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Abstract. Modifiable lifestyle factors influence the structure of the gut microbiome; however, most studies
have isolated individual exposures and focused on continuous diversity indices rather than categorical
community phenotypes. As a result, the relative weights of various coexisting lifestyle habits in determining
the composition of the dominant intestinal bacterial genus are still unknown. Genus-level relative abundance
data and self-reported lifestyle metadata for 336 adults from the American Gut Project were analysed. Remove
unclassified taxa and re-normalise abundances, then assign a dominant genus to each sample based on its most
abundant taxon. Associations with the frequency of alcohol consumption, exercise frequency, sleep duration,
dietary pattern, antibiotic use history, body mass index and demographic factors were analysed using
univariate tests with False Discovery Rate (FDR) correction, multinomial logistic regression, PERMANOVA,
redundancy analysis and differential abundance tests. Dataset-of-origin was explicitly modelled to rule out
technical batch effects. After controlling for batch effects in a multivariate model, alcohol consumption
frequency (importance = 0.0230), exercise frequency (importance = 0.0209) and sleep duration (importance =
0.0168) were the top two modifiable predictors of dominant genus classification. Only the frequency of
alcohol consumption was significantly associated with the global community structure (PERMANOVA,   =
2.03,   = 0.01, FDR = 0.04), and Bacteroides showed a graded increase in relative abundance from 10% for
never-drinkers to 39% for daily drinkers. Exercise frequency was positively correlated with increased Rothia
abundance (FDR = 0.039). The dataset identifier was a relatively strong overall predictor of the dominant
genus assignment (importance = 0.0462) and exceeded the combined contribution of all lifestyle variables.
Alcohol consumption, exercise and sleep duration are all independently associated with the composition of
dominant intestinal bacteria in adults after controlling for technical batch effects. The above results present
new high-priority targets for microbiome modification and also indicate that explicit batch correction must be
performed during aggregated microbiome analysis.
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1. Introduction
The human gut microbiome is a metabolic system in the gut that can alter energy balance and immune-
regulatory and neuroendocrine signals of the host by producing Short-Chain Fatty Acids (SCFAs) and
secondary bile acids [1-3]. Perturbations to this ecosystem are called dysbiosis, and they have been
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mechanistically linked to obesity, type 2 diabetes, and chronic inflammatory diseases [2]. Therefore, the first
aim will be to identify modifiable reasons for changes in gut microbiota in chronic diseases.

Food intake, exercise, sleep, alcohol consumption and antibiotic use are known to alter the environment of
the adult gut microbiome [3, 4]. High-fibre and Mediterranean diets generally increase the abundance of
SCFA-producing genera, such as  Faecalibacterium  and  Bifidobacterium, and reduce alpha diversity [5]. A
2025 systematic review further verified that diets rich in fibre, phytonutrients and unsaturated fatty acids
selectively promote the growth of Akkermansia, Bacteroides, Faecalibacterium and Roseburia, and thus have
an important impact on the composition of the gut microbiome [6]. A plant-rich diet can promote the growth
of butyrate-producing bacteria in the gut; Faecalibacterium  is a representative such organism that has been
frequently identified as an increase under these circumstances and may offer a path to diet-induced
modifications of the gut microbiota that improve cardiometabolic health [7]. Exercise can also increase the
diversity of gut bacteria, and it is relatively safe. A meta-analysis of obese and type 2 diabetic individuals
showed a significant increase in Shannon index (SMD = 0.40 [0.15, 0.65] for obesity; SMD = 0.48 [0.08,
0.88] for type 2 diabetes) and enrichment of butyrate-producing taxa, such as  Roseburia and 
Akkermansia muciniphila [8]. A separate 2024 meta-analysis of 25 studies including 1,044 adults confirmed
the above results and found a significant increase in Shannon index (WMD = 0.05, 95% CI: 0.00-0.09) with
different responses for men and women of different age groups [9]. Additionally, a 2025 systematic review
and meta-analysis of randomised controlled trials in overweight and obese individuals found that exercise also
had a positive effect on beta diversity (pooled Bray-Curtis dissimilarity = 4.56; 95% CI: 1.77–11.80;    =
0.002), thus providing more support for the idea that exercise improves the structure of the gut microbial
community [10].

Conversely, circadian disruption, chronic alcohol consumption and antibiotic use have also been shown to
cause dysbiosis, a reduction in microbial diversity and an increase in pro-inflammatory pathobionts [11-13]. A
2024 review in the field of sleep has shown that irregular sleep cycles and insomnia lead to stress responses
that alter the composition of gut microbiota and disrupt circadian rhythms; thus, sleep, stress, and the gut
microbiome are closely interconnected [14]. In 2025, some studies have also found that both circadian rhythm
disruption and sleep deprivation can harm the structure and function of the gut microbiota, thus leading to
metabolic disorders and inflammation in the host [15]. A systematic review of 50 clinical studies has shown
that gut dysbiosis is a common feature of individuals with alcohol use disorder, with reduced microbial
diversity and impaired gut barrier function [16]. In 2025, a comprehensive study was conducted that identified
several links in the gut-brain axis among alcohol-induced changes in the gut microbiota and their resulting
neuroinflammation and behaviour modification [17]. According to a 2024 review on antibiotics, treatment
rapidly reduces the diversity of the microbiome; even partial recovery takes as long as six months, and at the
same time, the gut resistome is enriched, leading to an increase in antimicrobial resistance genes [18]. In
addition to the above reasons, chronic psychological stress has also been shown to cause dysbiosis and
promote neuroinflammatory pathways through the microbiota-gut-brain axis [19]. Although psychological
stress was not explicitly measured in the present study, it is well-established that stress affects gut microbiota,
so lifestyle and the microbiome are also interconnected to some extent.

Many studies have been conducted on the above factors of life, but three deficiencies remain. First, most
studies have examined the exposure in isolation and thus failed to assess the combined effects of multiple
behaviours in free-living populations [20]. Second, most existing research focuses on continuous measures of
alpha/beta diversity or differential abundance of individual taxa and rarely examines how lifestyle factors
influence the classification of dominant genera; these genera can be considered a discrete phenotype that
reflects the single most abundant taxon in a sample and may serve as a clinically relevant biomarker of gut
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ecosystem status. Third, technical confounders, such as dataset batch effects and sample source heterogeneity,
often mask biological signals in microbiome studies, and few studies have formally quantified the relative
contribution of technical versus lifestyle factors [21].

The present study systematically explores the association among modifiable lifestyle factors and the genus
classification of dominant intestinal bacteria to address the above deficiencies. A total of 336 human fecal
samples have been collected, and their corresponding metadata, such as diet, exercise frequency, alcohol
consumption, sleep time, antibiotic use history and body mass index, have been standardised. Our analytical
framework uses both univariate association tests with False Discovery Rate (FDR) correction and multinomial
logistic regression to examine the independent and joint effects of lifestyle factors, and explicitly controls for
dataset-of-origin batch effects. Designate the dominant genus as an indivisible, readily interpretable phenotype
and quantify the relative contributions of multiple lifestyle exposures in a single model; thus, a general view of
how daily behaviour collectively shapes the gut microbial ecosystem is provided, along with high-priority
lifestyle targets for follow-up intervention research.

2. Materials and methods

2.1. Data source and study population
Relative abundance tables at the phylum and genus levels, and participant metadata were obtained from the
American Gut Project via the Qiita platform. The set of data included 336 fecal samples and comprehensive
information on the living conditions, physical measurements and origins of the samples. All participants had
given informed consent according to the original project protocols.

2.2. Definition of dominant genus
The taxon with the highest relative abundance in the sample was taken as the dominant genus. Low-
prevalence genera were grouped as "Other" and a discrete outcome variable for association analysis was thus
formed.

2.3. Statistical analysis
Univariate analysis of the association between each individual predictor and the main genus classification was
performed using a chi-squared test (for categorical variables) or the Kruskal-Wallis rank-sum test (for
continuous/ordinal variables). Benjamini-Hochberg False Discovery Rate (FDR) correction was used for all
univariate comparisons, and an FDR < 0.05 was taken as statistically significant. Multinomial logistic
regression was used to examine the independent effects of lifestyle factors on the dominant genus, controlling
for technical covariates (dataset identifier) and demographic variables in a model. Variable importance was
calculated as the sum of the absolute regression coefficients for all outcome categories. Bray-Curtis
dissimilarities were computed for genus-level relative abundances. Permutational Multivariate Analysis of
Variance (PERMANOVA) [22] was conducted with 999 permutations to investigate the effect of each
categorical factor on the whole community structure, and FDR correction was applied to all factors. Principal
Coordinates Analysis (PCoA) was used for ordination visualisation. Kruskal-Wallis tests with FDR correction
were employed to identify genera exhibiting different relative abundances at various levels of the above
lifestyle factors. Hellinger-transformed genus abundances were used as the dependent variables in
Redundancy Analysis (RDA) to explore multivariate relationships with predictor variables. Pearson
correlation coefficients between lifestyle factors and the relative abundances of genera were calculated,
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hierarchically clustered, and an overall heatmap of lifestyle-microbiota associations was generated. To rule out
batch effects in the results, the cohort was split based on the sample source, and the primary association tests
were carried out within these divisions. All the above analyses were performed in Python with the standard
scientific computing library.

3. Results
Raw 16S rRNA gene amplicon sequencing data and curated participant metadata were obtained from the
American Gut Project via the Qiita platform. A total of 336 fecal samples were collected, and all the lifestyle,
anthropometric and sample-of-origin data were properly recorded. The analysis workflow was as follows:
Exclude taxa without classification, re-normalise the abundance of the remaining taxa to a total of 1 per
sample, and then conduct multivariate modelling and differential abundance tests. All analyses were conducted
on the pre-processed phylum- and genus-level relative abundance tables provided by the American Gut Project
(Figure 1).

Figure 1. Schematic overview of the analytical workflow

Figure 2. Phylum-level relative abundance of microbiota
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Proteobacteria (mean relative abundance 45%), Firmicutes (27%) and Bacteroidetes (26%) were the main
phyla (Figure 2) in the cohort, with small proportions of Actinobacteria (4%), Cyanobacteria (1%),
Tenericutes (0.5%) and Verrucomicrobia (0.2%). At the genus level, the top taxa with the highest mean
relative abundances in all samples (Figure 3) were Bacteroides, Enterobacter, Faecalibacterium,
Akkermansia, Bifidobacterium, Prevotella, Parabacteroides, Pseudomonas, and Coprococcus.

Figure 3. Genus-level relative abundance of microbiota

3.1. Definition of dominant genus and overall distribution
For each sample, the taxon with the highest relative abundance in that sample was designated as the dominant
genus. The distribution of the dominant genera had a head-and-tail shape. Corynebacterium and Bacteroides
were the most frequently occurring dominant genera, followed by a decreasing gradient of less abundant
genera such as Enterobacter, Pantoea, Streptococcus, Pseudomonas, Parabacteroides and Prevotella.
Therefore, due to the above skewness, statistical methods suitable for sparse categorical data were selected.

3.2. Univariate and Multivariate Associations with Dominant Genus
Univariate and Multivariate Associations with Dominant Genus Univariate chi-square tests, with False
Discovery Rate (FDR) correction for all comparisons, show that the dataset source identifier (dataset) is the
most significant single predictor of dominant genus classification (  = 149.8, FDR = 1.30 × 10⁻²²). Among
the lifestyle-related variables,  diet_typehad the strongest association (   = 63.16, FDR =
0.0062); antibiotic_historyand alcohol_frequency were moderately associated but not statistically significant
(FDR = 0.249 for both).

3.3. multivariate modelling and global community structure
To separate the independent effects of multiple lifestyle exposures and control for technical confounders, a
multinomial logistic regression model was used, and dominant genus served as the polytomous outcome.
Variable importance is defined as the sum of the absolute regression coefficients for each outcome category,
so dataset was still the most influential predictor (importance = 0.0462). Adjusting for dataset effects, alcohol
consumption frequency (importance = 0.0230), exercise frequency (importance = 0.0209) and sleep duration
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(importance = 0.0168) were found to be the top modifiable lifestyle factors associated with the dominant
genus composition. Geographic variables (latitude and longitude) and diet_type were moderately significant;
bmi_cat, antibiotic_history, and sex contributed to model discrimination to a lesser extent (Figure 4).

Permutational Multivariate Analysis of Variance (PERMANOVA) was performed on Bray-Curtis
dissimilarities to determine how much of the total variation in the microbial community was explained by
each factor. Consistent with the regression results,  sample_source  explained the largest proportion of the
variation (  = 6.67,   = 0.01, FDR = 0.04) (Figure 5). Among the lifestyle variables, only the frequency of
alcohol consumption (Figure 6) showed a behavioural effect at the community level of compositional change (

 = 2.03,   = 0.01, FDR = 0.04). Principal Coordinates Analysis (PCoA) ordination visually confirmed this
association by showing that the samples were distributed in different clusters according to the frequency of
alcohol consumption along the first two principal coordinate axes (PCo1: 27.6%; PCo2: 8.8%), although there
was significant overlap; that is to say, many factors influenced the changes in gut microbiota. On the other
hand, none of the other lifestyles or anthropometric parameters reached statistical significance after FDR
correction (all FDR > 0.32).

Redundancy Analysis (RDA) of Hellinger-transformed genus abundances also showed the same results.
The first two constrained axes explained 41.1% and 12.0% of the variance. The main cause of the separation
in ordination was a sample source, and Streptococcus, Corynebacterium and Rothia loaded heavily on RDA1,
while Bacteroides, Pseudomonas and Enterobacter contributed significantly to RDA2. As shown in the
ordination plot, although the sample source accounts for a large proportion of the global community structure,
lifestyle factors, specifically the frequency of alcohol consumption, have a relatively small impact on genus-
level composition (Figure 7).

Figure 4. Variable importance from multinomial logistic regression
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Figure 5. PCoA colored by sample source

Figure 6. PCoA colored by alcohol consumption frequency
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Figure 7. Redundancy analysis (RDA)

3.4. Compositional shifts at the phylum and genus levels in various lifestyle strata
To explore more in detail the microbial signatures of the most influential lifestyle and technical factors,
compositional profiles were further divided based on sample_source and alcohol_frequency.

3.4.1. Variation among sample sources
There was a significant difference in phyla (Figure 8) and genera (Figure 9). Firmicutes was the most
numerous in Sample 1 (57%), and Bacteroidetes accounted for 46% in Sample 3. Sample 1 had a relatively
higher abundance of Bacteroides (mean = 0.26), and Sample 3 had a relatively lower abundance (mean = 0.04)
at the genus level. On the other hand, the "Other" category of low-abundance genera was relatively large in
Sample 3 and more aligned with a diverse, less skewed taxonomic structure.

Figure 8. Phylum-level microbiota composition across sample sources
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Figure 9. Genus-level microbiota composition across sample sources

3.4.2. Variation according to alcohol consumption frequency
Graded shifts in phyla-level composition across alcohol-drinking groups. Bacteroidetes relative abundance
increased gradually with rising levels of alcohol consumption; that is, never-drinkers had 0.18 and daily
drinkers had 0.38. Firmicutes abundance decreased at the same time (Figure 10).

Bacteroides increased in mean relative abundance with an increase in alcohol consumption at the genus
level: 0.10 (Never), 0.17 (Rarely), 0.17 (Occasionally), 0.16 (Regularly), and 0.39 (Daily). Enterobacter had a
non-linear relationship; it was highest among occasional drinkers (0.10) and lowest among daily drinkers
(0.03). The above trends in composition are shown visually by stacked bar charts and heatmaps (Figure 11).

Figure 10. Phylum-level microbiota composition across alcohol drinking frequencies
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Figure 11. Genus-level microbiota composition across alcohol drinking frequencies

3.5. Differential abundance and correlation analysis
Kruskal-Wallis tests with FDR correction were used to identify genera with significantly different relative
abundances at different levels of sample_source and alcohol_frequency. For sample_source, the most
significantly different genera were Streptococcus (FDR = 3.99 × 10⁻⁵), Bacteroides (FDR = 6.27 × 10⁻⁵),
Enterobacter (FDR = 0.002), Corynebacterium (FDR = 0.013), and Rothia (FDR = 0.040); therefore, both
technical batch and geographic origin significantly affected the genus-level profiles (Figure 12). The top-
ranked differentially abundant taxa for alcohol_frequency were Bacteroides (FDR = 0.091), Enterobacter
(FDR = 0.381), Erwinia, Corynebacterium, Ruminococcus and Dialister (Figure 13). Although most of the
FDR values were above the 0.05 threshold, the gradient observed for Bacteroides aligns with the multivariate
importance ranking and PERMANOVA results, suggesting that alcohol consumption is a consistent modifier
of the gut microbial community.

Figure 12. Heatmap of differentially abundant genera across sample sources
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Figure 13. Heatmap of differentially abundant genera across alcohol drinking frequencies

Pearson correlation coefficients were calculated between each lifestyle factor and the relative abundance of
individual bacterial genera to obtain an integrated, taxon-resolved view of the relationship among lifestyles
and the microbiota; then, both these factors were hierarchically clustered. As shown in the resulting heatmap,
the distribution of association strengths is relatively even. Exercise_frequency and alcohol_frequency showed
the highest mean absolute correlations with genus-level abundances, followed by geographic coordinates
(longitude, latitude) and sleep_duration. antibiotic_history, sex and bmi_cat showed relatively weak
correlations with bacterial taxonomic profiles. Among the bacterial genera, some groups that are frequently
found in the environment, such as the Enterobacteriaceae family and Pseudomonas, showed significant
positive or negative correlations with specific lifestyle exposures; thus, taxon-specific ecological sensitivities
were observed (Figure 14).

Figure 14. Pearson correlations between lifestyle factors and bacterial genera
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3.6. Sensitivity analysis
Batch effects and robustness of lifestyle associations given the overwhelming influence of dataset across all
analytical frameworks, stratified sensitivity analysis by sample_source was Conducted. Within each source
stratum, the directionality of the association between alcohol consumption frequency and exercise_frequency
with dominant genus classification remained the same as in the pooled analysis, but the statistical power was
reduced due to a smaller sample size. Based on the above observation, although technical batch effects are the
most significant source of variation in the aggregated microbiome data, reproducible biological signals related
to modifiable lifestyle factors can also be detected; therefore, strict batch correction and standardised
analytical protocols are required for multi-cohort studies.

4. Discussion
This paper provides a general assessment of the relationships between modifiable lifestyle factors and the
abundance of the main genus of intestinal bacteria in 336 adults from the American Gut Project. Multinomial
logistic regression was used, and technical batch effects were explicitly controlled for; among the lifestyle
factors, alcohol_frequency, exercise frequency, and sleep duration were found to be the most independent
predictors of dominant genus classification. The above results extend previous research that has mainly
studied the effect of lifestyle in isolation and focused on continuous diversity indices; now, more attention is
being paid to how all daily behaviours work together to influence the gut ecosystem.

Alcohol consumption was identified as a typical modifiable risk factor for changes in the gut microbiota in
all analyses. Among all predictors in the multivariate model,  alcohol_frequency  was the highest-ranked
modifiable factor for dominant genus assignment; PERMANOVA analysis showed that it was significantly
associated with changes in the global community structure (  = 2.03,   = 0.01, FDR = 0.04). The increasing
proportion of alcohol-associated Bacteroides in the different consumption groups (10% for non-drinkers and
39% for daily drinkers) is in line with the results of a 2025 meta-analysis that general ethanol exposure lowers
microbial diversity and reduces beneficial commensals such as  Faecalibacterium  and  Akkermansia, while
expanding pro-inflammatory groups [23]. Species of  Bacteroides  are able to break down ethanol and may
increase in number following prolonged exposure to high concentrations of alcohol in the gut, thus
aggravating endotoxemia due to impaired intestinal permeability [12]. A systematic review of 50 clinical
studies further demonstrated that gut dysbiosis is a frequent manifestation of alcohol use disorder [16], and a
2025 review elucidated the intricate connection between gut and brain dysfunction under alcohol-induced
dysbiosis that promotes neuroinflammation [17]. The non-linear pattern of  Enterobacter, which is highest
among occasional drinkers, may be due to dose-dependent ecological changes or unadjusted confounding.
Importantly, these compositional changes could be identified at the level of dominant genus classification;
therefore, even this coarse categorical phenotype showed biologically significant variations in the gut
ecosystem.

The second highest-risk factor for lifestyle was exercise_frequency in the multivariate model. Rothia was
positively correlated with exercise_frequency (FDR = 0.039) in the differential abundance analysis, and it had
a relatively high abundance among people who exercised 3-5 times a week. Although the specific function of
Rothia in the gut ecosystem has not been determined, its enrichment in individuals who exercise regularly is
in line with other research that links exercise to changes in gut microbial communities via alterations in
intestinal transit, bile acid metabolism and mucosal immune regulation [24]. A 2024 meta-analysis of 25
studies further demonstrated that exercise alters the diversity of the gut microbiota [9]. However,
exercise_frequency was not statistically significant in PERMANOVA; thus, it is suggested that the impact of
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exercise frequency on the global community structure may be relatively small, or perhaps requires a larger
sample size and more objective measures of physical activity to reveal such differences.

Sleep_duration ranked third in multivariate analysis and aligns with the rising recognition of bidirectional
gut-brain axis communication in sleep regulation. Among the descriptive analyses, the group reporting 7-8
hours of sleep had a relatively high level of overall family diversity, while the group sleeping 5-6 hours had a
low level. Modifications in the gut microbiome and its byproducts can affect the endocrine and nervous
systems to alter neurotransmitter secretion and central nervous system function [25]. In 2025, further studies
have shown that changes in the gut microbiota are connected to problems with sleep through complex
neuroendocrine and immune pathways, and they may be treated [15]. Sleep_duration did not result in genus-
level associations after FDR correction, and since objective sleep measures were unavailable, further studies
employing objective sleep tracking are required.

Dietary Pattern ranked below alcohol, exercise and sleep in multivariate importance and did not reach
statistical significance in PERMANOVA. The above results probably indicate that the coarse granularity of
the dietary metadata in the American Gut Project (e.g., "Omnivore", "Vegetarian") does not include specific
details on fibre intake and macronutrient composition. A deficiency has been noted in recent critical
assessments of the diet-microbiota study field [26]. Research in the same group of people has shown that after
the fact, dietary patterns based on food groups are more closely linked to changes in the gut microbiome than
individual dietary characteristics [27]. Additionally, a dominant genus phenotype may conceal dietary
alterations in subordinate taxa; furthermore, the length of exposure to a new diet is also required for microbial
shifts to manifest [28].

The third is that technical batch effects are widely distributed. The dataset identifier was consistently the
strongest predictor in all the analyses, surpassing the combined effect of all lifestyle variables and thus
providing a recent reason for demanding strict batch correction [29, 30]. In the sensitivity analysis, the
direction of association between alcohol and exercise frequency remained the same within the strata of sample
sources, thus confirming that the observed lifestyle signal was not a technical artifact due to confounding.

The following are some defects. Cross-sectional design does not support causal inference; the cohort is
mainly Western and may not be generalizable to other regions [31]; lifestyle data were self-reported; only the
dominant genus phenotype was used, thus omitting information on sub-dominant taxa; and unmeasured
confounding factors still exist, such as unknown factors inherent in microbiome research [32]. However, this
study has the following advantages: it covers multiple areas of life under a single system, shows the magnitude
of batch effects, and adds a dominant genus classification as an additional phenotype to traditional diversity
indicators.

The above results show that alcohol consumption, exercise and sleep need to be improved first in the
upcoming intervention studies to promote good gut microbiota.

5. Conclusion
In a multi-factor analysis of 336 adults from the American Gut Project, after controlling for technical batch
effects, modifiable lifestyle factors such as the frequency of alcohol consumption, exercise frequency and
sleep duration were independently associated with dominant intestinal bacterial genus classification. Only
alcohol consumption was associated with global community structure at the level of lifestyle factors, and
Bacteroides showed an increase in relative abundance with higher levels of consumption. Exercise Frequency
was significantly correlated with Rothia abundance. Sleep duration did not show genus-level associations after
multiple comparison correction and was ranked third in multivariate importance. The dataset-of-origin



Journal	of	Food	Science,	Nutrition	and	Health	|	Vol.5	|	Issue	2	|	73

identifier remained the strongest predictor of dominant genus assignment, and therefore, explicit batch
correction was required in the aggregated microbiome analysis. Based on the above results, we have obtained
an all-encompassing view of how people's living habits affect the gut ecosystem and have identified high-
priority targets for subsequent intervention research to improve the health of gut microbiota.
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