °C or colder). High-sensitivity
C-reactive protein (CRP) concentration was determined
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in plasma by an immunoturbidimetric high-sensitivity
assay using reagents and calibrators from Denka Seiken
with assay day-to-day variability between 1 and 2%.
Hemoglobin Alc (HbAlc) was measured by turbidi-
metric immunoinhibition using packed red cells (Roche
Diagnostics), which is a standard approved by the US
National Glycohemoglobin Standardization Program
and Food and Drug Administration for clinical use. Our
study included 304 participants in the analyses on blood
biomarkers. Among 304 participants, 164 and 140 par-
ticipants provided two and one blood sample, respec-
tively, yielding a total of 468 blood samples. Among the
randomly selected 10% quality control (QC) samples, the
coeflicients of variation were<7% for CRP and HbAlc.
We observed significantly positive correlations of BMI
and fat mass percentage with plasma CRP (with BMI
0.49, p=0.004; with fat mass percentage 0.52, p=0.002)
and HbA1c levels (with BMI 0.45, p=0.009; with fat mass
percentage 0.53, p=0.001) (Supplementary Table 2).

Taxonomic and functional profiling of metagenomic

and metatranscriptomic samples

Taxonomic and functional profiles were generated using
the bioBakery meta'omics workflow [62]. Sequencing
reads were passed through the KneadData 0.3 quality
control pipeline (http://huttenhower.sph.harvard.edu/
kneaddata) to remove low-quality read bases and reads
of human origin. Taxonomic profiling was performed
using MetaPhlAn 2.6.0 (http://huttenhower.sph.harvard.
edu/metaphlan2) [63], which classifies the metagenom-
ics reads to taxonomies and yields relative abundances
of taxa identified in the sample based on approximately 1
million clade-specific marker genes derived from 17,000
microbial genomes (corresponding to>13,500 bacterial
and archaeal). We excluded microbial species that did not
surpass minimum prevalence (10% of samples) and rela-
tive abundance (0.01%) threshold.

Shotgun metagenomes and metatranscriptomes were
functionally profiled using HUMAnN 2.8.0 (http://hutte
nhower.sph.harvard.edu/humann) [64]. Briefly, for each
sample, taxonomic profiling is used to identify detect-
able organisms. Reads are recruited to sample-specific
pangenomes including all gene families in any detected
microorganisms using Bowtie2 [65]. Unmapped reads are
aligned against UniRef90 [66] using DIAMOND trans-
lated search [67]. Hits are counted per gene family and
normalized for length and alignment quality. For calcu-
lating abundances from reads that mapped to more than
one reference sequence, search hits are weighted by sig-
nificance (alignment quality, gene length, and gene cov-
erage). UniRef90 abundances from both the nucleotide
and protein levels were then mapped to level 4 Enzyme
Commission (EC) nomenclature [68] and combined
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into structured pathways from MetaCyc [69]. More
details about functional profiling in the MLVS have been
described previously [47, 48].

Metatranscriptomic functional activity was assessed in
341 MLVS samples with both RNA and DNA data using
RNA/DNA ratio. Owing to the compositionality of RNA
and DNA measurements, the resulting ratio is relative to
the mean transcript abundance of the entire microbial
community. Thus, a ratio of 1 implies that the pathway
is transcribed at the mean transcription abundance of
all pathways in the microbial community. Only samples
with at least 1 read per kilobase (RPK) were included in
the analysis. Infinite values of RNA/DNA ratios were
imputed using 99% percentile of a given feature and val-
ues of 0 were imputed using half of the 1% percentile
before log transformation.

Statistical analysis

We linked each of the microbiome measurements with
the PA, body weight, biomarkers, and other variables col-
lected at the time closest to the time of stool collection.
Specifically, the 1st and 2nd metagenomes and metatran-
scriptomes (i.e., the first pair of stool samples) were
linked to recent PA assessed at the first accelerometer,
long-term PA assessed at the 1st stool collection, anthro-
pometry assessed at the first questionnaire and DLW
test, and biomarkers measured at the first blood sample
collection. Similarly, the 3rd and 4th metagenomes and
metatranscriptomes were linked to the corresponding
second recent and long-term PA, anthropometry, and
biomarker measures. We used recent PA level to link with
BMI and fat mass percentage at stool collection, short-
term weight change in the past 6 months, and plasma
CRP and HbAlc at stool collection; and used long-term
PA level to link with weight change since age 21.

To investigate variation in species composition, we
used principal coordinate analysis (PCoA) for each sam-
ple using the Bray—Curtis measure to calculate the dis-
similarity matrix. We performed omnibus testing with
permutational multivariate analysis of variance (PER-
MANOVA) to quantify the percentage of variance in
the microbial communities explained by PA measures
including recent and long-term total PA and PA by inten-
sity, body weight measures including BMI and fat mass
percentage at stool collection, short-term weight change
in 6 months (restricted in data of the 1st pair stool sam-
ples), and long-term weight change since age 21, plasma
CRP and HbAlc, and covariates based on the Bray—Cur-
tis dissimilarity metric using the adonis function in the
R package vegan 2.5-6. All the PERMANOVA tests were
two-sided with the degree of freedom of 1.

For per-feature tests, we first performed quality con-
trol filtering for taxonomic and functional features by
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removing those with a relative abundance of<0.01%
in less than 10% of samples. Similarly, we filtered out
all enzymes with a relative abundance of<0.001% or
detected in less than 10% of all samples. After filter-
ing, 139 microbial species were included in the analysis.
Using the raw functional profiling abundances calculated
for metagenomes and metatranscriptomes, we quanti-
fied functional activity of the gut microbial transcripts
by calculating the RNA/DNA ratio of microbial enzymes,
which provides an index of over/under-transcription
(relative to DNA copy number) within each individual
microbiome sample [64]. Pathways and enzymes that
had<1 read per kilobase of either RNA or DNA were
treated as not detected in this calculation. In addition to
the filters of minimum abundance and prevalence, func-
tional features with high correlations with others were
removed by taking the most abundant feature in each
of such clusters as its representative. We employed the
R package MaAsLin 2 1.0.0 to perform per-feature tests
(https://huttenhower.sph.harvard.edu/maaslin2) [70].
We log-transformed relative abundances of microbial
features before including them in the MaAsLin models.
Multivariable models were adjusted for age, smoking,
total energy intake, probiotic use, antibiotic use, and Bris-
tol stool scale. In the per-feature tests, unless otherwise
noted, all high-dimensional tests were corrected for mul-
tiple comparison by controlling the false discovery rate
using the Benjamini—-Hochberg method with a target rate
of 0.25 for g values. The circular phylogenetic tree was
produced by GraPhlAn as a part of the bioBakery work-
flow (https://huttenhower.sph.harvard.edu/graphlan).

We used generalized linear mixed-effects regressions
(with generalized least squares estimator) for all the asso-
ciation analyses. All models included identifiers of par-
ticipants as random effects to account for within-subject
correlation due to repeated sampling, and included the
PA measures and covariables of age, smoking, Alternative
Healthy Eating Index (AHEI), total energy intake, pro-
biotic use, antibiotic use, and Bristol stool scale as fixed
effects. We firstly carried out hypothesis-generation by
testing the potential interactions of PA measures with the
1st and 2nd principal coordinate loading scores (PCol
and PCo2) of the overall gut community structure in rela-
tion to the body weight measures and biomarkers. We
included in the models the main effects of the PA meas-
ures and PCol or PCo2, as well as their product term, in
addition to the covariables as fixed effects and participant
identifier as random effect. Of the 139 microbial species
passing the quality control criteria, the 10 most abundant
species together accounted for 46% of the overall com-
munity abundance. Thus, on top of a significant interac-
tion between PA and PCol or PCo2, we further tested
the interactions between PA and relative abundances of
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the top 10 loading individual microbial species using the
same methods. We used the median abundance level as
cutoff for each species to dichotomize the samples and
examined their interactions with the PA level in rela-
tion to body weight measures. We tested the significance
level of the beta coefficient of the product term using a
two-sided likelihood ratio test by comparing models with
and without the interaction term to calculate the p value
for interaction. A significant p value of the product term
indicates an interaction between the PA measures and
the overall microbial composition or an individual micro-
bial species, referred to as a modification effect. We used
the same methods in examining the modification effect of
the gut microbiome on the association between PA and
body weight in the validation cohort.

After observing the modification effect of A. putredinis,
we further examined the metabolic pathways contributed
by A. putredinis and the involved enzymes to understand
the mechanism through which A. putredinis modulates
body weight response to PA. Among all the pathways con-
tributed by A. putredinis, we firstly performed a quality
control by excluding those correlated with others with a
correlation of >0.9 and taking the most abundant feature in
each of such clusters as its representative. For the pathways
that showed significant modification effect, we examined
all the involved enzymes. For each enzyme, we ranked the
contributions from various species in metagenomes and,
if the contribution from A. putredinis ranked the highest,
we then examined the interaction of RNA/DNA ratio with
long-term PA in relation to weight change from age 21 to
stool collection. Metatranscriptomes were functionally
profiled using the same methods as metagenomes in 341
MLVS samples with both RNA and DNA data. Median
RNA/DNA ratio was used as the cutoff to define low and
high transcriptional activity of A. putredinis. All analyses
were two-sided and performed using R version 3.6.1.

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/540168-023-01542-w.

Additional file 1: Supplementary Table 1. Characteristics of participants
in the Men’s Lifestyle Validation Study according to quartiles of recent
physical activity level. Supplementary Table 2. Spearman correlations
between the variables of physical activity, body weight, body weight
change, and plasma biomarkers. Supplementary Fig. 1. Spearman corre-
lation between long-term total physical activity level and calorie-adjusted
dietary intakes of major nutrients at p <0.05. Supplementary Fig. 2.
Principal coordinate analysis of all samples using species-level Bray—Curtis
dissimilarity according to recent physical activity level measured by accel-
erometer. Supplementary Fig. 3. Gut microbial diversity using species
taxonomic data according to recent total physical activity measured by
accelerometer. Supplementary Fig. 4. Significant associations of physical
activity, body weight measures, and plasma biomarkers of hemoglobin
Alc (HbA1c) and high-sensitivity C-reactive protein (CRP) with micro-

bial species (g <0.25). Supplementary Fig. 5. Significant associations

of physical activity, body weight measures, and plasma biomarkers of

Page 14 of 17
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dance. Supplementary Fig. 10. Relative abundance, prevalence, and
interactions of all the species in the genus of Alistipes with physical activity
in relation to body mass index at stool collection, fat mass percentage at
stool collection, short-term (6 months) weight change, long-term weight
change from age 21 to stool collection, plasma hemoglobin Alc (HbATc)
and high-sensitivity C-reactive protein (CRP).

Acknowledgements

The authors thank the participants and staff of the HPFS and the NHS Il for
their continued contributions, as well as the following state cancer registries
for their help: Alabama, Arizona, Arkansas, California, Colorado, Connecticut,
Delaware, Florida, Georgia, Idaho, lllinois, Indiana, lowa, Kentucky, Louisiana,
Maine, Maryland, Massachusetts, Michigan, Nebraska, New Hampshire, New
Jersey, New York, North Carolina, North Dakota, Ohio, Oklahoma, Oregon,
Pennsylvania, Rhode Island, South Carolina, Tennessee, Texas, Virginia, Wash-
ington, and Wyoming. The authors assume full responsibility for analyses and
interpretation of these data.

Authors’ contributions

Kai Wang (Data curation; Formal Analysis; Investigation; Methodology;
Software; Validation; Visualization; Writing — original draft; Writing — review &
editing). Raaj S. Mehta (Investigation; Methodology; Software; Writing — review
& editing). Wenjie Ma (Investigation; Methodology; Software; Writing — review
& editing). Long H. Nguyen (Investigation; Methodology; Software; Writing

- review & editing). Dong D. Wang (Investigation; Methodology; Software;
Writing - review & editing). Andrew Ghazi (Investigation; Methodology;
Software; Writing — review & editing). Yan Yan (Investigation; Methodology;
Software; Writing — review & editing). Laila Al-Shaar (Investigation; Meth-
odology; Software; Writing — review & editing). Yiging Wang (Investigation;
Methodology; Software; Writing - review & editing). Dong Hang (Investiga-
tion; Methodology; Software; Writing — review & editing). Benjamin C. Fu
(Investigation; Methodology; Software; Writing — review & editing). Shuji
Ogino (Investigation; Methodology; Software; Writing — review & editing). Eric
B. Rimm (Investigation; Methodology; Project administration; Writing — review
& editing). Frank B. Hu (Investigation; Methodology; Project administration;
Writing - review & editing). Rachel N. Carmody (Investigation; Methodology;
Writing — review & editing). Wendy S. Garrett (Investigation; Methodology;
Project administration; Writing — review & editing). Qi Sun (Investigation; Meth-
odology; Project administration; Writing — review & editing). Andrew T. Chan
(Funding acquisition; Investigation; Methodology; Project administration;
Writing — review & editing). Curtis Huttenhower (Conceptualization; Funding
acquisition; Investigation; Methodology; Project administration; Resources;
Software; Supervision; Writing — review & editing). Mingyang Song (Conceptu-
alization; Data curation; Funding acquisition; Investigation; Methodology; Pro-
ject administration; Resources; Software; Supervision; Validation; Visualization;
Writing - review & editing). All authors reviewed the manuscript. The author(s)
read and approved the final manuscript.

Funding
This work was supported by the U.S. National Institutes of Health (NIH)
grants [PO1 CA87969 to M.J. Stampfer; U0T CA186107 to M.J. Stampfer; PO1


https://doi.org/10.1186/s40168-023-01542-w
https://doi.org/10.1186/s40168-023-01542-w

Wang et al. Microbiome (2023) 11:121

CA55075, to W.C. Willett; UMT CA167552 to W.C. Willett; UOT CA167552 to LA
Mucci and W.C. Willett; K24 DK098311, R0O1 CA137178, R0T CA202704, RO1
CA176726,to AT.C; RO0 CA215314, U01 CA261961, and ROTCA263776 to M.S,;
R35 CA197735 and RO1T CA151993 to S.OJ; by the American Cancer Society
Mentored Research Scholar Grant (MRSG-17-220-01—NEC to M.S.). Dr. Chan
is a Stuart and Suzanne Steele MGH Research Scholar. The funders had no
role in design or conduct of the study; collection, management, analysis, or
interpretation of the data; preparation, review, or approval of the manuscript;
or decision to submit the manuscript for publication.

Availability of data and materials

Because of the sensitive nature of the data collected for this study, all the
metadata are available through a request for external collaboration and upon
approvals of a letter of intent and a research proposal that may be sent to
Brigham and Women's/Harvard Cohorts at https:/sites.google.com/chann
ing.harvard.edu/cohortdocs/getting-started/collaborations-consortia?authu
ser=2]. Source code that generates the figures and tables is available at
https://github.com/biobakery/Physical-activity-gut-microbiome-body-weight.

Declarations

Ethics approval and consent to participate

The study protocol was approved by the institutional review board of the
Brigham and Women'’s Hospital and Harvard TH. Chan School of Public Health,
and those of participating registries as required. Written informed consent was
obtained from all participants.

Consent for publication
All the listed authors have agreed to all of the contents in the manuscript and
the submission.

Competing interests
The authors declare no competing interests.

Author details

'Department of Epidemiology, Harvard TH. Chan School of Public Health, 667
Huntington Avenue, Kresge 906A, Boston, MA 02115, USA. 2Clinical and Trans-
lational Epidemiology Unit, Massachusetts General Hospital and Harvard
Medical School, Boston, MA, USA. *Division of Gastroenterology, Massachu-
setts General Hospital and Harvard Medical School, Boston, MA, USA. “Broad
Institute of MIT and Harvard, Cambridge, MA, USA. °Department of Biosta-
tistics, Harvard TH. Chan School of Public Health, Boston, MA, USA. ®Harvard
Chan Microbiome in Public Health Center, Harvard TH. Chan School of Public
Health, Boston, MA, USA. ”Department of Nutrition, Harvard T.H. Chan School
of Public Health, Boston, MA, USA. ®Department of Medicine, Channing
Division of Network Medicine, Brigham and Women's Hospital and Harvard
Medical School, Boston, MA, USA. °Department of Epidemiology and Biostatis-
tics, International Joint Research Center On Environment and Human Health,
Center for Global Health, School of Public Health, Nanjing Medical University,
Nanjing, China. '%Jiangsu Key Lab of Cancer Biomarkers, Prevention and Treat-
ment, Collaborative Innovation Center for Cancer Medicine, Nanjing Medical
University, Nanjing, China. ''Department of Oncologic Pathology, Dana-Farber
Cancer Institute and Harvard Medical School, Boston, MA, USA. '“Depart-
ment of Pathology, Program in MPE Molecular Pathological Epidemiology,
Brigham and Women's Hospital and Harvard Medical School, Boston, MA, USA.
1*Department of Human Evolutionary Biology, Harvard University, Cambridge,
MA, USA. "*Department of Immunology and Infectious Diseases, Harvard TH.
Chan School of Public Health, Boston, MA, USA. '°Department of Medical
Oncology, Dana-Farber Cancer Institute and Harvard Medical School, Boston,
MA, USA.

Received: 10 November 2022 Accepted: 5 April 2023
Published online: 30 May 2023

References

1. Ogden CL, Fryar CD, Martin CB, Freedman DS, Carroll MD, Gu Q, Hales CM.
Trends in obesity prevalence by race and Hispanic origin-1999-2000 to
2017-2018. JAMA. 2020;324:1208-10.

20.

21

22.

Page 150f 17

Malik VS, Willet WC, Hu FB. Nearly a decade on - trends, risk factors and
policy implications in global obesity. Nat Rev Endocrinol. 2020;16:615-6.
Zheng Y, Manson JE, Yuan C, Liang MH, Grodstein F, Stampfer MJ, Willett
WG, Hu FB. Associations of weight gain from early to middle adulthood
with major health outcomes later in life. JAMA. 2017;318:255-69.
Sonnenburg JL, Backhed F. Diet-microbiota interactions as moderators of
human metabolism. Nature. 2016,535:56-64.

Maruvada P, Leone V, Kaplan LM, Chang EB. The human microbiome and
obesity: moving beyond associations. Cell Host Microbe. 2017;22:589-99.
Hutfless S, Gudzune KA, Maruthur N, Wilson RF, Bleich SN, Lau BD, Fawole
OA, Anderson CA, Segal J. Strategies to prevent weight gain in adults: a
systematic review. Am J Prev Med. 2013;45:e41-51.

Livingstone KM, Celis-Morales C, Papandonatos GD, Erar B, Florez JC,
Jablonski KA, Razquin C, Marti A, Heianza Y, Huang T, et al. FTO genotype
and weight loss: systematic review and meta-analysis of 9563 indi-
vidual participant data from eight randomised controlled trials. BMJ.
2016;354:i4707.

Ross R, Janssen |, Dawson J, Kungl AM, Kuk JL, Wong SL, Nguyen-Duy TB,
Lee S, Kilpatrick K, Hudson R. Exercise-induced reduction in obesity and
insulin resistance in women: a randomized controlled trial. Obes Res.
2004;12:789-98.

King NA, Caudwell P Hopkins M, Byrne NM, Colley R, Hills AP, Stubbs

JR, Blundell JE. Metabolic and behavioral compensatory responses to
exercise interventions: barriers to weight loss. Obesity (Silver Spring).
2007;15:1373-83.

King NA, Hopkins M, Caudwell P, Stubbs RJ, Blundell JE. Individual vari-
ability following 12 weeks of supervised exercise: identification and
characterization of compensation for exercise-induced weight loss. Int J
Obes (Lond). 2008;32:177-84.

. Barwell ND, Malkova D, Leggate M, Gill JM. Individual responsiveness to

exercise-induced fat loss is associated with change in resting substrate
utilization. Metabolism. 2009;58:1320-8.

Jackson M, Fatahi F, Alabduljader K, Jelleyman C, Moore JP, Kubis HP.
Exercise training and weight loss, not always a happy marriage: single
blind exercise trials in females with diverse BMI. Appl Physiol Nutr Metab.
2018;43:363-70.

Williamson PJ, Atkinson G, Batterham AM. Inter-individual differences in
weight change following exercise interventions: a systematic review and
meta-analysis of randomized controlled trials. Obes Rev. 2018;19:960-75.
Rose EA, Parfitt G. A quantitative analysis and qualitative explanation of
the individual differences in affective responses to prescribed and self-
selected exercise intensities. J Sport Exerc Psychol. 2007;29:281-309.
Mann TN, Lamberts RP, Lambert MI. High responders and low responders:
factors associated with individual variation in response to standardized
training. Sports Med. 2014;44:1113-24.

Hammond BP, Stotz PJ, Brennan AM, Lamarche B, Day AG, Ross R. Indi-
vidual variability in waist circumference and body weight in response to
exercise. Med Sci Sports Exerc. 2019;51:315-22.

Brennan AM, Day AG, Cowan TE, Clarke GJ, Lamarche B, Ross R. Individual
response to standardized exercise: total and abdominal adipose tissue.
Med Sci Sports Exerc. 2020;52:490-7.

Jie Z,Yu X, LiuY, Sun L, Chen P, Ding Q GaoY, Zhang X, Yu M, Liu Y, et al.
The baseline gut microbiota directs dieting-induced weight loss trajecto-
ries. Gastroenterology. 2021;160:2029-2042.e2016.

Christensen L, Serensen CV, Wghlk FU, Kjelbaek L, Astrup A, Sanz Y,

Hjorth MF, Benitez-Paez A. Microbial enterotypes beyond genus level:
Bacteroides species as a predictive biomarker for weight change upon
controlled intervention with arabinoxylan oligosaccharides in overweight
subjects. Gut Microbes. 2020;12:1847627.

Hjorth MF, Christensen L, Larsen TM, Roager HM, Krych L, Kot W, Nielsen
DS, Ritz C, Astrup A. Pretreatment Prevotella-to-Bacteroides ratio and
salivary amylase gene copy number as prognostic markers for dietary
weight loss. Am J Clin Nutr. 2020;111:1079-86.

Heianza Y, Sun D, Smith SR, Bray GA, Sacks FM, Qi L. Changes in gut
microbiota-related metabolites and long-term successful weight loss

in response to weight-loss diets: The POUNDS Lost Trial. Diabetes Care.
2018;41:413-9.

LiuY, Wang Y, Ni Y, Cheung CKY, Lam KSL, Wang Y, Xia Z, Ye D, Guo J,

Tse MA, et al. Gut microbiome fermentation determines the efficacy of
exercise for diabetes prevention. Cell Metab. 2020;31:77-91.e75.


https://sites.google.com/channing.harvard.edu/cohortdocs/getting-started/collaborations-consortia?authuser=2
https://sites.google.com/channing.harvard.edu/cohortdocs/getting-started/collaborations-consortia?authuser=2
https://sites.google.com/channing.harvard.edu/cohortdocs/getting-started/collaborations-consortia?authuser=2
https://github.com/biobakery/Physical-activity-gut-microbiome-body-weight

Wang et al. Microbiome

23.

24.

25.

26.

27.

28.

29.

30.

31

32.

33

34

35.

36.

37.

38.

39.

40.

41.

42.
43.

44,

(2023) 11:121

Piercy KL, Troiano RP, Ballard RM, Carlson SA, Fulton JE, Galuska DA,
George SM, Olson RD. The Physical Activity Guidelines for Americans.
JAMA. 2018;320:2020-8.

Barton W, Penney NC, Cronin O, Garcia-Perez |, Molloy MG, Holmes E,
Shanahan F, Cotter PD, O'Sullivan O. The microbiome of professional
athletes differs from that of more sedentary subjects in composition and
particularly at the functional metabolic level. Gut. 2018;67:625-33.
Verheggen R, Konstanti P, Smidt H, Hermus A, Thijssen DHJ, Hopman MTE.
Eight-week exercise training in humans with obesity: Marked improve-
ments in insulin sensitivity and modest changes in gut microbiome.
Obesity (Silver Spring). 2021;29:1615-24.

Kang SS, Jeraldo PR, Kurti A, Miller ME, Cook MD, Whitlock K, Goldenfeld
N, Woods JA, White BA, Chia N, Fryer JD. Diet and exercise orthogonally
alter the gut microbiome and reveal independent associations with anxi-
ety and cognition. Mol Neurodegener. 2014;9:36.

Evans CC, LePard KJ, Kwak JW, Stancukas MC, Laskowski S, Dougherty J,
Moulton L, Glawe A, Wang Y, Leone V, et al. Exercise prevents weight gain
and alters the gut microbiota in a mouse model of high fat diet-induced
obesity. PLoS One. 2014;9:€92193.

Matsumoto M, Inoue R, Tsukahara T, Ushida K, Chiji H, Matsubara N,

Hara H. Voluntary running exercise alters microbiota composition and
increases n-butyrate concentration in the rat cecum. Biosci Biotechnol
Biochem. 2008;72:572-6.

Bressa C, Bailén-Andrino M, Pérez-Santiago J, Gonzalez-Soltero R, Pérez M,
Montalvo-Lominchar MG, Maté-Mufoz JL, Dominguez R, Moreno D, Lar-
rosa M. Differences in gut microbiota profile between women with active
lifestyle and sedentary women. PLoS One. 2017;12:e0171352.
Fiuza-Luces C, Santos-Lozano A, Joyner M, Carrera-Bastos P, Picazo O,
Zugaza JL, Izquierdo M, Ruilope LM, Lucia A. Exercise benefits in cardio-
vascular disease: beyond attenuation of traditional risk factors. Nat Rev
Cardiol. 2018;15:731-43.

Mailing LJ, Allen JM, Buford TW, Fields CJ, Woods JA. Exercise and the

gut microbiome: a review of the evidence, potential mechanisms, and
implications for human health. Exerc Sport Sci Rev. 2019;47:75-85.
Blundell JE, Stubbs RJ, Hughes DA, Whybrow S, King NA. Cross talk
between physical activity and appetite control: does physical activity
stimulate appetite? Proc Nutr Soc. 2003;62:651-61.

Church TS, Martin CK, Thompson AM, Earnest CP, Mikus CR, Blair SN.
Changes in weight, waist circumference and compensatory responses
with different doses of exercise among sedentary, overweight postmeno-
pausal women. PLoS One. 2009;4:e4515.

Rastelli M, Cani PD, Knauf C. The gut microbiome influences host endo-
crine functions. Endocr Rev. 2019;40:1271-84.

Suzuki K, Simpson KA, Minnion JS, Shillito JC, Bloom SR. The role of

gut hormones and the hypothalamus in appetite regulation. Endocr J.
2010;57:359-72.

Cani PD, Van Hul M, Lefort C, Depommier C, Rastelli M, Everard A.
Microbial regulation of organismal energy homeostasis. Nat Metab.
2019;1:34-46.

Gribble FM, Reimann F. Function and mechanisms of enteroendo-

crine cells and gut hormones in metabolism. Nat Rev Endocrinol.
2019;15:226-37.

Mithieux G. Gut microbiota and host metabolism: what relationship.
Neuroendocrinology. 2018;106:352—6.

LeBlanc JG, Chain F, Martin R, Bermudez-Humaran LG, Courau S, Langella
P. Beneficial effects on host energy metabolism of short-chain fatty acids
and vitamins produced by commensal and probiotic bacteria. Microb
Cell Fact. 2017;16:79.

Yoshii K, Hosomi K, Sawane K, Kunisawa J. Metabolism of dietary and
microbial vitamin B family in the regulation of host immunity. Front Nutr.
2019,6:48.

Uebanso T, Shimohata T, Mawatari K, Takahashi A. Functional roles

of B-vitamins in the gut and gut microbiome. Mol Nutr Food Res.
2020;,64:2000426.

Ouyang Y, Wu Q, Li J, Sun S, Sun S. S-adenosylmethionine: a metabolite
critical to the regulation of autophagy. Cell Prolif. 2020;53:12891.
Schoeler M, Caesar R. Dietary lipids, gut microbiota and lipid metabolism.
Rev Endocr Metab Disord. 2019,20:461-72.

Chen P, Torralba M, Tan J, Embree M, Zengler K, Starkel P, van Pijkeren

JP, DePew J, Loomba R, Ho SB, et al. Supplementation of saturated
long-chain fatty acids maintains intestinal eubiosis and reduces

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55

56.

57.

58.

59.

60.

61.

62.

63.

64.

Page 16 of 17

ethanol-induced liver injury in mice. Gastroenterology. 2015;148:203-214.
e216.

Li F, Hullar MA, Schwarz Y, Lampe JW. Human gut bacterial communities
are altered by addition of cruciferous vegetables to a controlled fruit- and
vegetable-free diet. J Nutr. 2009;139:1685-91.

Rimm EB, Giovannucci EL, Willett WC, Colditz GA, Ascherio A, Rosner

B, Stampfer MJ. Prospective study of alcohol consumption and risk of
coronary disease in men. Lancet. 1991,338:464-8.

Mehta RS, Abu-Ali GS, Drew DA, Lloyd-Price J, Subramanian A, Lochhead
P, Joshi AD, Ivey KL, Khalili H, Brown GT, et al. Stability of the human faecal
microbiome in a cohort of adult men. Nat Microbiol. 2018;3:347-55.
Abu-Ali GS, Mehta RS, Lloyd-Price J, Mallick H, Branck T, Ivey KL, Drew

DA, DuLong C, Rimm E, Izard J, et al. Metatranscriptome of human

faecal microbial communities in a cohort of adult men. Nat Microbiol.
2018;3:356-66.

Franzosa EA, Morgan XC, Segata N, Waldron L, Reyes J, Earl AM, Gian-
noukos G, Boylan MR, Ciulla D, Gevers D, et al. Relating the metatran-
scriptome and metagenome of the human gut. Proc Natl Acad Sci U S A.
2014;111:E2329-2338.

Bao Y, Bertoia ML, Lenart EB, Stampfer MJ, Willett WC, Speizer FE, Chavarro
JE. Origin, methods, and evolution of the three Nurses'Health Studies.
Am J Public Health. 2016;106:1573-81.

Huang T, Trudel-Fitzgerald C, Poole EM, Sawyer S, Kubzansky LD, Hankin-
son SE, Okereke O, Tworoger SS. The Mind-Body Study: study design

and reproducibility and interrelationships of psychosocial factors in the
Nurses'Health Study II. Cancer Causes Control. 2019;30:779-90.
Chasan-Taber S, Rimm EB, Stampfer MJ, Spiegelman D, Colditz GA,
Giovannucci E, Ascherio A, Willett WC. Reproducibility and validity of a
self-administered physical activity questionnaire for male health profes-
sionals. Epidemiology. 1996;7:81-6.

Ainsworth BE, Haskell WL, Whitt MC, Irwin ML, Swartz AM, Strath SJ,
O'Brien WL, Bassett DR Jr, Schmitz KH, Emplaincourt PO, et al. Compen-
dium of physical activities: an update of activity codes and MET intensi-
ties. Med Sci Sports Exerc. 2000;32:5498-504.

Ainsworth BE, Haskell WL, Herrmann SD, Meckes N, Bassett DR Jr, Tudor-
Locke C, Greer JL, Vezina J, Whitt-Glover MC, Leon AS. 2011 Compendium
of Physical Activities: a second update of codes and MET values. Med Sci
Sports Exerc. 2011;43:1575-81.

Pate RR, Pratt M, Blair SN, Haskell WL, Macera CA, Bouchard C, Buchner
D, Ettinger W, Heath GW, King AC, et al. Physical activity and public
health. A recommendation from the Centers for Disease Control and
Prevention and the American College of Sports Medicine. JAMA.
1995;273:402-7.

Chomistek AK, Yuan C, Matthews CE, Troiano RP, Bowles HR, Rood J,
Barnett JB, Willett WC, Rimm EB, Bassett DR Jr. Physical activity assessment
with the ActiGraph GT3X and doubly labeled water. Med Sci Sports Exerc.
2017;49:1935-44.

Sasaki JE, John D, Freedson PS. Validation and comparison of ActiGraph
activity monitors. J Sci Med Sport. 2011;14:411-6.

Aguilar-Farias N, Brown WJ, Peeters GM. ActiGraph GT3X+ cut-points for
identifying sedentary behaviour in older adults in free-living environ-
ments. J Sci Med Sport. 2014;17:293-9.

Rimm EB, Stampfer MJ, Colditz GA, Chute CG, Litin LB, Willett WC. Validity
of self-reported waist and hip circumferences in men and women. Epide-
miology. 1990;1:466-73.

Wang Z, Deurenberg P, Wang W, Pietrobelli A, Baumgartner RN, Heyms-
field SB. Hydration of fat-free body mass: review and critique of a classic
body-composition constant. Am J Clin Nutr. 1999;69:833-41.

Willett WC, Sampson L, Stampfer MJ, Rosner B, Bain C, Witschi J, Hennek-
ens CH, Speizer FE. Reproducibility and validity of a semiquantitative food
frequency questionnaire. Am J Epidemiol. 1985;122:51-65.

Mclver LJ, Abu-Ali G, Franzosa EA, Schwager R, Morgan XC, Waldron L,
Segata N, Huttenhower C. bioBakery: a metaomic analysis environment.
Bioinformatics. 2018;34:1235-7.

Truong DT, Franzosa EA, Tickle TL, Scholz M, Weingart G, Pasolli E, Tett

A, Huttenhower C, Segata N. MetaPhlAn2 for enhanced metagenomic
taxonomic profiling. Nat Methods. 2015;12:902-3.

Franzosa EA, Mclver LJ, Rahnavard G, Thompson LR, Schirmer M, Weingart
G, Lipson KS, Knight R, Caporaso JG, Segata N, Huttenhower C. Species-
level functional profiling of metagenomes and metatranscriptomes. Nat
Methods. 2018;15:962-8.



Wang et al. Microbiome

65.

66.

67.

68.

69.

70.

(2023) 11:121

Langmead B, Salzberg SL. Fast gapped-read alignment with Bowtie 2. Nat
Methods. 2012;9:357-9.

Suzek BE, Huang H, McGarvey P, Mazumder R, Wu CH. UniRef: compre-
hensive and non-redundant UniProt reference clusters. Bioinformatics.
2007;23:1282-8.

Buchfink B, Xie C, Huson DH. Fast and sensitive protein alignment using
DIAMOND. Nat Methods. 2015;12:59-60.

Lombard V, Golaconda Ramulu H, Drula E, Coutinho PM, Henrissat B. The

carbohydrate-active enzymes database (CAZy) in 2013. Nucleic Acids Res.

2014,;42:D0490-495.

Caspi R, Billington R, Ferrer L, Foerster H, Fulcher CA, Keseler IM, Kothari
A, Krummenacker M, Latendresse M, Mueller LA, et al. The MetaCyc
database of metabolic pathways and enzymes and the BioCyc collection
of pathway/genome databases. Nucleic Acids Res. 2016;44:D471-480.
Thingholm LB, Rihlemann MC, Koch M, Fuqua B, Laucke G, Boehm R,
Bang C, Franzosa EA, Hibenthal M, Rahnavard A, et al. Obese individuals
with and without type 2 diabetes show different gut microbial functional
capacity and composition. Cell Host Microbe. 2019;26:252-264.210.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Page 17 of 17

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

K BMC

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions




	The gut microbiome modifies the associations of short- and long-term physical activity with body weight changes
	Abstract 
	Background 
	Methods 
	Results 
	Conclusions 

	Introduction
	Results
	Overview of the discovery cohort
	A modest but distinguishable association between PA and the gut microbiome
	Differential body weight response to PA by the gut microbiome
	A. putredinis’ metabolic pathways and enzymes driving its modification effect
	Validation of A. putredinis’ modifying role in an independent cohort

	Discussion
	Materials and methods
	Study population
	Assessment of physical activity
	Assessment of body weight
	Assessment of other covariates
	Measurement of plasma biomarkers
	Taxonomic and functional profiling of metagenomic and metatranscriptomic samples
	Statistical analysis

	Anchor 23
	Acknowledgements
	References


