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Temporal stability and lack 
of variance in microbiome 
composition and functionality in fit 
recreational athletes
Ciara M. O’ Donovan1,2,3, Sai Ravi Chandra Nori1,2, Fergus Shanahan1,4, 
Gerardina Celentano5, Thomas Brendan Murphy5,6, Paul D. Cotter1,2,6 & Orla  O’ Sullivan1,2,6

Human gut microbiome composition and function is influenced by environmental and lifestyle factors, 
including exercise and fitness. We studied the composition and functionality of the faecal microbiome 
of recreational (non-elite) runners (n = 62) with serial shotgun metagenomics, at 4 time points over a 
7-week period. Gut microbiome composition and function was stable over time. Grouping of samples 
on the basis of their fitness level (fair, good, excellent, and superior) or habitual training (low (4–6 h/
week), medium (7–9 h/week), high (10–12 h/week), and extreme (13 + hours/week)) revealed no 
significant microbiome-related differences. Overall, the species Faecalibacterium prausnitzii, Blautia 
wexlerae, and Prevotella copri were the most abundant members of the gut microbiome. Analysis 
of co-abundance groups (CAGs) revealed no significant relationship between CAGs and fitness levels 
or training subgroups. Functional pathways were similar across all samples and timepoints with 
no clustering based on associated metadata. The most abundant genes identified within samples 
corresponded to pathways for nucleoside and nucleotide biosynthesis, amino acid biosynthesis, and 
cell wall biosynthesis. Collectively, these results describe the microbiome of active recreational runners 
and note temporal stability amongst participants.

Keywords  Athletes, Fitness, Faecal microbiome, Running

The composition and functional capacity of a healthy individual’s gut microbiome is relatively stable1–4. However, 
environmental and lifestyle factors, including exercise2, continually shape the microbiome. We and others 
have reported that the gut microbiome of athletes differs from that of sedentary individuals5–7. An increased 
abundance of specific taxa, such as Veillonella, Akkermansia, Faecalibacterium prausnitzii, or Ruminococcus, has 
been noted among some athlete cohorts5–7. In addition, particular taxa, including Coprococcus and Veillonella, 
have been detected at higher relative abundance following specific sporting endeavours8,9, while exercise load 
was noted to be positively associated with Prevotellaabundance among a cycling cohort10. A recent population 
study have also found a positive association between Prevotella copriand moderate intensity activity but not 
with vigorous activity11. In predominantly sedentary individuals, exercise-based interventions have yielded 
varied results in relation to the gut microbiome12–14, in part because the exercise intervention may have been 
of insufficient duration. Longer periods of increased exercise have been associated with changes in microbiome 
profile15.

Most studies of exercise and the human gut microbiome have been completed in elite athletes, with less 
known about casual athletes, although the latter may have more relevance to the general population. Here, we 
assessed the gut microbiome profile of recreational runners to determine the temporal stability of microbiome 
composition and function and whether there is variance at different levels of fitness as established by VO2 
max measurements or self-reported training load; allowing us to identify if intense training will alter the gut 
microbiome at an individual level.
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Methods
Ethical approval and recruitment
The samples used in this study were collected in accordance with the ethical principles set forth in the current 
version of the Declaration of Helsinki and the International Conference on Harmonization E6 Good Clinical 
Practice (ICH-GCP). Approval was received from the Clinical Research Ethics Committee of the Cork Teaching 
Hospitals, Cork, Ireland and all volunteers provided written, informed consent.

Faecal samples were collected from 62 individuals (39 male, 23 female, mean age 34 ± 9 years), who 
participated in at least 4 h of endurance sports per week, with a minimum 1.5 h of the training being a running 
activity, over the course of 7 weeks (4 samples; supplementary Fig. 1). Participants were grouped according to 
their habitual training volume: low (4–6 h/week), medium (7–9 h/week), high (10–12 h/week), and extreme 
(13 + hours/week). Subjects were instructed to maintain their diet and lifestyle unchanged during the study, 
including maintenance of their usual training volume, and to refrain from consuming non-steroidal anti-
inflammatory drugs or any products that may contain live microbes during the study (supplementary Table 1).

Maximal oxygen consumption test
An incremental test was performed to measure maximal oxygen consumption (VO2 max). The test was 
performed on a motorised treadmill with an initial speed of 10 km h−1, with an increase of 1.0 km h−1every 
2 min until subjects achieved volitional exhaustion16. During the entire test treadmill inclination was set at 1%17. 
Respiratory gases were measured with an online respiratory system and VO2 max was determined as the highest 
oxygen uptake per minute measured during the test. Samples were classified based on their VO2 max into 4 
fitness level groups (fair, good, excellent, and superior) based on previous classifications (Table 1)18,19.

Faecal sample collection and DNA extraction
Faecal samples were collected by participants in storage tubes. Samples were stored at −80°C before DNA 
extraction. Samples were homogenised and DNA extraction was completed using the repeated bead beating 
plus column (RBBC) method, as previously described20. Briefly, 0.25 g of faecal sample was added into a sterile 
2 mL screw-cap tube containing 0.25 g of zirconia beads (0.25 g of 0.1 mm, 0.125 g of 1.5 mm, and a single 
2.5 mm bead). Following the addition of 1 mL of lysis buffer (500 mM NaCl, 50 mM Tris-HCl, 50 mM EDTA, 
and 4% sodium dodecyl sulphate (SDS)) samples were homogenized for 3 min on a Mini Beadbeater (BioSpec, 
Bartlesville, USA). Samples were incubated at 70 °C for 15 min to lyse the cells. Following centrifugation (16,000 
xg; 5 min; 4 °C) supernatant was removed and the bead beating steps were repeated, this time using 200 µL of 
lysis buffer. Supernatant from both bead beating steps was pooled and 10 M ammonium acetate was added. 
Samples were centrifuged (16,000 xg; 10  min; 4  °C) and resulting supernatant was treated with one volume 
of isopropanol. DNA was pelleted and washed with 70% ethanol before being dissolved in Tris-EDTA. DNA 
was RNase and proteinase K treated. DNA was finally washed with 100% ethanol and buffers AW1 and AW2 
(QIAamp DNA stool mini kit, Qiagen, England) before being eluted in 200 µL AE buffer (Qiagen). DNA was 
stored at −20 °C before library preparation.

DNA library preparation and sequencing
Samples were prepared for Illumina NextSeq shotgun sequencing as per modified Nextera XT DNA library 
preparation protocol (Illumina, California, USA). Briefly, 0.2 ng µL−1 of sample DNA was tagmented for 7.5 min 
at 55 °C. Tagmented DNA was amplified and index adapters (i5 and i7) were added. Agencourt AMPure beads 
(Beckman Coulter, Clare, Ireland) were used to clean up prepared library DNA. DNA samples were diluted 
to equimolar concentrations before pooling. Prepared library was sequenced on the NextSeq platform using 
standard Illumina protocols at the Teagasc sequencing facility. The datasets generated during the current study 
are available in the ENA repository under accession number PRJEB46398.

Age Fair Good Excellent Superior

Male

< 20 38.4–45.1 45.2–50.9 51.0–55.9 > 55.9

20–29 36.5–42.4 42.5–46.4 46.5–52.4 > 52.4

30–39 35.5–40.9 41.0–44.9 45.0–49.4 > 49.4

40–49 33.6–38.9 39.0–43.7 43.8–48.0 > 48.0

50–59 31.0–35.7 35.8–40.9 41.0–45.3 > 45.3

Female

< 20 31.0–34.9 35.0–38.9 39.0–41.9 > 41.9

20–29 29.0–32.9 33.0–36.9 37.0–41.0 > 41.0

30–39 27.0–31.4 31.5–35.6 35.7–40.0 > 40.0

40–49 24.5–28.9 29.0–32.8 32.9–36.9 > 36.9

50–59 22.8–26.9 27.0–31.4 31.5–35.7 > 35.7

Table 1.  Classification of VO2 max groupings. Classification of VO2max based on sex and age. Adapted from 
Heyward and The Cooper Institute for Aerobics Research17,18. Only those ages and classifications which were 
used in this study are shown.
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Bioinformatic analysis
Sequence read quality was summarized using the FastQC package to check quality of reads before quality filtering 
and trimming. Sequences were quality checked by first removing contaminating human derived reads using 
NCBI Best Match Tagger (BMTagger)21. Resulting reads were trimmed and poor quality and duplicate reads 
removed using KneadData22. After quality trimming and host removal samples were reduced to an average of 
5 million reads per sample. Taxonomic classifications of trimmed reads were determined with Kraken 2 (version 
2.1.3) using the standard database and abundances were then calculated using Bracken23,24. Functional profiling 
was completed using the Human Microbiome Project Unified Metabolic Analysis Network 3 (HUMAnN3; 
http://huttenhower.sph.harvard.edu/humann3)25.

Analysis of resulting taxonomic and functional tables was completed in R (R Foundation for Statistical 
Computing, Vienna, 2012) (version 4.4.1). Alpha diversity indices, including Shannon and Inverse Simpson 
indices, and beta diversity, measured by the Bray-Curtis distance, were calculated in R using the vegan package. 
(version 2.6.8)26. All data was assessed for normality prior to any statistical analysis. Analysis of significant 
differences between groups was only completed for species, which had a relative abundance ≥ 0.1% in at least one 
sample, using the F1-LD-F1 non-parametric test27. All reported p values were adjusted for multiple comparisons 
using the Benjamini-Hochberg method. The significance threshold was set at 0.05. Data visualisations were 
completed with ggplot2 (version 3.5.1) in R. Species co-abundance groups (CAGs) were established through first 
completing pairwise correlations of species followed by the generation of a heatmap using the complexHeatmap 
package in R.

Results
Gut microbiome composition remains stable in fit individuals over the investigation period 
with species co-abundance groups identified within samples
The gut microbiome of 62 individuals was investigated at four time points over the course of seven weeks 
(Supplementary Fig. 1). Intra-individual alpha diversity measures were not significantly different over time at 
both a compositional and functional level. In addition, beta diversity did not vary significantly over time (Fig. 1, 
Supplementary Fig. 2).

The impact of training load and fitness, as determined by VO2 max classification (Table 1) was of particular 
interest within this cohort. Analysis of the first sample collected from all individuals (visit 2 or 3) revealed no 
variance in the gut microbiome on the basis of either of these factors. Additional analysis investigating all other 
metadata (sex, BMI, age, etc.) collected within this investigation (supplementary Table 2) did not identify any 
significant variation in taxa present as a function of the metadata measures available.

Variation was evident in microbial composition between samples at all time points with species composition 
tending to be individual specific (Supplementary Fig. 3). The sum of the top 20 most abundant species identified 
(of 1839 species classified to at least one sample in a relative abundance > 0.01%) accounted for a mean of 54% 
of the microbiome composition across all samples. Variation in the dominant species by individual was evident 
at all time points (PERMANOVA, R² = 0.74,p = 0.001) with Faecalibacterium prausnitzii, Blautia wexlerae, 
Prevotella copri, Phocaeicola vulgatus, Bacteroides uniformis, and Roseburia intestinalis being dominant in at least 
some samples (supplementary Fig. 4). Over the seven week period some shifts in the identity of the dominant 
species occurred in the majority (50/62) of individuals. Among individuals who had a change in the dominant 
species, 30% had exactly one shift, whereas the remainder had two (32%) or more shifts (38%). The analysis 
did not reveal a consistent pattern among individuals experiencing shifts in dominant species. Furthermore, 
metadata factors were not associated with these shifts, nor was there a specific species where such changes were 
more prevalent. F. prausnitzii was the only species which was identified across all samples at all time points.

Co-abundant groups (CAGs) of species were identified by correlating all species from the first samples 
collected from all individuals (supplementary Fig. 5). Species present within CAGs accounted for 82–95% of the 
relative abundance of all assigned species (Fig. 2.A). CAG 1 contained 31 species (supplementary Table 3); 15 
of which belong to the Bacteroides genus. CAG 2 contained 25 species; 7 of which belong to the Bifidobacterium 
genus. CAG 3 contained 12 species; 10 of which belong to the Faecalibacterium genus. CAG 4 and 5 contained 
15 and 19 species, respectively, with no discernible pattern in terms of the associated species. The proportion of 
individual CAGs were found to vary across samples within this investigation although some CAGs were more 
evenly dispersed across samples than others. Although CAGs 1,2 and 3 showed similar abundance across all 
samples, great variability was observed among CAGs 4 and 5. Clustering of individual samples by the abundance 
of summed CAGs was observed in a heatmap (Fig. 2.B), which seemed to be driven in particular by CAGs 1 
and 2. Furthermore, we clustered the samples based on the CAG 1 and CAG 2 groups, which revealed a visual 
distinction between the two CAGs (Supplementary Fig. 6). The CAG 2-dominant samples appeared to be more 
likely from overweight individuals, but we failed to find a significant difference (p = 0.2) between BMI and the 
CAG 1–2 groups. Overall, No obvious clustering was observed based on the metadata available within this 
analysis (PERMANOVA,p = 0.54).

Gut microbiome functionality was identified as remarkably similar between active 
individuals
The functional profiles of all samples identified 464 individual pathways (not stratified by species of origin) 
that appeared in at least one sample at any one timepoint. Overall, the gut microbiome functionality across 
participants appeared highly similar, with no prominent clustering by training load, fitness, sex, age, or other 
metadata variables (PERMANOVA,p = 0.59). However, when we performed hierarchical clustering on the 
functional profiles, two main clusters (Cluster 1 and Cluster 2) were identified (Fig.  3.A). A chi-square test 
revealed a significant difference in the distribution of BMI categories between these clusters (X-squared = 9.35, 
p = 0.02), driven in part by a higher proportion of overweight individuals in Cluster 1 (n = 17) compared 
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to Cluster 2 (n = 3) (Supplementary Fig.  7). In contrast, we observed no significant differences in VO₂ max 
distributions between the two clusters.

We next examined whether specific functional pathways could help explain these two clusters. Among the 
464 pathways, 150 showed significantly different abundances between Cluster 1 and Cluster 2 (Wilcoxon rank-
sum test with Benjamini-Hochberg correction; Supplementary Table 4). Notably, however, none of these 150 
pathways were significantly associated with the available metadata parameters (BMI category, VO₂ max, or other 
factors) when tested by Kruskal-Wallis or pairwise comparisons (all FDR-adjusted). Thus, although we detected 
a functional distinction between Cluster 1 and Cluster 2, no single metadata variable fully accounted for the 
pathways driving this separation.

Despite these cluster-level differences, the overall gut microbiome functionality across participants remained 
broadly similar. The top 10 most abundant pathways were PWY-1042, PWY-5941, PWY-5686, PWY-7790, 
PWY-7791, PWY-7221, PWY-7221, GLYCOGENSYNTH-PWY, VALSYN-PWY, and DTDPRHAMSYN-PWY. 
These pathways were predicted to be involved in nucleoside/nucleotide biosynthesis, amino acid biosynthesis, 
cell wall biosynthesis, energy production, and carbohydrate degradation (Fig. 3.B). Their relative proportions 
were consistent across individuals at the first sample collection time point and remained stable over multiple 
timepoints. Taken together, these results demonstrate that while the functional gut microbiome profiles can be 
grouped into two main clusters, one of which is enriched for overweight individuals but no individual functional 
pathway showed a strong correlation with BMI, VO₂ max, or other measured parameters.

Discussion
The results showed that the gut microbiome of fit recreational athletes is stable over a 7 week period and no 
significant differences in composition or function were observed in relation to fitness, training volume, or other 
metadata.

While a link between exercise and the gut microbiome in humans has been reported by many groups, many of 
the previous analyses identified differences in the microbiomes of athlete groups relative to controls, but studies 

Fig. 1.  Alpha and beta diversity over time. Diversity measures of gut microbiome (A) composition and (B) 
functional potential as determined using vegan in R coloured by visit (visit 2 (N = 61), visit 3 (N = 58), visit 4 
(N = 59), and visit 5 (N = 59)). Species level abundance from Bracken following taxonomic classification with 
Kraken 2 were analysed with vegan to determine Shannon and Inverse Simpson diversities, for compositional 
data. Unstratified pathway abundance (reads per million) assignments as determined using HUMAnN3 
were analysed with vegan to determine Shannon and Simpson diversities, for functional data. No significant 
differences were established in alpha diversity by visit. PCoA plots of beta diversity at (C) species level 
compositional profiles from Bracken following taxonomic classification with Kraken 2 and (D) HUMAnN3 
profiles of functional potential, as determined using vegan in R, show the differences between faecal samples 
based on visit. Clustering of samples was not observed based on visit.
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Fig. 2.  Samples group by the presence of co-abundant species. Co-abundant species were identified as 
species whose relative abundance positively correlated using the first sample collected for all individuals 
(supplementary Fig. 5). (A) Relative abundance of summed species within each CAG by individual at the first 
sampling visit (visit 2 for all participants except 1122 with visit 3 being the first visit for this participant). Each 
colour represents a different CAG. (B) Heatmap of the abundances within each CAG at the first sampling visit 
showed no clustering by metadata available for samples.
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have varied widely with respect to duration, and intensity of the exercise/training567891012,13,28,29. Moreover, these 
investigations have largely been performed with elite athlete cohorts, where lifestyle is often highly controlled. 
Here, we investigated amateur athletes, i.e., fit individuals who are regularly active but whose lifestyle is not as 
tightly controlled as that of an elite athlete and are representative of a larger proportion of society. The findings of 

Fig. 3.  Only subtle variance in microbial functional capacity was observed across samples. (A) Heatmap of 
all unstratified pathways (reads per million) as determined with HUMAnN3 within all samples identified 
little variation amongst samples and no obvious clustering by metadata available. (B) Top 10 most abundant 
pathways across samples at the first sample collection (Visit 2 for all samples except where visit 3 was used). 
Pathways were determined using HUMAnN3. No significant differences were determined between groups.
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our study underscore the consistent stability of the gut microbiome in active individuals over time, irrespective 
of variations in BMI, age, sex, or whether they engage in low or high training frequency.

The gut microbiome of these athletes collectively or when grouped according to fitness, training volume 
or other metadata, did not significantly change over the duration of the study, although some changes in 
the dominance of specific taxa within individuals over time were identified. Since many taxa within the gut 
microbiome share similar functional capacity the functional stability of the microbiota of the runners was 
very stable suggests that this change in dominant taxa over time is unlikely to have a major impact on overall 
microbiome activity.

It was established that the species that formed CAGs corresponded to a large proportion of the relative 
abundance each individual’s microbiota. It has been previously proposed that CAGs may represent functional 
groups with similar functions30. In this investigation 5 CAGs were identified, 3 of which had dominant genera 
(Bacteroides, Faecalibacterium, and Bifidobacterium). Individuals were identified as clustering by the abundance 
of these CAGs, which is consistent with other investigations of the gut microbiome where in particular clusters 
of Bacteroides versus Prevotelladominant gut microbiomes have been identified31,32, with additional clusters, 
including in some instances a Bifidobacteriumcluster, being observed on some occasions32. These clusters have 
often been highlighted as reflective of diet. In this instance, these CAG groupings, which separated participants, 
was not associated with the dietary information collected for these individuals.

We were particularly interested in assessing the stability of participants gut microbiome over time within 
the context of training volume and fitness and we did not detect any significant shifts in microbial composition 
attributable to these variables. It is important to note that this was an observational rather than interventional 
study and so, in relation to training volume or other factors, studies that introduce a change over time may 
yield different results. Craven et al. found subtle changes to individual taxa with a change to training volume 
were noted33. A previous investigation has highlighted differences in gut microbiome in line with fitness10, but 
among a quite different, cycling-based cohort. It is noteworthy that Faecalibacterium prausnitzii, the abundance 
of which has previously been positively associated with exercise levels7,13,28, was found in all samples in the 
present study, but did not vary with fitness levels or training volume, perhaps because the participants in this 
study exceeded a minimum required level of physical activity.

From a functional perspective, samples were remarkably similar across individuals, which is consistent with 
the previous observations of functional redundancy within some human gut microbiomes34. Those functions that 
were identified as most abundant within the gut microbiome were those involved with nucleoside and nucleotide 
biosynthesis, amino acid biosynthesis, energy production, and carbohydrate degradation. Hierarchical clustering 
of the pathway profiles did reveal two main clusters differing in BMI distribution, although no single functional 
pathway showed a clear association with any metadata parameter, underscoring the complexity and redundancy 
of these active individuals gut microbiomes.

This study has limitations, including the absence of longitudinal dietary or data relating to dietary or exercise 
supporting supplements and intestinal transit time data. Future studies should focus on the investigation of 
these factors along with differences in the host and microbial metabolites produced by these individuals. The 
future longitudinal investigation of exercise implementation and continuation has the potential to address many 
of the questions left unanswered here. Nonetheless, the insights obtained here are important as they reflect an 
important cohort of society that are neither elite athletes nor those who do not exercise and indicate that the gut 
microbiome of these individuals is relatively stable over a somewhat acute period (seven weeks). By extension, 
it does not appear that tailored dietary approaches to improve or maintain the gut microbiome are required 
for individuals within this group, regardless of their fitness level or training intensity, at least in the absence of 
the severe impact of broad spectrum antibiotics or other events know to have a negative impact. Finally, the 
data presented here is a valuable addition to the growing wealth of information on the gut microbiome of fit 
individuals.

Data availability
The datasets generated during the current study are available in the ENA repository under accession number 
PRJEB46398.
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