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ABSTRACT 
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The aim of this study was to determine the influence of training volume alterations on 

diversity and composition of the gut microbiome in a free-living cohort of middle-distance 

runners. Fourteen highly-trained middle-distance runners (n=8 men; �̇�O2peak = 70.1 ± 4.3 

ml·kg·min-1; n=6 women, �̇�O2peak: 59.0 ± 3.2 ml·kg·min-1) completed three weeks of normal 

training (NormTr), three weeks of high-volume training (HVolTr; a 10, 20 and 30% increase 

in training volume during each successive week from NormTr), and a one-week taper 

(TaperTr; 55% exponential reduction in training volume from HVolTr week three). Faecal 

samples were collected before and immediately after each training phase to quantify alpha-

diversity and composition of the gut microbiome. A three-day diet record was collected 

during each training phase and a maximal incremental running test was completed after each 

training phase. Results showed no significant changes in nutritional intake, alpha-diversity, or 

global microbial composition following HVolTr or TaperTr compared to NormTr (p’s>0.05). 

Following HVolTr, there was a significant decrease in Pasterellaceae (p=0.03), 

Lachnoclostridium (p=0.02), Haemophilus (p=0.03), S. parasagunis (p=0.02), and H. 

parainfluenzae (p=0.03), while R. callidus (p=0.03) significantly increased. These changes 

did not return to NormTr levels following TaperTr. This study shows that the alpha-diversity 

and global composition of the gut microbiome were unaffected by changes in training 

volume. However, an increase in training volume led to several changes at the lower 

taxonomy levels that did not return to pre-HVolTr levels following a taper period.  

Keywords: Endurance athletes, Microbiota, Alpha-diversity, Taper 

 

Introduction 

The human gastrointestinal tract is a densely populated ecosystem of diverse 

microorganisms, often termed the ‘gut microbiota’ or ‘gut microbiome’. These 

microorganisms influence host physiology [1] and health [2] throughout the lifespan. A 



healthy microbiome can be characterised by factors such as its potential stability (i.e., ability 

to withstand disturbances), diversity of organisms, or the metabolic products it produces [3]. 

The diversity of microorganisms is postulated to hinder the overgrowth and dominance of a 

particular species which can have deleterious effects on an individual’s health. For example, 

Clostridium difficile overgrowth following broad spectrum antibiotic use can result in 

pseudomembranous colitis, with potentially fatal consequences [4].  

Accumulating evidence from both animal and human studies suggests that the gut 

microbiome may influence host factors that are important for athlete health and performance 

[5-8]. Recent studies have shown that the gut microbiome may influence immune function, 

which may lower the susceptibility to infectious illness, enabling an athlete to train and 

compete without disruption [8], but more research is required to confirm this in an athlete 

population. The gut-microbial status may be important for exercise performance. It may 

improve gut barrier function and protection and increase endurance capacity (via the use of 

acetate – a short-chain fatty acid (SCFA) generated by gut microbiota – as a fuel during 

exercise) [7]. Gut-microbial status has also been shown to reduce oxidative stress in mice [5]. 

Furthermore, exercise as a stressor, alters the hormonal feedback of the hypothalamic-

pituitary-adrenal axis, which may disrupt intestinal permeability, alter gut motility and cause 

gut dysbiosis (i.e., deleterious imbalances in the microbiome) [9]. Consequently, monitoring 

the stability of the microbiome in response to a period of stress, such as an increase in 

exercise training volume, is of interest to athletes. This will enable more effective planning of 

their training and competition schedule. 

Results from a small number of cross-sectional studies suggest that individuals with 

higher levels of fitness (�̇�O2peak) and/or habitual physical activity have greater gut microbial 

diversity [10, 11]. There also appears to be a difference in the gut microbiome and 

microbiome-derived-metabolome (metabolites produced by the microbiota cells, such as 



beneficial SCFA that may support athletic performance and/or athlete health) of individuals 

involved in different sports (dynamic vs. static physical activity) [12]. Given the cross-

sectional nature of these studies [10-12], it is unclear whether these findings are due to 

alterations in training volume or diet, or a combination of these and other factors. Therefore, 

further research is required that implements study designs where diet is controlled or 

accounted for to provide more definitive answers. 

Evidence from longitudinal studies have reported mixed results [13-15]. For example, 

one study in elite race walkers, consuming either a ketogenic or a high carbohydrate diet 

during training, demonstrated no training-induced (or diet-induced) changes to gut microbial 

diversity [15]; while two other studies found that prolonged physical exertion and 

controlled/restricted dietary intake increased alpha-diversity [13, 14] and butyrate producing 

taxa [14]. Of note, is that the latter studies involved extreme amounts of physical activity 

(e.g., 33-day, 5000-km transoceanic row [14] or four-day military Arctic march [13]) and 

potentially dramatic changes or disruptions in diet, sleep patterns and climatic exposure. 

Consequently, it is unclear whether the observed changes in gut microbial profile in response 

to extreme exercise challenges reflect changes associated with exercise and training shifts 

more commonly observed in athletic environments. To better understand the impact of a 

period of overload training on the stability of the gut microbiome, research employing 

interventions reflecting typical changes in training load while maintaining habitual routines 

(i.e., diet) are warranted.  

The aim of the present study was to determine whether a conventional period of overload 

training (increase in training volume) and subsequent taper alters gut microbial diversity or 

composition in a free-living cohort of highly-trained middle-distance runners. We 

hypothesised that the stress incurred during a three-week step-wise increase in training 



volume would alter the gut microbial diversity and composition, but return to the pre-increase 

(in training volume) level following a one-week taper. 

 

Materials and methods 

Twenty-four participants were originally recruited to participate in this study. However, 

four failed to provide the required stool samples and six submitted very poor-quality diet 

records that could not be reliably analysed. These individuals were excluded from the final 

analysis. Therefore, eight men (mean ± standard deviation (SD): age 20.7 ± 3.2 y, height 182 

± 6 cm, body mass (BM) 71.0 ± 8.3 kg, �̇�O2peak 70.1 ± 4.3 ml·kg·min-1) and six women (age 

22.0 ± 3.4 y, height 166 ± 5 cm, BM 55.1 ± 7.0 kg, �̇�O2peak 59.0 ± 3.3 ml·kg·min-1) 

participated in the present study. Participants were competitive middle-distance runners (800 

m and 1500 m) who had a consistent training history of at least two years in these events and 

were without major injury interruption in the previous three months. The men had a mean 

1500 m personal best running time (achieved in the previous 12 months) of 250 ± 17 s and 

women 289 ± 18 s. In the three weeks preceding the study, training volume comprised 72.0 ± 

20.7 km·week-1 (men) and 53.1 ± 15.0 km·week-1 (women). Participants were excluded from 

the study if they had taken antibiotics in the three months prior to the study or during the 

study. Three of the women were using a hormonal contraceptive and the remaining women 

reported regular menstrual cycles. All runners provided written informed consent prior to 

participating. The study was approved by the University’s Human Research Ethics Committee 

(2018/385).  

The study period lasted a total of seven weeks and was divided into three distinct training 

phases: 1) three weeks of normal training (NormTr); 2) three weeks of high-volume training 

(HVolTr; a 10, 20 and 30% increase in training volume during each successive week from 



NormTr); 3) one-week taper (TaperTr; 55% exponential reduction in training volume from 

HVolTr week three). Participants attended the laboratory to undertake body composition 

assessment, an incremental running test, and provide a faecal sample before and after each 

training phase. Participants presented to the laboratory between 05:00-07:30 hours during 

each visit, after an overnight fast and 24 h abstention from strenuous exercise. A standardised 

evening meal was provided to each participant to consume the night before each visit, and a 

standardised breakfast was provided following a body composition assessment, 1.5 h prior to 

the incremental running test. At all other times, dietary intake was ad libitum. 

The training of each participant was monitored for a 10-week period (including the three 

weeks preceding NormTr), which has been described elsewhere [16, 17]. NormTr consisted of 

coach-prescribed training. Subsequently, training volume was increased in a weekly stepwise 

manner by 10%, 20%, and 30% during each successive week while training intensity was 

maintained (i.e., HVolTr). The increase in training volume throughout this three-week period 

was prescribed from the initial NormTr period whereby the participants completed the same 

weekly distribution, type, and content of running training sessions but with the prescribed 

increased volume. For example, in the third week of HVolTr (i.e., +30% training volume), a 

track session that prescribed 10 × 200 m repetitions at 800 m race pace would become 13 × 

200 m repetitions at the same pace. After HVolTr, participants undertook a one-week taper 

(i.e., TaperTr), which reduced the training volume of each runner by 55% from week three 

HVolTr in an exponential manner. Training volume was reduced each day beginning with a 

20% reduction, followed by a further 15%, 10%, 10%, 10%, 5%, and 5% reduction for each 

successive day. This tapering strategy was used because a taper of this duration, volume 

reduction, and nature has been shown to induce a performance super compensation after an 

overload training period [18, 19]. 



A detailed description of all food and fluids (including water) consumed for three days 

leading into each laboratory visit was recorded. Mean total energy (TEI), macronutrient and 

fibre intake were calculated independently by two investigators (one a qualified dietitian) 

using dietary analysis software (FoodWorks version 7, Xyris Software, Brisbane, Qld, 

Australia). Participants were also requested to record the use of any supplements (including 

probiotics) during each study phase.  

BM, lean BM (LBM) and body fat percentage (BF%) were measured by dual-energy X-

ray absorptiometry (MedixDR Medilink, Mauguio, France) during each study phase. 

The incremental running test to volitional exhaustion was performed as described 

elsewhere [17]. The gas exchange threshold (GET) was determined using the V-slope method, 

while the respiratory compensation point (RCP) was determined using the expired ventilation-

versus-CO2 output relationship [20]. Blood lactate [La]b was measured (Lactate Pro 2, 

ARKRAY Global Business Inc., Kyoto, Japan) from earlobe capillary samples at 1, 3, 5 and 7 

min after completion of the maximal running test, with the highest [La]b value obtained 

considered [La]bpeak. �̇�O2peak was determined as the highest consecutive 30 s �̇�O2 value 

measured.  

All training sessions (including a three-week period prior to the commencement of the 

study) were monitored by equipping participants with either a M430 GPS running watch 

(n=8; Polar, Kempele, Finland) or Garmin Forerunner 235 (n=6; Canton of Schaffhausen, 

Switzerland). Training intensity distribution was quantified using the total time-in-zone 

method for running speed from training analysis software (TrainingPeaks WEEKO+, Boulder, 

CO, USA) [17]. Three training zones were used: zone I (< GET), zone II (between GET and 

the RCP) and zone III (>RCP). This was to ensure that only volume (km·week-1) varied rather 



than intensity. Participants were also provided with a training diary to record the volume and 

duration of all training sessions and races throughout the study period. 

Two faecal samples were collected during NormTr to serve as dual baseline samples (one 

directly before and after NormTr) and single samples were collected after HVolTr and 

TaperTr. Faecal samples were returned to the laboratory within 24 h of collection and stored 

at -80°C for subsequent analysis. Thawed faecal samples were homogenised, with DNA 

extracted and DNA concentration and purity determined, as described elsewhere [21]. The 

V3-V4 region of the microbial 16S rRNA marker gene was amplified using universal primers 

(F:5’-CCTACGGGNGGCWGCAG-3’; R:5’-GACTACHVGGGTATCTAATCC-3’) [22], 

and polymerase chain reaction products sequenced on an Illumina MiSeq system (Illumina, 

California, USA) by a commercial provider (Macrogen, Seoul, Korea). Clustering of sequence 

reads into operational taxonomic units (OTU) at 97% identity level were achieved using the 

Quantitative Insights in Microbial Ecology (QIIME) Suite [23]. The ChimeraSlayer program 

was used to remove chimaeras from aligned OTU and the FastTreeMP tool generated a 

phylogenetic tree [24, 25]. In addition, alpha-diversity indices were generated using QIIME 

and species abundance was calculated using Shannon’s index, which accounts for species 

abundance and evenness (Shannon’s diversity index) [26]. Changes in Chao1 Index and 

Inverse Simpson Index were also explored. Taxonomic classification and identity assignment 

was performed using a reference-based approach with the NCBI database of 16S rRNA gene 

sequences. 

Statistical analyses were performed using IBM SPSS Statistical software (Version 24.0, 

SPSS Inc., Chicago, IL, USA). Initially, a series of paired t-tests and Wilcoxon signed-rank 

tests were completed on all performance, training, body composition and dietary variables 

measured during the pre- and post-NormTr trials; as no time-dependent differences were 

observed (all p>0.05), these data were averaged into one ‘NormTr’ time-point. A principle 



coordinate analysis (PCoA) using the Bray-Curtis Dissimilarity Index was used to explore the 

difference in the global microbial composition between pre- and post-NormTr trials. 

Differences between time-points were then assessed using a permutational multivariate 

analysis of variance (PERMANOVA); as no difference was observed from pre- to post-

NormTr (p=0.99), the microbiome data were averaged into one ‘NormTr’ data point per 

participant. The PCoA and PERMANOVA analysis were repeated to compare NormTr with 

both HVolTr and TaperTr. One-way repeated measures analyses of variance (ANOVA) were 

then used to compare normally distributed variables, including body composition, dietary 

intake, training and performance data across the three training phases; non-normally 

distributed variables were analysed using Friedman’s tests. Where a significant main effect 

for time was detected, pair-wise comparisons or Wilcoxon signed-rank tests with Bonferroni 

corrections were performed. Planned comparisons using paired t-tests and Wilcoxon signed-

rank tests were completed to test whether the gut microbiome diversity and composition 

differed (from NormTr) with HVolTr. If a significant difference was detected, the change 

from HVolTr to TaperTr was also assessed to determine if specific taxa returned to the 

NormTr level. Pearson (r) correlation or Spearman’s Rho (rs) were performed to assess the 

relationship between alpha-diversity and aerobic fitness (�̇�O2peak) and training volume 

(km·wk-1). The coefficient of variation (%CV) for each of the dietary outcomes was 

calculated between investigators using the mean and SD. Normally and non-normally 

distributed data are presented as mean ± SD or median (interquartile range [IQR]), 

respectively, unless otherwise indicated. Statistical significance was accepted as p<0.05. 

 

Results 

BM, LBM and BF % did not change significantly across time (all p’s>0.05; Table 1). 



No difference in training volumes were observed between the three-week period prior to 

the commencement of the study (63.9 ± 20.3 km) and NormTr (65.6 ± 22.7 km, p = 0.13). 

Training volume then increased progressively during HVolTr: week one (73.2 ± 23.2 km·wk-

1, p<0.001, +11.6%), week two (81.5 ± 24.7 km·wk-1, p<0.001, +24.2%) week three (88.3 ± 

26.3 km·wk-1, p <0.001, +34.6%), and was reduced during TaperTr (41.3 ± 12.7 km·wk-1, 

p<0.001, -37.0%), when compared to NormTr (Supplementary file S1). The training intensity 

distribution (percentage of time spent in each zone) did not change throughout the study 

period compared to the before study period (before study period: zone 1: 79.7 ± 7.2%; zone 2: 

5.92 ± 2.89%; zone 3: 14.7 ± 5.2%; NormTr: zone 1: 80.4 ± 7.5%, p=0.42; zone 2: 6.06 ± 

3.97%, p=0.78, zone 3: 13.5 ± 6.1%, p=0.40; HVolTr: zone 1: 81.1 ± 5.7%, p=0.20; zone 2: 

5.30 ± 3.16%, p=0.11, zone 3: 13.6 ± 4.6%, p=0.36; TaperTr: zone 1: 80.2 ± 6.8%, p=0.53, 

zone 2: 5.64 ± 3.16%, p=0.60, zone 3: 14.2 ± 5.3%, p=0.57), which ensured that only volume 

increased while intensity was maintained. 

Time-to-exhaustion (TTE), �̇�O2peak and [La]bpeak were similar during NormTr and 

HVolTr but increased following TaperTr (p<0.05; Table 1). The running speed at the GET 

was significantly higher following TaperTr compared to NormTr (p<0.05), but not HVolTr 

(p=0.21). 

The inter-rater CVs for energy intake, carbohydrate, protein, fat, and fibre were 4.0%, 

4.6%, 6.2%, 8.2% and 6.6%, respectively. Although there was a significant time effect for 

total protein intake (χ2(2) = 7.00, p=0.03), post-hoc comparisons (using an adjusted p=0.02) 

did not detect differences between NormTr and HVolTr (Z = -1.73, p=0.08), HVolTr and 

TaperTr (Z = -2.10, p=0.04) or NormTr and TaperTr (Z = -2.20, p=0.83). A significant effect 

of time, F(2, 26)=4.47, p=0.02, was also observed for relative protein intake. However, 

pairwise comparisons did not detect differences between NormTr and HVolTr (p=0.13), 

HVolTr and TaperTr (p=0.07), or NormTr and TaperTr (p=1.00). There were no significant 



differences for any of the other dietary variables measured during the study period (Table 2). 

No participant reported the use of probiotics throughout the study period. 

There were 10 phyla, 58 families, 191 genera and 366 species identified in the runners 

during the study period. However, a threshold of ~60% prevalence in all samples was set for 

subsequent analysis at the family, genera and species levels, which left 32 families, 65 genera, 

and 92 species that were analysed. There was no significant difference in the OTU count (t = -

2.06, p=0.84), Shannon Index (Z = -1.01, p=0.32), Chao1 Index (t = -0.02, p=0.99), or Inverse 

Simpson Index (Z = -0.22, p=0.83) observed between NormTr and HVolTr (Figure 1). Effect 

estimates (Cohen’s d) for these parameters ranged from 0.005 (Chao1 Index) to 0.22 

(Shannon Index). There were no significant associations between alpha-diversity (Shannon 

Index, OTU count, Chao1 Index or Inverse Simpson Index) and �̇�O2peak (Supplementary file 

S2). There were no significant associations between alpha-diversity (Shannon Index, OTU 

count, Chao1 Index or Inverse Simpson Index) and training volume (km·wk-1)(Supplementary 

file S3). 

There were no significant changes in the global microbial composition (Supplementary 

file S4) or at the phylum taxonomic level (Supplementary file S5) observed between NormTr 

and HVolTr.  

While there were no significant changes at the class or order taxonomic levels, changes at 

the family, genus and species levels following HVolTr were significant (Table 3). The relative 

abundance of Pasteurellaceae decreased following HVolTr (Z = -2.20, p=0.03). Individual 

changes across time in the top 15 abundant genera are displayed in Supplementary file S5. 

Lachnoclostridium (Z = -2.42, p=0.02) and Haemophilus (Z = -2.20, p=0.03) decreased 

following HVolTr. We also observed significant changes in the following species: 

Streptococcus parasanguinis, Ruminococcus callidus, and Haemophilus parainfluenzae. 

There was a significant decrease in both S. parasanguinis (Z = -2.35, p=0.02) and H. 



parainfluenzae (Z = -2.20, p=0.03) following HVolTr compared to NormTr, while R. callidus 

(Z = -2.28, p=0.03) significantly increased following HVolTr compared to NormTr. There 

were no changes in any of the exercise-responsive taxa following TaperTr.  

 

Discussion 

This study investigated the effect of a conventional overload training period (increase in 

training volume) and subsequent taper on diversity and composition of the gut microbiome in 

a free-living cohort of highly-trained middle-distance runners. Contrary to our hypothesis, 

neither the alpha-diversity nor the global microbial composition were affected by changes in 

training volume; however, we observed alterations in specific microbiota in response to an 

increase in training volume, which did not return to pre-HVolTr levels following a one-week 

taper.  

The alpha-diversity, measured by the Shannon Index , OTU count, Chao1 Index and 

Inverse Simpson Index, did not change in response to an increase in training volume or 

subsequent taper nor did we find any relationship with training volume (Supplementary file 

S3). Evidence from cross-sectional studies suggests there may be an association between 

higher levels of fitness and/or habitual physical activity and greater gut microbiome diversity 

[10, 11]. However, we did not detect such a relationship at any point during the study 

(Supplementary file S2). Furthermore, our results are in agreement with several other studies 

in sedentary individuals [27-29] and elite racewalkers [15], suggesting that alpha-diversity is 

not affected by alterations in training volume. Conversely, two recent studies reported an 

increase in alpha-diversity, one following a 33-day, 5000-km transoceanic row in male 

athletes [14], the other following a four-day cross-country Arctic march in young, healthy 

military officers [13]. Collectively, these studies indicate that the gut microbiome may be 

sensitive to extreme alterations in physical exertion with concurrent dietary modification, with 



these changes not necessarily favourable to the gut microbiome. Karl et al. [13] found that the 

increase in alpha-diversity was primarily driven by an increase in the abundance of several 

harmful and infectious taxa (e.g., Peptostreptococcus, Staphylococcus, Peptoniphilus, 

Acidaminococcus, and Fusobacterium), and a decrease in several beneficial taxa [13]. This 

highlights that an increase in alpha-diversity per se may not necessarily be beneficial for host 

health. Further exploration in lower taxonomy (family, genus, species) is needed to determine 

whether such increases in alpha-diversity are driven by beneficial or deleterious bacteria. Our 

investigation suggests that more subtle overload training periods, where individuals can 

moderate their own dietary behaviour and maintain their usual lifestyle habits, do not effect 

alpha-diversity. The extent to which more severe increases in training load impact gut alpha-

diversity (in free-living athletes) remains unknown. 

A healthy microbiome can be characterised by its potential stability (i.e., to withstand 

disturbances) [3] . In our cohort of runners there were no significant changes observed at the 

phyla level, which highlights the stability at this taxonomic level during changes in training 

volume. While we acknowledge that 16S approaches are unable to provide the level of 

resolution at the species level as full metagenome sequencing methods, we did note several 

changes at the family, genus and species taxonomies which, when considered in conjunction 

with documented microbial functions, may be of interest in an exercise physiology setting. A 

significant decrease was observed in the genus Lachnoclostridium in response to HVolTr. 

Lachnoclostridium species are reportedly involved in the fermentation of sugars and produce 

SCFA, including acetate [30]. While acetate may be absorbed from the gut and metabolised as 

a fuel source during endurance exercise [7], high acetate concentrations have been shown to 

stimulate the parasympathetic nervous system, increasing glucose-stimulated insulin and 

ghrelin secretion to promote feeding behaviours [31]. Therefore, the decrease in the 

abundance of Lachnoclostridium following HVolTr should be examined in the context of diet 



and exercise training interactions. We also observed a significant decrease in the genus, 

Haemophilus, following HVolTr. This finding is in contrast to a recent study that found a 

significant increase in Haemophilus, which has been associated with several pathogenic 

bacteria [32], following an ultra-marathon event [33]. The difference in findings may be the 

result of the extreme nature of an ultra-marathon event. The stress caused by such events may 

lead to the phenomenon known as ‘leaky gut’ – an increase in permeability of the intestinal 

barrier – raising host susceptibility to invading pathogens [34, 35]. Conversely, the stepwise 

increase in training volume (by 10, 20 and 30% from NormTr) in the present study may have 

allowed sufficient time for our cohort of runners to adapt to the stress, thereby minimising any 

drastic changes to gut integrity. Furthermore, the difference in metabolic stress (e.g., 

metabolic by-products) encountered during middle-distance (800-1500 m) running events 

and/or training in contrast to longer distance events, such as an ultra-marathon, may also alter 

the subsequent changes in the gut microbiome. Exploring the difference in metabolic stress 

between running events on the gut microbiome could be an area of focus for future research. 

Following HVolTr, R. callidus, which belongs to the genus Ruminococcus, significantly 

increased. Species belonging to the Ruminococcus genus have been shown to breakdown 

complex polysaccharides [36]; however, R. callidus is unable to metabolise polysaccharides 

and instead utilises simple sugars as a metabolic fuel, producing succinate and acetate as by-

products which can be utilised as a fuel by the host [36]. As such, one could speculate that the 

increase in R. callidus following HVolTr may be associated with the demand to consume 

simple carbohydrates during exercise, especially when undertaking periods of HVolTr. This 

may in turn provide the adequate substrate required for preferential expansion of this species.  

An important consideration with respect to exercise-induced changes in gut microbiota is 

whether these alterations persist when the training stimulus is reduced or removed. We 

observed that the exercise-responsive taxa did not return to NormTr levels following 



TaperTr, suggesting that these specific taxa may require a prolonged period of reduced 

training volume (i.e., >one-week) to return to pre-HVolTr levels. There has only been one 

study (n= 1 case study) that has measured gut microbial changes during a recovery period. 

[33]. Grosicki et al. [33] assessed gut microbial changes during a two-week post-race 

recovery period following a 163 km ultra-marathon event in a 32 year old world-class ultra-

marathon runner (�̇�O2peak: 66 mL·kg·min-1)[33]. Microbial changes induced by the ultra-

marathon appeared to return to pre-race values within the recovery period, which involved 

cessation of all training for one-week following the event and light jogging (~5:30·km) for 

30-60 min (~336 min·wk1 running) resuming during the second week. This recovery period 

differs from the one-week taper used in the current study. While a period of recovery is 

different from a training taper, research undertaken in a sedentary population [29] found that 

changes in specific taxa returned to baseline levels within six weeks of training cessation [29]. 

Future research examining gut microbial changes in response to both intensified and reduced-

volume training is required.  

In the present study compositional, but not functional, changes in the gut microbiome 

were assessed in a sample of highly-trained middle-distance runners.  Our use of 16S rRNA 

sequencing methods provided some insight into bacterial taxa that may be impacted by 

alterations in training volume; application of metagenome methods in future studies would 

allow extension of these observations and further assessment of how microbial function may 

be impacted by training overload. We also acknowledge the modest sample size of 

participants in the present study, which may limit detection of changes in the gut microbiome. 

However, the low effect estimates for the diversity indices measured suggest that a larger 

sample size is unlikely to alter the results presented. It is also worth highlighting that, outside 

of the standardised meals provided prior to each performance test, we did not control 

participants’ diet during the intervention. This could be construed as a limitation, given that 



diet is known to influence the gut microbiome [37]. However, the experimental control of diet 

is likely to alter the eating habits of participants, thus independently inducing alterations to the 

gut microbiome [15]. Furthermore, our aim was to assess the impact of a typical period of 

overload training and subsequent taper on gut microbial composition in otherwise free-living 

middle-distance runners. A key observation in this regard is that macronutrient and fibre 

intake (or probiotic use) did not change significantly during the intervention. This suggests 

that the ad libitum nature of the participants dietary intake in the current study had a 

negligible influence on their gut microbiome.  

 

Conclusion 

In summary, our findings show that while some minor changes were observed at the 

lower taxonomic levels (family, genus, and species), the gut microbial diversity and 

composition of trained endurance athletes were unaffected by a short-term increase in training 

volume.  
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Figure list 

 

Figure 1 - Alpha-diversity measures at each time-point. Panel A: Shannon Index for the whole group 

(n=14); Panel B: Operational taxonomic units (OTU) for the whole group (n=14). Panel C: Chao1 

Index for the whole group (n=14); Panel D: Inverse Simpson Index for the whole group (n=14). 

NormTr: normal training; HVolTr: high-volume training; TaperTr: one-week taper. 



 

Table 1 - Body composition and performance measures for participants during the 

intervention Values represent mean ± SD. BM: body mass; LBM: lean body mass; BF: body fat; kg: 

kilogram; %: percentage; TTE: time to exhaustion; �̇�O2peak: peak oxygen uptake; HRpeak: peak 

exercise heart rate; GET: gas exchange threshold; RCP: respiratory compensation point; [La]bpeak: 

peak blood lactate. a p<0.05; compared to NormTr and HVolTr, b p<0.05; compared to NormTr. 

NormTr: normal training; HVolTr: high-volume training; TaperTr: one-week taper. 

Variable NormTr HVolTr TaperTr 

BM (kg) 64.1 ± 11.2 63.9 ± 11.2 63.9 ± 11.4 

LBM (kg) 52.4 ± 9.8 52.4 ± 9.9 52.7 ± 9.9 

BF (%) 14.8 ± 2.8 14.4 ± 2.8 14.4 ± 2.7 

TTE (s) 639 ± 83.5 626 ± 88.4 678 ± 83a 



 

 

Table 2 - Energy, macronutrients and fibre intake for participants during the intervention 

Variable NormTr HVolTr TaperTr 

EI Total (kJ·d-1) 10,290 ± 2,815 11,535 ± 4,377 10,542 ± 3,700 

EI/kg/LBM (kJ·d-1) 195 ± 32 219 ± 68 198 ± 48.2 

CHO Total (g·d-1) 273 ± 83 313 ± 142 286 ± 109 

Sugar Total (g·d-1) 114 ± 56 131 ± 76 113 ± 61 

CHO (g·kg-1BM·d-1) 4.22 ± 0.81 4.85 ± 1.76 4.41 ± 1.11 

PRO Total (g·d-1) 106 ± 30 120 ± 45 104 ± 32 

PRO (g·kg-1BM·d-1) 1.64 ± 0.31 1.87 ± 0.53 1.62 ± 0.33 

FAT Total (g·d-1) 98.2 ± 26.1 105 ± 39 97.7 ± 40.9 

FAT Sat (g·d-1) 36.2  ± 15.4 38.5 ± 22.2 36.0± 25.4 

FAT Poly (g·d-1) 11.7 ± 4.3 12.7 ± 3.7 11.9 ± 3.1 

FAT Mono (g·d-1) 30.7± 9.8 31.1 ± 14.0 30.1 ± 9.8 

FAT Total (g·kg-1BM·d-1) 1.53 ± 0.29 1.64 ± 0.51 1.53 ± 0.52 

Fibre Total (g·d-1) 26.5 ± 5.9 28.1 ± 9.4 27.6 ± 9.2 

Fibre (g·kg-1BM·d-1) 0.42 ± 0.07 0.44 ± 0.11 0.43 ± 0.10 

Values represent mean ± SD. EI: energy intake; kJ: kilojoule; LBM: lean body mass; BM: 

body mass; CHO: carbohydrate; PRO: protein; Sat: saturated; Poly: polyunsaturated; 

Mono: monounsaturated; kg: kilogram; g: gram; d: day. NormTr: normal training; 

HVolTr: high-volume training; TaperTr: one-week taper. 

 

�̇�O2peak (mL·kg·min-1) 65.4 ± 6.8 65.7 ± 6.73 68.7 ± 6.6a 

�̇�O2peak (L·min-1) 4.23 ± 0.99 4.24 ± 1.02 4.42 ± 1.03a 

GET speed (km·hr-1) 15.0 ± 1.48 15.2 ± 1.6 15.5 ± 1.5b 

RCP speed (km·hr-1) 17.4 ± 1.57 17.4 ± 1.6 17.6 ± 1.8 

[La]bpeak (mmol·L-1) 13.7 ± 2.59 11.8 ± 2.4 15.6 ± 2.2a 

HRpeak (beats·min-1) 196 ± 8 192 ± 7 194 ± 7 



 

 

Table 3 - Relative abundance (%) of exercise responsive gut microbial taxa Values represent 

median (inter-quartile range). a p<0.05; compared to NormTr. NormTr: normal training; HVolTr: 

high-volume training; TaperTr: one-week taper. 

Taxonomy Name NormTr HVolTr TaperTr 

Family Pasteurellaceae 0.042 (0.008-

0.115) 

0.005 (0.000-

0.014)a 

0.016 (0.007-

0.044) 

Genus Haemophilus 0.042 (0.008-

0.115) 

0.005 (0.000-

0.014)a 

0.016 (0.007-

0.044) 

Lachnoclostridium 0.359 (0.259-

0.526) 

0.205 (0.149-

0.403)a 

0.240 (0.120-

0.438) 

Species H. parainfluenzae 0.042 (0.008-

0.115) 

0.005 (0.000-

0.014)a 

0.016 (0.007-

0.044) 

S. parasanguinis 0.058 (0.028-

0.093) 

0.031 (0.022-

0.049)a 

0.019 (0.011-

0.047) 

 R. callidus 0.064 (0.005-

0.230) 

0.148 (0.053-

0.276)a 

0.094 (0.001-

0.232) 

 

 

 
Supplementary file S1 - Mean training volume (distance run [km]; mean ± SD) during each week 

before the study (Pre-study), NormTr, HVolTr, and during TaperTr. *Significantly higher than Pre-



study, NormTr and TaperTr. #Significantly lower than all other weeks. NormTr: normal training; 

HVolTr: high-volume training; TaperTr: one-week taper. 

 

 

 

 

 

Supplementary file S2 – Relationship between alpha-diversity and peak oxygen uptake (�̇�O2peak). 

Panel A: Shannon Index and �̇�O2peak following NormTr. Panel B: Shannon Index and �̇�O2peak 

following HVolTr Panel C: Shannon Index and �̇�O2peak following TaperTr. Panel D: OTU count and 



�̇�O2peak following NormTr. Panel E: OTU count and �̇�O2peak following HVolTr. Panel F: OTU count 

and �̇�O2peak following TaperTr. Panel G: Chao1 Index and �̇�O2peak following NormTr. Panel H: 

Chao1 Index and �̇�O2peak following HVolTr. Panel I: Chao1 Index and �̇�O2peak following TaperTr. 

Panel J: Inverse Simpson Index and �̇�O2peak following NormTr. Panel K: Inverse Simpson Index and 

�̇�O2peak following HVolTr. Panel L: Inverse Simpson Index and �̇�O2peak following TaperTr.  

NormTr: normal training; HVolTr: high-volume training; TaperTr: one-week taper.  

 

 

 

Supplementary file S3 – Relationship between alpha-diversity and training volume (Km·Wk-1). 

Panel A: Shannon Index and training volume following NormTr. Panel B: Shannon Index and 

training volume following HVolTr Panel C: Shannon Index and training volume following TaperTr. 

Panel D: OTU count and training volume following NormTr. Panel E: OTU count and training 



volume following HVolTr. Panel F: OTU count and training volume following TaperTr. Panel G: 

Chao1 Index and training volume following NormTr. Panel H: Chao1 Index and training volume 

following HVolTr. Panel I: Chao1 Index and training volume following TaperTr. Panel J: Inverse 

Simpson Index and training volume following NormTr. Panel K: Inverse Simpson Index and training 

volume following HVolTr. Panel L: Inverse Simpson Index and training volume following TaperTr. 

NormTr: normal training; HVolTr: high-volume training; TaperTr: one-week taper. 

 

 

Supplementary file S4 - PCoA plots using the Bray-Curtis Dissimilarity Index to compare the global 

microbial composition. Panel A: Global microbial composition between the two samples collected at 

baseline (NormTr)(p=0.99). Panel B: Global microbial composition between NormTr and HVolTr 

(p=0.99). Panel C: Global microbial composition between NormTr and TaperTr (p=0.16). Panel D: 

Global microbial composition between HVolTr and TaperTr (p=0.99). NormTr: normal training; 

HVolTr: high-volume training; TaperTr: one-week taper. 

 



 

 

Supplementary file S5 - Relative abundance of phyla and genera. Panel A: Relative abundance of 

phyla for each individual (n=14) during NormTr, HVolTr and TaperTr. Panel B:  The median relative 

abundance for the 15 most abundant genera as a whole group displayed for each individual (n=14) 

during NormTr, HVolTr and TaperTr. NormTr: normal training; HVolTr: high-volume training; 

TaperTr: one-week taper. 

 

 

 




