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ABSTRACT
Objective The commensal microbiota, host immunity
and metabolism participate in a signalling network, with
diet influencing each component of this triad. In addition
to diet, many elements of a modern lifestyle influence
the gut microbiota but the degree to which exercise
affects this population is unclear. Therefore, we explored
exercise and diet for their impact on the gut microbiota.
Design Since extremes of exercise often accompany
extremes of diet, we addressed the issue by studying
professional athletes from an international rugby union
squad. Two groups were included to control for physical
size, age and gender. Compositional analysis of the
microbiota was explored by 16S rRNA amplicon
sequencing. Each participant completed a detailed food
frequency questionnaire.
Results As expected, athletes and controls differed
significantly with respect to plasma creatine kinase
(a marker of extreme exercise), and inflammatory and
metabolic markers. More importantly, athletes had a
higher diversity of gut micro-organisms, representing
22 distinct phyla, which in turn positively correlated with
protein consumption and creatine kinase.
Conclusions The results provide evidence for a
beneficial impact of exercise on gut microbiota diversity
but also indicate that the relationship is complex and is
related to accompanying dietary extremes.

INTRODUCTION
The commensal human gut microbiota has become
the focus of converging interest from diverse disci-
plines, primarily because of its contribution to
health and risk of disease throughout life.1 2 The
changing composition of the human microbiota is
linked with changes in human behaviour.3 Many of
the elements of a modern lifestyle, particularly in
early life, influence the composition of the micro-
biota.4 Disturbances of the microbiota at various
ages may confer disease risk. In the elderly, the
diversity and composition of the microbiota has
been linked with various health parameters, includ-
ing levels of inflammatory cytokines.5 The micro-
biota may also be a risk or protective factor in
relation to immunoallergic and metabolic disor-
ders.6–9 Thus, a signalling network among the
microbiota, host immunity and host metabolism

has become evident, with diet influencing each
component of this triad.10 11

Although obesity-related disorders have been
linked with alterations in the microbiota,12 the rela-
tionship between the microbiota and exercise or a
sedentary lifestyle has received less attention. Some
evidence suggests that exercise may modify the
microbiota;13 therefore, we predicted that athletes
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Significance of this study

What is already known about this subject?
▸ An altered gut microbiota composition has

been associated with a number of diseases and
syndromes, including obesity.

▸ We and others have shown the primacy of diet
in influencing the microbiota in obesity.

▸ Loss of gut microbiota diversity has been linked
to an increasing number of conditions such as
autism, GI diseases and obesity associated
inflammatory characteristics.

▸ Akkermansia muciniphilla abundance has been
shown to inversely correlate with obesity and
associated metabolic disorders.

What are the new findings?
▸ This is the first report that exercise increases

gut microbial diversity in humans.
▸ Protein consumption positively correlates with

microbial diversity (correlation coefficients
0.24–0.43).

▸ The athletes in the low body mass index (BMI)
group had significantly higher proportions of
the genus Akkermansia levels compared with
the high BMI group.

How might it impact on clinical practice in
the foreseeable future?
▸ Our findings indicate that exercise is another

important factor in the relationship between
the microbiota, host immunity and host
metabolism, with diet playing an important
role. Further, intervention-based studies to
tease apart this relationship will be important
and provide further insights into optimal
therapies to influence the gut microbiota and
its relationship with health and disease.
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should have a more diverse microbiota than their sedentary
counterparts. To address this, we studied a professional rugby
team while in the regulated environment of a preseason camp
and performed a high-throughput DNA sequencing-based ana-
lysis of faecal microbiota with contemporaneous measurements
of inflammatory cytokines and metabolic health. Since extremes
of exercise are often associated with dietary extremes, the find-
ings were correlated with diet. Because of the physical size of
modern rugby players, two control groups were assessed; one
matched for athlete size with a comparable body mass index
(BMI) and another reflecting the background age-matched and
gender-matched population. The results confirm differences in
composition and diversity of the microbiota of athletes when
compared with both control groups which correlate with dietary
differences, and which are linked with a more favourable meta-
bolic and inflammatory profile.

MATERIALS AND METHODS
Subjects characteristics
Male elite professional rugby players (n=40) were recruited for
this study; the mean age of the athletes was 29 (±4) years and
they had a mean BMI of 29.1 (±2.9). Healthy male controls
were recruited from the Cork city and county region of Ireland;
the mean age of controls was 29 (±6) years. Two groups of
control were specifically recruited based on their physical size
(BMI) relative to the athletes, with group 1 (n=23) having a
BMI ≤25 and group 2 (n=23) having a BMI >28 (table 1). All
subjects except one (Indian ethnicity) were of Irish ethnicity and
all subjects gave written informed consent prior to the begin-
ning of the study. This study was approved by the Cork Clinical
Research Ethics Committee. Exclusion criteria included having a
BMI between 25 and 28, antibiotic treatment within the previ-
ous 2 months or suffering from any acute or chronic cardiovas-
cular, GI or immunological condition.

Experimental design
Faecal and blood samples were collected from all participants.
DNA was extracted from fresh stool samples which were stored
on ice prior to use. Each participant was interviewed by a nutri-
tionist and completed a detailed food frequency questionnaire
(FFQ). Body composition analysis data from dual-energy X-ray
absorptiometry scans were received from the Irish Rugby
Football Union for all athletes, dual-energy X-ray absorpti-
ometry scans for controls were performed in University
Hospital Cork and waist:hip measurements were taken for ath-
letes and controls.

Nutritional and clinical data collection
Dietary data were collected by means of a FFQ which was admi-
nistered by a research nutritionist. The FFQ was an adapted
version of that used in the UK arm of the European Prospective
Investigation into Cancer (EPIC) study14 which in turn, is based
on the original Willett FFQ.15 16 To more comprehensively
reflect the Irish diet, the 130-food item EPIC FFQ was extended
to include an additional 57 food items. Participants were asked
to recall dietary intakes over the previous 4 weeks. A photo-
graphic food atlas was used to pictorially quantify foods and
beverages.17 Manufacturer’s weights on packaging and house-
hold measures were also used to quantify foods. Intakes of
nutritional supplements were recorded. Completed FFQs were
coded and quantified by researchers and entered in the Weighed
Intake Software Package (WISP, Tinuviel Software, Anglesey,
UK), which uses McCance and Widdowson’s The Composition
of Foods, sixth edition plus all supplemental volumes to gener-
ate nutrient intake data.18 Data were subsequently imported
into SPSS V.18 (SPSS, Chicago, USA) for analysis. Dietary data
was visualised with correspondence analysis (R statistical
package V.2.13.1).19 Fasting blood samples were collected and
analysed at the Cork Mercy University Hospital clinical labora-
tories. Commercial multispot microplates (Meso Scale
Diagnostics) were used to measure cytokines.

Control physical activity levels
As the athletes were involved in a rigorous training camp we
needed to assess the physical activity levels of both control
groups. To determine this we used an adapted version of the
EPIC-Norfolk questionnaire.20 T-Tests were carried out to
compare high BMI and low BMI controls.

DNA extraction and high-throughput amplicon sequencing
Stool samples were stored on ice until processed. DNAwas purified
from fresh stool samples using the QIAmp DNA Stool Mini Kit
(Qiagen, Crawley, West Sussex, UK) according to manufacturer’s
instructions with addition of a bead-beating step (30 s×3)
and stored at −20°C. The microbiota composition of the samples
was established by amplicon sequencing of the 16S rRNA gene
V4; universal 16S rRNA primers estimated to bind to 94.6% of
all 16S rRNA genes (ie, the forward primer F1 (50-AYTGGGYD
TAAAGNG) and a combination of four reverse primers R1
(50-TACCRGGGTHTCTAAAGNG), R2 (TACCAGAGTATCTAA
TTC), R3 (50-CTACDSRGGTMTCTAATC) and R4 (50-TACNV
GGGTATCTAATC) (Ribosomal Database Projects Pyrosequencing
Pipeline: http://pyro.cme.msu.edu/pyro/help.jsp) were employed for
PCR amplification. Molecular identifier tags were attached between
the 454 adaptor sequence and the target-specific primer sequence,
allowing for identification of individual sequences from the pooled
amplicons. Ampure purification system (Beckman Coulter, Takeley,
UK) was used to clean the amplicons before being sequenced on a
454 Genome Sequencer FLX platform (Roche Diagnostics, Burgess
Hill, West Sussex, UK) in line with 454 protocols at the Teagasc
high throughput sequencing centre. DNA sequence reads from this
study are available from the Sequence Read Archive (accession
number PRJEB4609).

Bioinformatic analysis
The Stoney supercomputer at the Irish Centre for High End
Computing was used for the following analysis. Raw sequences
were quality trimmed using the Qiime Suite of programmes,21

any reads not meeting the quality criteria of a minimum quality
score of 25 and sequence length shorter than 150 bps for 16S

Table 1 Subject characteristics

Elite athletes
(n=40)

Low BMI
controls (n=23)

High BMI
controls (n=23)

Age (years) 28.8±3.8 28.1±5.1 30.8±5.6
BMI (kg/m2) 29.1±3.0+ 22.7±1.8** 31.2±3.0¥

Body mass (kg) 101.3±13.8 74.3±6.3 103.1±13.8
Body fat % (kg) 16.9±6.1++ 15±4.6* 33.9±8.8¥

Lean body mass (kg) 80±8.9++ 55.4±5.6** 65±8¥

Waist/hip ratio 0.8±0.04++ 0.8±0.05 0.9±0.07¥

Data shown as mean±SD, *p<0.01 or **p<0.0005 athletes versus low BMI controls
+p<0.01 or ++p<0.0005 athletes versus high BMI controls ¥p<0.0005 high BMI versus
low BMI controls. Note only data for 39 athletes was available for waist/hip ratio
while only data for 22 controls was assessed for fat (kg) and lean mass (kg).
BMI, body mass index.

1914 Clarke SF, et al. Gut 2014;63:1913–1920. doi:10.1136/gutjnl-2013-306541
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amplicon reads. The SILVA 16S rRNA (V.106) database was
employed to BLAST the trimmed fasta sequence files using
default parameters.22 23 Parsing of the resulting BLAST output
files was achieved through MEtaGenome ANalyzer which uses a
lowest common ancestor algorithm to assign reads to the
National Center for Biotechnology Information taxonomies.24

Filtering was carried out within MEtaGenome ANalyzer using
bit scores prior to tree construction and summarisation, similar
to previous studies a bit-score cut-off of 86 was selected.25

Clustering of sequence reads into operational taxonomical units
at 97% identity level was achieved using Qiime. The
ChimeraSlayer program was used to remove chimaeras from
aligned operational taxonomical units and the FastTreeMP tool
generated a phylogenetic tree.26 27 α Diversity indices and rar-
efaction curves were generated using Qiime. β Diversities were
also calculated on the sequence reads based on weighted and
unweighted Unifrac and Bray-Curtis distance matrices; subse-
quently principal coordinate analysis (PCoA) and unweighted
pair group method with arithmetic mean clustering was per-
formed on the samples. KiNG viewer and Dendroscope soft-
ware were used to visualise PCoA plots and unweighted pair
group method with arithmetic mean clustering, respectively.28

Enterotype clustering was carried out according to the approach
previously described.29

Statistical methods
Statistical analysis was carried out using GraphPad Prism V.5.04
(La Jolla, California, USA) R statistical package (V.2.13.1) and
SPSS software package V.18 (SPSS, Chicago, USA).19

Kruskal-Wallis and Mann-Whitney tests were used to find signifi-
cant differences in microbial taxa, α diversity, and clinical and
biochemical measures. Adjustment for multiple testing was esti-
mated using the false discovery rate functions (phylum and
family level) in the R statistical package (V.2.13.1) using the
Benjamini and Hochberg method.30

RESULTS
Athletes have lower inflammatory and improved metabolic
markers relative to controls
Subject characteristics are shown in table 1. While physical activ-
ity across the control groups was assessed using an adapted
version of the EPIC-Norfolk questionnaire (see online
supplementary table S1), plasma creatine kinase (CK, a marker

of extreme exercise) was used to compare exercise levels between
athletes and controls. Despite greatly increased levels of CK
(figure 1), the athletes studied had a lower inflammatory status
than controls (see online supplementary figures S1 and S2).
Metabolic markers in athletes and low BMI controls were
improved relative to the high BMI cohort (see online
supplementary table S2 and figures S3 and S4).

The gut microbiota of athletes is more diverse
than that of controls
A total of 1 217 954 (1.2 million) 16S rRNA reads were gener-
ated from faecal samples provided by elite athletes and controls,
with an average of 14 736 (±6234 SD) reads per athlete and
11 941 (±4515 SD) reads per control. In both cases rarefaction
curves established that extra sampling would be of limited
benefit (see online supplementary figure S5). Analysis of this
data revealed that the α diversity of the elite athlete microbiota
was significantly higher than that of the high BMI (Shannon
index, Simpson) or both control groups (Phylogenetic diversity,
Chao1, Observed species) (figure 2). The α diversity of the two
control groups did not differ significantly from each other.
PCoA based on unweighted Unifrac distances of the 16S rRNA
sequences highlighted a clear clustering of the microbial popula-
tions of athletes away from that of controls (figure 3). This was
further confirmed using hierarchical clustering (see online
supplementary figure S6). No separation was observed between
control groups. None of the previously reported enterotypes
were identified.

Proportions of several taxa are significantly higher in the
gut microbiota of elite athletes relative to controls
Reads corresponding to 22 phyla, 68 families and 113 genera
were detected in athlete faecal samples. In contrast, just 11 phyla,
33 families and 65 genera were detected in low BMI samples and
9 phyla, 33 families and 61 genera in high BMI samples (see
online supplementary table S3). Pairwise comparisons of the elite
athlete gut microbiota and the high BMI controls revealed that
athletes had significantly greater proportions of 48 taxa than
high BMI controls while only one taxon, Bacteroidetes, was sig-
nificantly (p=0.022) less abundant in athletes (see online
supplementary figure S7). The top six flux changes in relative
abundance were in the Firmicutes, Ruminococcaceae, S24-7,
Succinivibrionaceae, RC9 gut group and Succinivibrio groups.
Notably, there were significantly higher proportions of
Akkermansiaceae (family; p=0.049) and Akkermansia (genus;
p=0.035) in elite athletes compared with the high BMI controls.
A comparison of the elite athlete gut microbiota with that of low
BMI controls revealed significantly higher proportions of 40 taxa
and lower proportions of only three taxa, Lactobacillaceae
(p=0.001) Bacteroides (p=0.035) and Lactobacillus (p=0.001),
in the former (see online supplementary figure S8). The top six
flux changes in relative abundance were noted among the
Prevotellaceae, Erysipelotrichaceae, S24-7, Succinivibrionaceae,
Prevotella and Succinivibrio groups. Pairwise comparisons of the
microbiota of the control groups revealed differences in the pro-
portions of seven taxa (see online supplementary figure S9). At
genus level, significantly greater proportions of Dorea (p=0.026)
and Pseudobutyrivibrio (p=0.022) and significantly lower pro-
portions of Ruminococcaceae Incertae Sedis (p=0.021) and
Akkermansia (p=0.006) were observed in the high BMI, relative
to low BMI, controls.

Figure 1 Creatine kinase levels are elevated in athletes compared
with controls. Plasma creatine kinase levels are significantly elevated in
athletes (n=39) compared with low (n=23) and high (n=23) body mass
index (BMI) controls. Results are expressed as mean value±SEM.
Statistical significance was determined by Mann-Whitney tests for each
pairwise comparison.
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Protein accounted for considerably more of the total energy
intake of athletes than of controls
As expected, total energy intake was significantly higher in ath-
letes than either control group (table 2). Athletes consumed sig-
nificantly higher quantities of calories, protein, fat,
carbohydrates, sugar and saturated fat per day than either of the
control groups and consumed significantly higher quantities of
fibre, monounsaturated fat and polyunsaturated fat than the
high BMI control group (table 2). Protein accounted for consid-
erably more (22%) of the total energy intake of athletes, than of
the low BMI (16%) and high BMI (15%) control groups

(table 2). While meat/meat products were the top contributors
of dietary protein across all groups, supplements were the
second highest (15%) contributor to protein in athletes and did
not contribute considerably to protein consumption in controls
(see online supplementary figure S10). Visualisation of dietary
data with correspondence analysis highlighted a clear separation
between the types of foods consumed by athletes and controls
(figure 4A). The most discriminating food types were fruit,
vegetables (athletes) and snacks (controls), whose consumption
changes in a gradual manner along the y-axis (figure 4B).

Exercise and protein intake as drivers of increased gut
microbiota diversity in athletes
Correlations between health parameters (BMI, waist:hip ratio,
metabolic and inflammatory markers) or diet with the respective
taxa or microbial diversity were examined using Pearson correla-
tions. Significantly positive correlations were revealed between
leptin levels and BMI, body fat percentage and waist/hip meas-
urement, while significantly negative correlations between leptin
and lean body mass (see online supplementary figure S11), as
well as between adiponectin levels and BMI and lean body mass
(see online supplementary figure S12), were observed.
Significantly, positive associations were noted between microbial
diversity and protein intake (figure 5), CK levels (figure 6) and
urea (see online supplementary figure S13). No correlations
were observed after adjustment for multiple testing using false
discovery rate values between microbial taxa and health
parameters.

DISCUSSION
Although the relationship between diet, the gut microbiota, host
immunity and host metabolism is becoming more evident,10 11

the relationship between the microbiota and exercise has not
been fully explored. Our findings show that a combination of

Figure 2 Increased α diversity in athletes compared with controls. Comparison of microbiota indices across the three cohorts. (A) Phylogenetic
diversity; (B) Shannon index; (C) Simpson; (D) Chao1 and (E) Observed species. Mann-Whitney tests were performed for each pairwise comparison.
*p<0.05, **p<0.009, ***p<0.009. Kruskal-Wallis p values refer to tests performed across all three groups.

Figure 3 Unweighted UniFrac separates the athlete and control
microbiota. Unweighted UniFrac principal coordinate analysis (PCoA) of
faecal microbiota from 86 subjects. Subject colour coding: black, elite
athletes; green, high body mass index (BMI) controls; and red, low BMI
controls.
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exercise and diet impacts on gut microbial diversity. In particu-
lar, the enhanced diversity of the microbiota correlates with
exercise and dietary protein consumption in the athlete group.

Diversity is important in all ecosystems to promote stability
and performance. Microbiota diversity may become a new bio-
marker or indicator of health.31 Loss of biodiversity within the
gut has been linked to an increasing number of conditions such
as autism, GI diseases including IBD or recurrent Clostridium
difficile-associated diarrhoea and obesity-associated inflamma-
tory characteristics while increased diversity has been associated
with increased health in the elderly.5 6 32–34 In this study, the
diversity of the athlete gut microbiota was significantly higher
than both control groups matched for physical size, age and
gender. The proportions of several gut microbial taxa were also

altered in athletes relative to controls. However, few differences
were seen between the two control cohorts. Of note, the ath-
letes and low BMI group had significantly higher proportions of
the genus Akkermansia levels than the high BMI group.
Akkermansia muciniphilla has been identified as a mucin-
degrading bacteria that resides in the mucus layer and its abun-
dance has been shown to inversely correlate with obesity and
associated metabolic disorders in mice and humans.35 36

Everard et al35 recently showed that feeding Akkermansia, or
restoration of Akkermansia levels by prebiotic treatment in
diet-induced mice, correlated with an improved metabolic
profile possibly due to enhanced barrier function. Interestingly,
the athletes had lower inflammatory and improved metabolic
markers relative to controls, and in particular the high BMI

Table 2 Macronutrient intake in study participants

Macronutrients Recommended daily intakes

Athletes (n=40) Control BMI <25 (n=23) Control BMI >28 (n=23)

Median IQR Median IQR Median IQR

Energy (kcal) 2400–280047 4449** 3610–5656 2937 2354–3917 2801 2358–3257
Protein (g) 248** 192–305 117 83–144 105 88–131
Protein (g/kg/bw) 2.36** 0.99–4.42 1.55† 0.88–2.82 1.1 0.55–1.66
Fat (g) 131** 113–186 100 80–152 101 78–127
Saturated fat (g) 44** 35–55 37 28–45 33 30–49

Monounsaturated fat (g) 41* 32–57 35 25–48 32 25–42
Polyunsaturated fat (g) 18* 16–31 17 12–29 15 11–22
Carbohydrate (g) 572** 442–875 375 288–529 316 266–423
Sugars (g) ≤10% TE47 330** 250–569 163 131–256 159 102–247
Fibre (g) ≥25 g47 39* 32–51 30 25–36 25 19–33
Total energy from protein (%) 10–35% TE48 22 17–27 16 11–20 15 13–19
Total energy from total fat (%) 20–35% TE47 27 23–37 31 25–47 32 25–41
Total energy from saturated fat (%) ≤10% TE47 9 7–11 11 9–14 11 10–16
Total energy from carbohydrate (%) 45–65% TE48 49 39–79 51 40–72 45 38–60

**p Value≤0.05 between athletes and both control groups. *p Value≤0.05 between athletes and >28 controls. †p Value≤0.05 between control groups.
BMI, body mass index; TE, total energy; bw, body weight.

Figure 4 Dietary patterns separate
elite athletes from controls. Food
correspondence analysis: (A) Food
frequency data visualised by
correspondence analysis. By describing
subjects’ responses according to their
dominant sources of variation (food
types), correspondence analysis can
produce a single score for a subject
from multiple measurements. Colour
codes green-high body mass index
(BMI) controls, red-low BMI controls
and black-elite athletes. (B) Driving
food types. Using the same scoring
system, food can be evaluated and
plotted on the same axis, providing a
visual aid to get an overall view of
how food drives the clustering. Colour
codes green-meat, red-fish, blue-bread
and cereal, brown-eggs,
yellow-carbohydrates, cyan-dairy,
maroon-spreads and sauces,
orange-fruit and vegetables,
black-snacks, violet-non-alcoholic
beverages and dark grey-alcohol.
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controls, demonstrating the enhanced health profile of this
group. While the microbiota diversity of the two control groups
did not differ significantly, it was noted that α diversity in the
high BMI controls was numerically, although not significantly,
lower than that of their low BMI counterparts. Reductions in
the diversity of microbial populations in high BMI individuals
has been reported in a recent study with a larger cohort size6

which also showed that dietary intervention can increase micro-
biota diversity in an obese cohort.10

Rugby is a vigorous contact sport requiring considerable fitness
and increased dietary requirements.37 The levels of plasma CK
and creatinine were significantly elevated in the elite athlete group
consistent with the high exercise loads.38–40 Furthermore, diet was
significantly different from that of controls, with increased intake
of calories, protein, fat and carbohydrate. Diversity in the diet has

been linked to microbiota diversity.5 In our study, microbiota
diversity indices positively correlated with protein intake and CK
suggesting that diet and exercise are drivers of biodiversity in the
gut. The protein and microbiota diversity relationship is further
supported by a positive correlation between urea levels, a
by-product of diets that are rich in protein and microbiota diver-
sity. Long-term diets have been linked to clusters in the gut micro-
biota with protein and animal fat associated with Bacteroides and
simple carbohydrates with Prevotella.41 Fermentation of protein
has also been suggested to result in the production of various
potentially toxic products, such as amines and ammonia (NH3),
and in one report, with growth of potential pathogens.42 In con-
trast, feeding of whey protein to mice mediates against the nega-
tive effects of a high fat diet.43 44 Indeed, in athletes, whey protein
supplements represented a significant component of the protein

Figure 5 Protein intake positively correlates with α diversity. Subject colour coding: black, elite athletes; green, high body mass index (BMI)
controls; and red, low BMI controls.

Figure 6 Creatine kinase positively correlates with α diversity. Subject colour coding: black, elite athletes; green, high body mass index (BMI)
controls; and red, low BMI controls.
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intake in athletes but not controls. Whey protein has been asso-
ciated with reductions in body weight and increased insulin sensi-
tivity in the past and is frequently a major component of the
athlete diet.45 46 Taken together, our results suggest that the rela-
tionship between exercise, diet and the gut microbiota warrants
further investigation.

In conclusion, exercise seems to be another important factor
in the relationship between the microbiota, host immunity and
host metabolism, with diet playing an important role. Further,
intervention-based studies to tease apart this relationship will be
important and provide further insights into optimal therapies to
influence the gut microbiota and its relationship with health and
disease.
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Exercise boosts diversity of gut bacteria 
 
As do high levels of dietary protein; implications for overall health and wellbeing 
 
Research: [Exercise and associated dietary extremes impact on gut microbial diversity doi 10.1136/gutjnl-2013-306541] 
Linked editorial: [The gut microbiota, dietary extremes and exercise doi 10.1136/gutjnl-2014-307305] 
 
Exercise boosts the diversity of the bacteria found in the gut, indicates the first study of its kind published online in the journal Gut. 
 
This may have implications for overall long term health, says the author of a linked editorial. Reduced variation in gut microbes 
(microbiota) has been linked to obesity and other health problems, while increased diversity has been associated with a favourable 
metabolic profile and immune system response. 
 
The researchers analysed faecal and blood samples from 40 professional rugby players in the midst of a rigorous training programme to 
assess the range of microbiota they were hosting in their guts. 
 
Elite athletes were chosen for the study on the grounds that extremes of exercise are often associated with extremes of diet. 
 
Their samples were compared with the same samples taken from 46 healthy men who were not professional athletes, but who matched 
the physical size and age of the rugby players. 
 
Half of the comparison group had a normal body mass index (BMI) of 25 or less; and half had a high BMI of 28 or more. 
 
All study participants completed a food frequency questionnaire, detailing how much and how often they had eaten 187 food items over 
the preceding four weeks. And all were asked about their normal levels of physical activity. 
 
Despite having significantly higher levels of creatine kinase, or CK for short - an enzyme that indicates muscle/tissue damage - the 
athletes had lower levels of inflammatory markers than any of the men in the comparison group. They also had a better metabolic profile 
than the men with a high BMI. 
 
But they had a significantly wider range of gut microbiota than men in the comparison group, particularly those with a high BMI.  
 
And the numbers of several microbial types (taxa) were also higher. For example, they had significantly higher proportions of 48 taxa 
than the men with high BMI, and of 40 taxa than the men with normal BMI. 
 
In particular, they had much higher proportions of Akkermansiaceae, a species of bacteria that is known to be linked to lower rates of 
obesity and associated metabolic disorders. 
 
Analysis of the dietary habits of all the study participants showed that the rugby players ate more of all the food groups. And protein 
accounted for considerably more of their energy intake (22%) than it did in the comparison group (15-16%). 
 
Meat and meat products made up the bulk of this, but the athletes also took a lot of protein supplements, and they ate far more fruit and 
vegetables, and far fewer snacks than their counterparts. 
 
“Our findings indicate that exercise is another important factor in the relationship between the microbiota, host immunity and host 
metabolism, with diet playing an important role,” conclude the authors. 
 
In a linked editorial, Dr Georgina Hold, of the Institute of Medical Sciences, Aberdeen University, points out that our guts are colonised 
by trillions of bacteria, the composition of which has been implicated in many conditions and is known to determine how well we harvest 
the energy from the foods we eat. 
 
“Understanding the complex relationship among what we choose to eat, activity levels and gut microbiota richness is essential,” she 
writes. “As life expectancy continues to increase, it is important that we understand how best to maintain good health. Never has this 
been more important than in respect of our resident microbiota,” she says. 
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Supplementary Table 1. Control physical activity assessment  

 BMI<25  BMI >28  

Walking   

    winter (hours per week) 6.26 4.30 

    summer (hours per week) 7.04 5.07 

Cycling   

    winter (hours per week) 3.00 0.39 

    summer (hours per week) 3.61 0.98 

Gardening   

    winter (hours per week) 0.28 0.21 

    summer (hours per week) 0.98 0.53 

Physical exercise e.g. aerobics, dancing swimming etc   

    winter (hours per week) 1.16 0.61 

    summer (hours per week) 3.74 2.61 

DIY (hours per week) 4.22 3.41 

Housework (hours per week) 4.41 4.13 

How many hours weekly of vigorous activity (sweating/ ↑ heart rate) 7.21 3.85 

No. flights of stairs per day 7.17 9.09 

Values shown are expressed as mean. t-test comparisons between low BMI and high BMI controls 
was undertaken.  
 

 

 

  



Supplementary Table 2. Metabolic, inflammatory and other markers 

  

Athletes Control  Controls  

n=40 BMI >28 BMI <25 

  n=23*  n=23* 

Glucose (mmol/L) 4.94±0.1 4.95±0.1* 4.69±0.1* 

CRP (mg/dL) 1.12±0.1 1.94±0.5 2.18±0.7 

Adiponectin (ug/ml) 7.02±0.39 8.5±0.6 9.8±0.6# 

Insulin (pg/ml) 227.88±24.6▲ 469.1±84.9 490.3±123.04# 

Leptin (pg/ml) 1411.01±234.5▲ 10382.5±2117.9† 4237.1±1937.6 

IFN-γ (pg/ml) 5.2±2.6 1.88±0.2 1.7±0.2 

IL-10 (pg/ml) 8.78±3.8 2.67±0.3 63.5±53.4 

IL-12p70 (pg/ml) 7.2±3.1 1.97±0.2 11.47±5.9 

IL-1B (pg/ml) 0.5±0.05▲ 1.56±0.4 5.6±4.8 

IL-6 (pg/ml) 0.79±0.19▲ 0.82±0.1 4.2±3.5 

IL-8 (pg/ml) 10.45±5.8▲ 2.79±0.4 3.2±0.3# 

TNF-α (pg/ml) 4.86±0.2▲ 6.68±0.4 32.7±27.6 

Sodium (mmol/L) 139±0.2▲ 139.2±0.7 139.52±0.6 

Potassium (mmol/L) 5.89±0.1▲ 4.2±0.1† 4.62±0.3# 

Urea (mmol/L) 8.57±0.2▲ 5.2±0.2† 6.07±0.2# 

Creatine (μmol/L) 97.42±2▲ 82.44±2 88.48±3.9# 

CK (IU/L) 1038.17±112▲ 159.44±26.9† 389.52±105.7# 

AST (IU/L) 45.65±2.4▲ 23.95±3.2 26.57±2.3# 

YGT (IU/L) 27.90±3.2 32.0±5.2† 23.44±4.8# 

Alkaline Phosphatase (IU/L) 68.15±2.2 64.7±2.7 64.22±4.2 

Total Bilirubin (μmol/L) 15.97±0.8 14.44±1.2 16.74±2.57 

Total Cholesterol (mmol/L) 4.91±0.2 7.11±2.3 4.5±0.2 

HDL (mmol/L) 1.44±0.04▲ 1.2±0.4† 1.39±0.05 

LDL (mmol/L) 3.07±0.1 2.94±0.1 2.73±0.2 

Triglycerides (mmol/L) 0.86±0.05▲ 7.6±5.9† 0.84±0.1 

Total Protein (g/L) 71.03±0.5▲ 73.95±0.9 73.74±0.8# 

Albumin (g/L) 41.45±0.3▲ 43.8±0.6 44.44±0.4# 

Globulin (g/L) 29.58±0.43 30.2±0.7 29.3±0.7 

Calcium (mmol/L) 2.43±0.01 2.41±0.2 2.34±0.1 

Data is expressed as mean value ± standard error of mean. All intergroup comparisons were made 
using the Mann Whitney U test. *n=22, # p<0.05 between athletes and low BMI controls. ▲ p<0.05 
between athletes and high BMI controls. † p<0.05 between high BMI and low BMI controls. 
 
 

 

  



Supplementary Table 3  Microbiota composition in athletes and controls at phylum level 

 
Low BMI Controls 

(n=23) 
High BMI Controls 

(n=23) 
Elite Athletes 

(n=40) 

Phylum    

Proteobacteria 5.602±1.106 5.554±1.160 7.079±1.098 

Bacteroidetes 51.992±2.873 58.249±3.387† 44.346±1.967 

Firmicutes 39.910±2.747 34.261±2.586† 46.690±1.788 

Lentisphaerae 0.424±0.130 0.600±0.798 0.229±0.099 

Tenericutes 0.502±0.523 0.031±0.016 0.267±0.079 

Actinobacteria 0.990±0.237# 0.833±0.306 0.817±0.181 

Cyanobacteria 0.131±0.055 0.011±0.010 0.029±0.015 

Verrucomicrobia 0.136±0.051 0.067±0.046 0.042±0.012 

RF3 0.141±0.062 0.027±0.022 0.040±0.033 

Spirochaetes 0.003±0.002 0.000±0.000 0.094±0.057‡ 

Fusobacteria 0.004±0.003 0.000±0.000 0.003±0.002 

Candidate Division 
TM6 

0.000±0.000 0.000±0.000† 0.018±0.015‡ 

Planctomycetes 0.000±0.000 0.000±0.000† 0.013±0.008‡ 

Deferribacteres 0.000±0.000 0.000±0.000 0.008±0.004 

Chlamydiae 0.000±0.000 0.000±0.00† 0.014±0.012‡ 

Deinococcus Thermus 0.000±0.000 0.000±0.000 0.008±0.006 

Candidate Division 
OD1 

0.000±0.000 0.000±0.000 0.002±0.001 

Chloroflexi 0.000±0.000 0.000±0.000† 0.020±0.016‡ 

Acidobacteria 0.000±0.000 0.000±0.000 0.001±0.002 

Gemmatimonadetes 0.000±0.000 0.000±0.000 0.001±0.001 

Fibrobacteres 0.000±0.000 0.000±0.000 0.001±0.002 

Candidate Division 
TM7 

0.000±0.000 0.000±0.000 0.005±0.004 

Other 0.164±0.044 0.367±0.295 0.270±0.033 

Statistical significance was determined using kruskal wallis. p value ≤0.05 † between high BMI 
controls and athletes, ‡ between low BMI controls and athletes, # between high BMI and low BMI 
controls. Values are mean percentage read number ± SEM. 
 

 

 

 

 

 

 

 



 

Supplementary figure 1. Cytokine levels vary between athletes and control cohorts. Scatter plot of 

(A) Interlukin-1β; (B) Interlukin-8; (C) Interlukin-6; and (D) TNF-α. (n=40 Athletes; n=23 low BMI 

control and n=23 high BMI control). Data expressed as mean value ± SEM. Statistical significance 

was determined by Mann-Whitney for each pair-wise comparison. Note one low BMI control was 

removed from these graphs due to elevated cytokine values associated with completion of a 

marathon prior to blood collection. Removal of this control changes the p value between athletes and 

low BMI controls to p=0.0051 for IL-8. Two new significant results also appear between athletes and 

low BMI controls in IL-6 p=0.0373 and low BMI controls and high BMI controls in TNF-α p=0.0121.  



 

 
Supplementary figure 2. Differences in the blood biochemistry of athletes and controls. Scatter plot 

of (A) creatinine; (B) sodium; (C) potassium; (D) urea; (E) AST; and (F) YGT. (n=40 Athletes; n=23 

low BMI control and n=23 high BMI control). Data expressed as mean value ± SEM. Statistical 

significance was determined by Mann-Whitney for each pair-wise comparison. 

  



Supplementary figure 3. Study participants blood biochemistry. Scatter plot of (A) HDL; (B) 

triglycerides; (C) total protein; and (D) albumin. (n=40 Athletes; n=23 low BMI control and n=23 high 

BMI control). Data expressed as mean value ± SEM. Statistical significance was determined by Mann-

Whitney for each pair-wise comparison.  



 

 

Supplementary figure 4. Significantly lower leptin and insulin levels are evident in elite athletes. 

Scatter plot of (A) insulin; (B) adiponectin and (C) leptin across the three cohorts. (n=40 Athletes; 

n=23 low BMI control and n=23 high BMI control). Data expressed as mean value ± SEM. Statistical 

significance was determined by Mann-Whitney for each pair-wise comparison.  



 

 

 

 

 

 

 

 

 

 

 

 

 

 

Supplementary figure 5. Rarefaction curves for (A) controls and (B) athletes at 97% similarity levels. 

Amount of operational taxonomic units (OTU’s) found as a function of the number of sequence tags 

sampled.  



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Supplementary figure 6. Unweighted pair group method with arithmetric mean (UPGMA) tree of all 

subjects. Subject colour coding: black, elite athletes; green, high BMI controls; and red, low BMI 

controls. 

  



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Supplementary Figure 7. Relative change in the abundance of selected taxa in athletes relative to 

high BMI controls. Only taxa with significant differences in population numbers are illustrated. Flux 

was calculated by subtracting the relative abundance of taxa in high BMI controls from the relative 

abundance in athlete. 

 

 

 

 

 



 

Supplementary Figure 8. Relative change in the abundance of selected taxa in athletes relative to 

low BMI controls. Only taxa with significant differences in population numbers are illustrated. Flux was 

calculated by subtracting the relative abundance of taxa in low BMI controls from the relative 

abundance in athletes. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Supplementary Figure 9. Relative change in the abundance of selected taxa in low BMI controls 

relative to high BMI controls. Only taxa with significant differences in population numbers are 

illustrated. Flux was calculated by subtracting the relative abundance of taxa in high BMI controls from 

the relative abundance in low BMI controls. 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Supplementary figure 10. Top 5 food groups contributing to protein in all subjects. A, athletes: b, low 

BMI controls and c, high BMI controls. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Supplementary figure 11. Leptin levels positively correlate with percentage body fat, BMI, waist:hip 

ratio and negatively correlate with lean body mass. Subject colour coding: black, elite athletes; green, 

high BMI controls; and red, low BMI controls. 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Supplementary figure 12. Adiponectin levels negatively correlate with BMI and lean body mass. 

Subject colour coding: black, elite athletes; green, high BMI controls; and red, low BMI controls. 
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Supplementary figure 13. Urea levels positively correlates with  diversity. Subject colour coding: 
black, elite athletes; green, high BMI controls; and red, low BMI controls 
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