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This study aimed to investigate how different training outcomes affect the gut microbiota composition in racehorses. Twenty-six Yili horses underwent a 9-month conditioning training regimen under uniform husbandry and management conditions. Post-training, the horses were divided into an excellence group (D. Y group) and a general group (D. P group) based on their athletic performance, with the top 10 performers constituting the D. Y group and the bottom 10 the D. P group. Cardiac morphology and function were quantitatively assessed via echocardiography, and metagenomic sequencing was performed on fresh fecal samples. Results indicated that there were no significant differences in gut microbiota and echocardiographic parameters between the two groups prior to training. However, significant differences were observed post-training (p < 0.05). At the genus level, Parabacteroides, Bacteroides, and Prevotella exhibited significantly greater abundance n the D. Y group. LEfSe analysis showed that Prevotella was markedly enriched in the D. Y group (LDA > 4). Functional profiling indicated that multiple metabolic pathways were significantly enriched in global and overview maps, with map00534 and map00190 being particularly enriched in the D. Y group (LDA > 2). Within CAZymes genes, eight were significantly enriched in the D. Y group, including four glycoside hydrolase genes, two carbohydrate esterase genes, and two carbohydrate-binding module genes. Echocardiography revealed significant differences in seven parameters between the groups, with the D. Y group exhibiting notably higher LV_MASS_I and LVM values (p < 0.01). dbRDA analysis demonstrated a significant association between LV_MASS_I and LVM and the gut microbiota profile (p < 0.01). These findings suggest that training-induced cardiac remodeling, particularly the increase in LV_MASS_I and LVM, is closely related to alterations in gut microbiota, with Prevotella enrichment potentially serving as a marker of favorable adaptation to the training regimen. The study provides robust evidence for understanding the interaction between aerobic training, gut microbiota, and cardiac characteristics in racehorses, and highlights potential directions for optimizing athletic performance and probiotic strategies in equine athletes.
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1 Introduction

The Yili horse is a renowned Chinese breed known for its combination of strength and speed, strong adaptability, and disease resistance. It is the only riding horse breed recognized by the industry standards of China’s Ministry of Agriculture and Rural Affairs (Ouyang et al., 2023). The gut microbiota represents one of the most intricate and diverse microbial ecosystems in the body, comprising bacteria, fungi, viruses, and other microorganisms (Kuziel and Rakoff-Nahoum, 2022). Evidence indicates that these communities contribute not only to digestion and nutrient uptake but also to the regulation of immune function (Wu et al., 2023), modulation of inflammatory processes (Qiu et al., 2022), maintenance of metabolic balance (Eckel, 2021), and influence on mental health (Eckel, 2021). In herbivores, microbial activity is essential for fermenting plant fibers into volatile fatty acids, serving as a major energy source (Costa and Weese, 2018). In equines, such fermentation provides metabolic energy and engages in diverse biochemical pathways, exerting a substantial influence on overall health and physical performance. The equine intestinal tract hosts a broad spectrum of microbial taxa, including fungi, parasites, protozoa, archaea, viruses, and bacteria (Boucher et al., 2024; Vasco et al., 2020), each fulfilling distinct roles along different intestinal segments and showing high susceptibility to variations in diet, environmental conditions, and antibiotic administration. Microbial metabolites generated within the host exert significant effects on physiological health, pathological states, developmental processes, and even behavioral patterns (Tao et al., 2021; Wang et al., 2020; Tanase et al., 2020).

Variations in athletic performance among horses are associated with distinct gut microbiota compositions. While dietary patterns substantially influence gut microbiota, exercise training is also recognized as a major environmental determinant capable of altering microbial composition (Huang et al., 2024; Grosicki et al., 2023; Bycura et al., 2021). The structure and functional capacity of the gut microbiota can, to some extent, influence an individual’s drive and physical capacity for exercise (Agirman and Hsiao, 2022; Xia et al., 2024; Inglis, 2024), thereby linking microbial attributes to equine athletic performance. Evidence indicates that at least 36 microbial MAGs are more abundant in racehorses than in non-racehorses. These MAGs harbor the complete key genes for primary metabolic pathways involved in fiber fermentation, leading to the production of acetate and butyrate, thereby conferring a greater ability to generate short-chain fatty acids (SCFAs) and offering a potential metabolic advantage for enhancing exercise capacity (Li et al., 2023). Currently, research on the gut microbiota of athletic horses remains relatively scarce. In particular, the association between gut microbiota and different training effects has not been fully explored, and the link between exercise-induced cardiac remodeling and gut microbiota remains largely unexplored. Existing literature primarily focuses on the impact of microbiota on equine health and disease. Research remains limited on how exercise training shapes the gut microbiota and how these changes, in turn, influence equine athletic performance and adaptability. The present study investigated the impact of different training outcomes on the gut microbiota of racehorses using metagenomic sequencing, with emphasis on microbial differences between excellence and general groups, as well as training-induced alterations in cardiac structure and function, aiming to elucidate the dynamic modulation of the equine gut microbiota and to identify specific bacterial taxa and cardiac parameters closely associated with exercise adaptation.



2 Materials and methods


2.1 Experimental design and animals

The study was conducted at the state-owned Yili Stud Farm in the Xinjiang Uygur Autonomous Region. Twenty-six 18-month-old Yili horses, all in good health, maintained under uniform feeding and management without prior training, underwent a standardized nine-month training regimen (Wang et al., 2025). Experimental horses were housed under identical environmental conditions and managed according to standardized husbandry protocols. Each horse was fed 8 kg/d of dry hay and 4 kg/d of concentrate supplement. The feed formulation consisted of corn (17.28%), bran (5.26%), soybean meal (9.26%), calcium dihydrogen phosphate (1.15%), salt (0.63%), premix (0.31%), methionine (0.19%), and dry hay (65.92%), totaling 100%. The nutritional profile of this feed included dry matter (95.31%), crude protein (12.69%), crude fat (1.77%), neutral detergent fiber (42.23%), acid detergent fiber (37.98%), crude ash (8.16%), calcium (0.86%), phosphorus (0.41%), and digestible energy (9.03 MJ/kg). All horses included in the study were in good health, as confirmed by a veterinarian. None of the participants had a history of clinical disease, nor had they received any antibiotic or nonsteroidal anti-inflammatory drug treatment.

Following this conditioning program, a performance trial was held. Based on race outcomes, the top 10 horses were classified as the excellence group (D. Y group), the lowest-performing 10 as the general group (D. P group), while the remaining six were excluded from the analysis. Fecal samples were collected and echocardiograms were performed prior to training initiation, followed by a test race. After the trial concluded, fecal samples were collected again and echocardiograms were repeated, with metagenomic sequencing subsequently conducted.



2.2 Sample collection

After completing a 9-month training program, fecal samples were collected from the horses 3 days post-training. Horses were fasted for 12 h prior to sampling to minimize dietary intake’s impact on gut microbiota composition. All samples were collected on the morning of the fourth day to ensure consistency in environmental conditions and operational procedures. Samples were immediately stored in a −80 °C freezer until DNA extraction to prevent degradation and alteration of the microbial communities. Cardiac structural parameters (left ventricular internal diameter, diastolic left ventricular internal diameter, left ventricular posterior wall thickness, etc.) and functional indices (stroke volume, ejection fraction, cardiac index, etc.) were evaluated via echocardiography under resting conditions. Functional data were subsequently processed and analyzed using Excel spreadsheets. In this study, no sedatives were administered to any horses during echocardiographic examinations.

The 2D M-mode imaging was conducted using a Mindray M6 portable veterinary color Doppler ultrasound system operating at 2.5 MHz. Two image acquisitions were obtained from the right thoracic wall between the third and fourth or fourth and fifth intercostal spaces. The imaging depth was set to 30 cm, the transducer focus fixed at 5 cm, and the scanning angle maintained at 110°. All echocardiographic assessments were performed by a single experienced operator, and the mean value of two measurements per parameter was recorded. The protocol included right parasternal long-axis B-mode images at end-diastole and end-systole, right parasternal B-mode views of the left ventricular outflow tract, and right parasternal short-axis B/M-mode static and dynamic views. For consistency, three non-consecutive cardiac cycles were selected for analysis, with heart rates stabilized between 32 and 45 bpm, and mean values subsequently calculated. Transducer positioning was guided by intracardiac anatomical landmarks in accordance with established reference procedures. From the right parasternal short-axis view, a total of 31 cardiac dimensional parameters were measured.

During echocardiography, transducer positioning was guided by intracardiac anatomical landmarks in accordance with established protocols. From the right parasternal short-axis view, eight primary parameters were recorded: left ventricular internal dimension at end-diastole (LVIDd), left ventricular internal dimension at end-systole (LVIDs), right ventricular dimension at end-diastole (RVDd), right ventricular dimension at end-systole (RVDs), interventricular septal thickness (IVSd, IVSs), and left ventricular free wall thickness (LVFWd, LVFWs). In the right parasternal long-axis view, 15 parameters were assessed, including left ventricular volume (EDV, ESV), left ventricular minor dimension (LV Minor), mitral valve diameter (MVD), left atrial dimension (LADd, LADs), aortic root dimension (AODd, AODs) and additional structural indices. Derived calculations included the left atrium to aortic root (LA/AOD) ratio, pulmonary artery dimension (PAd, PAs), left ventricular mass parameters (LVW, LV MASS-I), left ventricular wall thickness parameters (MWTd, and RWTd), yielding a total of 23 morphological measurements. Functional assessment included ejection fraction (EF), left ventricular ejection time (LVET), stroke volume (SV), stroke volume index (SI), cardiac output (CO), cardiac index (CI), fractional shortening (FS), and velocity time integral (VTI), obtained through direct measurement and formula-based computation (Peng et al., 2024).



2.3 Metagenomic sequencing

Automated soil-fecal DNA extraction kit, Novazene (brand), DM401-C2 (catalog number). After DNA extraction from fecal samples, DNA concentration was precisely quantified using Qubit, and fragment integrity was assessed with the Qsep400 high-throughput bio-fragment analyzer. Qualified samples underwent enzymatic fragmentation to approximately 300 bp, followed by library preparation involving end-repair, A-tailing, adapter ligation, purification, and PCR amplification. Post-construction, preliminary quantification and insert size assessment were conducted with Qubit4.0. Libraries meeting quality criteria were pooled according to mass concentration and required target data output, then subjected to single-stranded circularization, followed by preparation of DNB nanospheres for DNA fragment sequencing on the DNBSEQ T7 platform.



2.4 Metagenomic data analysis

Raw sequencing data were processed with fastp to generate high-quality clean data for downstream analyses, removed reads containing low-quality bases (quality score < 15) exceeding a specified threshold (default: 40%); Removed reads with N bases exceeding a specified threshold (default: 5 bp); Removed adapter sequences (fastq default values); removed sequences shorter than 15 bp. For each sample, clean data were assembled using MEGAHIT with the following parameters: –k-list 21, 41, 61, 81, 91 –min-contig-len 500, and assembly metrics were assessed with QUAST. ORFs were predicted from assembled contigs (≥500 bp) using MetaGeneMark with default parameters for individual and pooled samples. Predicted ORFs from all datasets were merged, and redundant sequences were removed with CD-HIT. The resulting representative sequences were defined as unigenes, clustered at 95% sequence identity and 90% coverage, select the longest sequence as the representative sequence; use the following parameters: −c 0.95, −G 0, -aS 0.9, −g 1, −d 0. Clean data from each sample were aligned to the unigene set with Bowtie2 to finalize the unigene dataset for subsequent analyses, alignment parameters: -I 200, −X 400. Taxonomic assignments for unigenes were obtained through alignment against the MicroNR database, enabling classification at multiple taxonomic levels. Species-level annotation results were used to assess alpha and beta diversity. Functional annotations were derived by aligning unigenes to databases such as KEGG and CAZy.



2.5 Statistical analysis

All statistical analyses were performed using R software. Correlation heatmaps were generated with ComplexHeatmap 2.12.0; LEfSe analysis first employs the Kruskal-Wallis rank-sum test to identify species exhibiting significant abundance differences across groups. Subsequently, the Wilcoxon rank-sum test is used to assess the consistency of differences within subgroups. Finally, Linear Discriminant Analysis (LDA) is applied to estimate the magnitude of each species’ contribution to intergroup differences, yielding LDA scores. KEGG enrichment analysis was performed using R version 3.5.1 with the following packages and versions: ggplot2 3.3.0; dbRDA plots were generated using vegan 2.5.6 with a default VIF threshold of 10 (no value less than 0). This threshold was applied to exclude environmental factors exhibiting multicollinearity, where VIF values exceeding 10 are typically considered indicative of collinearity. Microbial abundance plots were generated using GraphPad Prism software (v9.4.1). Intergroup differences (e.g., cardiac ultrasound measurements, differentially expressed functional genes) underwent independent Student’s t-tests. Significance levels were defined as: nsP > 0.05, *p < 0.05, **p < 0.01.




3 Results


3.1 Comprehensive analysis post-training

In Figure 1A, race performance differed significantly between the two groups (p < 0.05). Evaluation of 31 cardiac dimensional indices revealed no pre-training differences in echocardiographic parameters (Figure 1B). Post-conditioning training analysis (Figure 1C) identified significant alterations in seven structural indices, with LVM and LV_MASS_I markedly higher in the D. Y group compared with the D. P group (p < 0.01), and RVDs, MWTd, IVSd, RVDd, and AODd also elevated in the D. Y group (p < 0.05). For functional parameters, SI, CI, VTI, SV, and CO were significantly greater in the D. Y group (p < 0.05). Collectively, the data indicate that conditioning training alone induces substantial remodeling of equine cardiac structure, accompanied by superior structural and functional cardiac profiles in the D. Y group relative to the D. P group. Detailed information on the structure and functional indicators of the horse heart is provided in Supplementary Table S1.
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FIGURE 1
 (A) Histogram of race performance differences; violin plot of cardiac dimensional indicators; (B) 31 cardiac functional and dimensional indices before training; (C) 31 cardiac functional and dimensional indices after training. Significance was determined using Student’s t-test: nsP > 0.05, *p < 0.05, **p < 0.01.




3.2 Metagenomic sequencing data information

Metagenomic sequencing of 20 equine fecal samples produced raw data that underwent adapter trimming and removal of low-quality reads, resulting in approximately 236 GB of high-quality sequences. Following per-sample quality control, the clean data were subjected to de novo assembly, and CDS prediction was subsequently conducted. Short contigs were excluded from further analysis. Gene identification prior to deduplication yielded 9,742,585 genes, whereas post-deduplication analysis identified 2,991,846 complete genes, representing 30.71%, the Q30 value was adopted as the assessment criterion for sequencing quality, where Q30 denotes the proportion of bases with an error rate below 1%. In this study, all samples achieved a Q30 value exceeding 95% of the total (Table 1).


TABLE 1 Statistical table of data preprocessing.


	Sample
	CleanData_bases/G
	CleanData_Q20/%
	CleanData_Q30/%
	CleanData_GC/%

 

 	D.1 	13.15 	97.98 	95.66 	45.58


 	D.2 	10.88 	97.89 	95.44 	44.91


 	D.3 	12.2 	97.89 	95.44 	44.92


 	D.4 	12.16 	97.91 	95.53 	44.33


 	D.5 	9.35 	98.1 	95.84 	45.77


 	D.6 	14.3 	97.91 	95.53 	42.81


 	D.7 	13.32 	98.03 	95.78 	44.08


 	D.8 	12.54 	98 	95.63 	45.12


 	D.9 	13.46 	98.26 	96.16 	46.11


 	D.10 	11.47 	98.31 	96.28 	44.06


 	D.11 	13.56 	97.97 	95.65 	43.73


 	D.14 	11.76 	99.14 	97.73 	46.88


 	D.15 	11.18 	99.06 	97.55 	45.85


 	D.16 	11.76 	99 	97.41 	47.14


 	D.18 	11.57 	99.11 	97.66 	46.71


 	D.20 	11.15 	98.96 	97.3 	47.45


 	D.22 	9.98 	99.01 	97.42 	46.88


 	D.23 	11 	99.11 	97.62 	46.58


 	D.24 	10.78 	99.03 	97.42 	47.12


 	D.25 	10.51 	98.98 	97.35 	49.05





Sequencing statistics: Description: Sample: Indicates the sample name; Clean: Represents filtered valid data; bases: Number of bases in the data; Q20: Percentage of bases with a sequencing error rate below 0.01 (quality score > 20); Q30: Percentage of bases with a sequencing error rate below 0.001 (quality score > 30); GC: GC content of bases in the data.
 



3.3 Effects of different training regimens on gut microbiota


3.3.1 Species composition of equine gut microbiota after training

Goods coverage values, which reflect sequencing depth, approached 1 in both groups, indicating adequate sequencing depth (>99.99%). Taxonomic classification was derived by aligning unigene protein sequences with the MicroNR database via DIAMOND, generating annotations across multiple taxonomic ranks. Relative abundance data at each level were used to identify the 10 most abundant taxa per group, with remaining taxa aggregated as “Others.”

At the phylum level (Figure 2A and Supplementary Table S2), the dominant taxa in both groups included Bacteroidota, Bacillota, Verrucomicrobiota, Spirochaetota, Fibrobacterota, Pseudomonadota, Lentisphaerota, Euryarchaeota, Actinomycetota, and Mycoplasmatota. Bacteroidota abundance was significantly higher in the D. Y group compared with the D. P group (p < 0.05).
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FIGURE 2
 (A) Phylum-level species composition of equine gut microbiota. (B) Genus-level species composition of equine gut microbiota; pre-training phase: (C) comparison of equine gut microbiota α-diversity (Chao1 index) among groups. (D) Comparison of α-diversity (Shannon index) among groups. (E) Principal coordinate analysis (PCoA) based on phylum-level Bray–Curtis distance; post-training period. (F) Comparison of α diversity (Chao1 index) among groups. (G) Comparison of α diversity (Shannon index) among groups. (H) Principal coordinate analysis (PCoA) based on phylum-level Bray–Curtis distance.


At the genus level (Figure 2B and Supplementary Table S2), the principal taxa comprised Prevotella, Bacteroides, Streptococcus, Treponema, Fibrobacter, Clostridium, Ruminococcus, Alistipes, Parabacteroides, and Paludibacter. In the D. Y group, the abundance of Bacteroides and Parabacteroides species was significantly higher than in the D. P group (p < 0.05), and the abundance of Prevotella in the D. Y group was extremely significantly higher than in the D. P group (p < 0.01).



3.3.2 Gut microbiota community structure

To investigate the effects of exercise training on equine gut microbiomes, we analyzed changes in gut microbial communities in two groups of horses during the pre-training phase (Phase A) and post-training phase (Phase D). α-diversity analysis employed the Chao 1 index to measure diversity and the Simpson index to assess evenness. Results indicated no significant differences in fecal microbial community structure or composition among all experimental horses prior to training initiation. After training, although no significant difference in α-diversity was observed between groups, gut microbial community structure analysis based on Bray-Curtis distance and principal coordinate analysis (PCoA) revealed distinct separation of data points from different groups along the PCoA1 and PCoA2 axes, indicating significant intergroup differences. Adonis analysis further validated these findings, yielding an R2 value of 0.191 and a p-value of 0.014 (p < 0.05), confirming significant differences in species diversity between the two groups of horses’ gut microbiomes (see Figures 2C–H).



3.3.3 Differential species of gut microbiota in horses with distinct training outcomes

Metastats analysis of species abundance across taxonomic levels produced heatmaps illustrating differences in microbial composition (Figures 3A,B). Significant variation was identified in 46 species at the phylum level and 200 species at the genus level, with the 30 most abundant genera presented. Notably, Bacteroidota exhibited significantly greater abundance in the D. Y group, whereas Thermotogota displayed markedly higher abundances in the D. P group (Figures 3C,D).
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FIGURE 3
 (A) Heatmap of species abundance differences at the door level. (B) Heatmap of species abundance differences at the genus level; Box plots of differentially abundant species: (C) Bacteroidetes, (D) thermotogota; (E) histogram of LDA score distributions; (F) phylogenetic tree based on LEfSe analysis.


Further characterization of group-specific microbial signatures through LEfSe analysis and phylogenetic mapping (Figures 3E,F) identified Prevotella as the sole genus with a significantly elevated abundance in the D. Y group, with an LDA score exceeding 4. This enrichment suggests that Prevotella may serve as a representative taxonomic indicator associated with enhanced training outcomes. Detailed information on the differences in gut microbiota between the two groups is provided in Supplementary Table S3.




3.4 Effect of conditioning training on microbiome functional gene diversity


3.4.1 KEGG analysis of gut microbiota metagenomic sequencing results

According to KEGG-based functional gene annotations, analysis at the level 2 pathway classification (Figure 4A) revealed that the most abundant functional gene categories in all groups were associated with global and overview maps, followed by metabolic processes such as carbohydrate metabolism and amino acid metabolism. Comparative analysis of level 3 metabolic pathways (Figure 4B) identified 25 pathways exhibiting significant inter-group differences (p < 0.05). Specifically, map00534: Glycosaminoglycan biosynthesis – heparan sulfate/heparin, map00543: Exopolysaccharide biosynthesis, and map04974: Protein digestion and absorption were markedly more prevalent in the D. Y group compared with the D. P group, whereas map00624: Polycyclic aromatic hydrocarbon degradation and map00522: Biosynthesis of 12-, 14-, and 16-membered macrolides were enriched in the D. P group. LEfSe analysis (LDA > 2) (Figure 4C) further indicated that map00534: Glycosaminoglycan biosynthesis – heparan sulfate/heparin and map00190: Oxidative phosphorylation were more enriched in the D. Y group (Supplementary Table S4).
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FIGURE 4
 (A) KEGG metabolic pathway-related functional gene secondary level statistics. (B) Histogram of differentially functional genes. (C) Histogram of KEGG LDA value distribution. (D) Distribution of CAZy carbohydrate-active enzyme genes. (E) Heatmap of CAZy differential functional genes. (F) Histogram of CAZy LDA value distribution. All intergroup comparisons were performed using Student’s t-test. Significance symbols: ns indicates p > 0.05, *p < 0.05, **p < 0.01.




3.4.2 Comparative analysis of carbohydrate-active enzyme functions

Functional gene profiles were annotated using CAZy, with results presented in Figure 4D. At the class level, six categories of carbohydrate-active enzyme genes were identified, among which glycoside hydrolases constituted the largest proportion, followed by glycosyltransferases, carbohydrate-binding modules, carbohydrate esterases, polysaccharide lyases, and auxiliary activities. Heatmaps and LEfSe analysis (LDA > 2) indicated that within the CAZyme gene set, eight genes were enriched in the D. Y group, comprising four GH, two CE, and two CBM genes, whereas 19 genes were enriched in the D. P group, including 14 GH, one GT, two CBM, and two CE genes (Figures 4E,F and Supplementary Table S5).



3.4.3 Cluster analysis of functional relative abundance

Cluster analysis of relative abundance, performed using the EggNOG database, is presented in Figures 5A,B. The D. Y group exhibited the greatest abundance of L genes (Replication, Recombination, and Repair), whereas the D. P group contained the largest number of S genes (Unknown Function). LEfSe analysis (LDA > 2), illustrated in Figure 5C and Supplementary Table S5, revealed an enrichment of M genes (Cell Wall/Membrane/Envelope Biogenesis) in the D. Y group.
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FIGURE 5
 (A) Distribution of EggNOG gene composition. (B) Heatmap of EggNOG differential functional genes. (C) Histogram of EggNOG LDA value distribution. (D) CARD carbohydrate-active enzyme gene composition distribution. (E) CARD overview doughnut chart (see Supplementary Table S5 for details). The dbRDA Results Based on the Genus Level. (F) Eight key indices measured on the right parasternal short axis view; (G) 15 key indices obtained on the right parasternal long axis view; (H) eight cardiac function parameters and competition results. The default value for VIF is 10, and this value must not be less than 0. It is used to exclude environmental factors exhibiting multicollinearity, where a VIF value greater than 10 is typically considered indicative of collinearity.




3.4.4 Analysis based on antibiotic resistance genes

Genes were aligned against the CARD database to identify the 20 most abundant AROs. As illustrated in Figures 5D,E and Supplementary Table S5, the D. Y group exhibited a markedly higher relative abundance of the CfxA2 gene compared with the D. P group, whereas mphA and qacG displayed significantly greater relative abundance in the D. P group than in the D. Y group.




3.5 Correlation analysis between environmental factors and gut microbiota

As shown in Figures 5F–H, at the genus level, among the analyzed cardiac ultrasound indicators, LVFWd, MWTd, and ET showed significant correlations (p < 0.05) with equine gut microbiota, while LV_MASS_I and LVM exhibited extremely significant correlations (p < 0.01). This suggests they may play a crucial role in the relationship between equine cardiac health and gut microbiota structure. Among these, LV_MASS_I exhibited a high R2 value (R2 = 0.5219), indicating its strong explanatory power for gut microbial variation. The variance inflation factor (VIF) values for most cardiac ultrasound parameters were below 10, suggesting minimal multicollinearity issues in this study. This further confirms their stability within the model, demonstrating minimal susceptibility to multicollinearity effects. Specific details are provided in Supplementary Table S6.




4 Discussion


4.1 Correlation between different training outcomes and gut microbiota composition

Horses exhibiting different athletic performances display distinct gut microbiota profiles. Previous research has demonstrated that regular, appropriately structured exercise modifies gut microbial composition and exerts beneficial physiological effects (Yang et al., 2025; Czerwińska-Ledwig et al., 2024). These changes are primarily reflected in the composition of the gut microbiota, specifically in the significant differences in beta diversity observed between horses with varying athletic performance. Training has been linked to an increased abundance of beneficial intestinal taxa and enhanced overall microbial diversity, exercise can alter the composition of athletes’ gut microbiota, SCFA concentrations, and the prevalence of SCFA-producing microorganisms in athletes (Santos et al., 2023). Castro et al. (2021) reported similar exercise-induced alterations in gut microbiota diversity in mice. In the present study, conditioning training induced shifts in both taxonomic and functional gene diversity in equine gut microbiota. Greater inter-individual variation and higher diversity indices were observed in the D. Y group compared with the D. P group. PCoA analysis further demonstrated that post-training microbial community structures differed significantly between groups.

We found that the R2 value of the model before training was only 0.03, while after training it increased to 0.19. Although the R2 value improved post-training, it remained relatively low, potentially due to the consistency of the rearing environment. Since all horses were kept in the same rearing environment before and after training, the impact of environmental factors on gut microbial community structure may have been relatively stable, thereby reducing the model’s ability to explain variability attributable to environmental changes. Before training, as the horses had not yet undergone the training regimen, their gut microbiomes may have been more susceptible to the influence of the rearing environment. These effects might not have been fully captured by the model, leading to the low R2 value. After training, although the rearing environment remained unchanged, the training itself may have exerted an impact on the horses’ gut microbiomes. However, even when training introduced new influencing factors, the R2 value remained low. This suggests that other factors not captured by the model—such as genetic factors and individual variations—may still be influencing the gut microbial community structure.



4.2 Comparative analysis of gut microbiota compositions between groups

Exercise exerts a substantial influence on gut microbiota composition. At the phylum level, both Bacteroidota and Bacillota displayed high abundance. Previous research, including work by Motiani et al. (2020), has demonstrated that training modalities such as sprint interval training (SIT) and moderate-intensity continuous training (MICT) can modulate gut microbiota composition, often increasing the proportion of Bacteroidota. The present results align closely with those observations. Bacteroidota, a major constituent of the human gut microbiota, exhibits strong associations with a healthy microbiome (Tanca et al., 2024). In the current analysis, Bacteroidota abundance in the D. Y group was markedly greater than in the D. P group, potentially reflecting the effect of sustained, structured training in promoting its proliferation. In high-performing racehorses, SCFAs generated by Bacteroidota may enhance glucose synthesis efficiency under comparable training loads, reduce muscle glycogen utilization, and limit lactic acid accumulation, thereby creating a metabolic feedback loop that supports the continued dominance of Bacteroidota. Bacillota contributes to SCFA production through dietary fiber fermentation, which benefits endurance performance (Solouki et al., 2024). The equilibrium between Bacillota (Firmicutes) and Bacteroidota represents a central determinant in exercise-related health outcomes. An elevated Firmicutes/Bacteroidota (F/B) ratio is often associated with adverse metabolic effects (Yu et al., 2019; Hassan et al., 2024), whereas regular exercise—particularly aerobic training—tends to lower this ratio, typically through increased Bacteroidota abundance coupled with moderate reductions in Bacillota (Motiani et al., 2020). In the present study, we observed that the relative abundance of Bacteroidota was significantly higher in the D. Y group compared to the D. P group, while the abundance of Firmicutes was relatively lower. This resulted in a lower Firmicutes-to-Bacteroidota (F/B) ratio of 0.59 in the D. Y group, compared to 0.77 in the D. P group. This finding is in line with existing literature, which suggests that a lower F/B ratio is generally associated with a healthier metabolic status. The microbiota profile observed in the D. Y group may reflect an adaptive response to regular exercise training, which could potentially contribute to enhanced athletic performance and overall health in these animals. At the genus level, the D. Y group showed significantly elevated levels of Parabacteroides, Bacteroides, and Prevotella. Parabacteroides has been recognized as a potential next-generation probiotic. In a study by Yang et al. (2019) comparing gut microbiota in athletes and sedentary individuals, Parabacteroides was more prevalent in athletes and displayed a positive association with average weekly exercise duration. SCFAs, such as succinate, produced by Parabacteroides can enhance skeletal muscle glucose and lipid metabolism through activation of the AMPK pathway, acting synergistically with exercise to improve metabolic function (Frampton et al., 2020). Bacteroides and Prevotella, two core bacterial genera in the gut microbiota, exhibit abundances closely aligned with their functional roles (Mańkowska et al., 2022). According to Morita et al. (2023), exercise-induced acceleration of intestinal motility may increase the availability of mucus-derived polysaccharides as carbon sources, thereby elevating SCFA concentrations and the hepatic expression of gluconeogenesis-related enzymes while reducing hepatic glycogen stores; greater Bacteroides abundance is associated with enhanced endurance performance. Prevotella, characterized by strong carbohydrate fermentation capacity, generates SCFAs such as propionate (Betancur-Murillo et al., 2022). Li et al. (2023) found that the Prevotella abundance in elite racehorses was significantly higher than in non-racehorses (p < 0.05), suggesting an association between this genus and athletic ability. Its enrichment in racehorses may contribute to enhanced athletic performance. In this study, the Prevotella abundance in Group D. Y was significantly higher than in Group D. P (p < 0.05). Its enrichment in Group D. Y may be related to the group’s locomotor capacity and training status, further supporting the role of Prevotella in athletic performance. Y group showed significantly higher Prevotella abundance than the D. P group (p < 0.05). The enrichment in the D. Y group may be related to its athletic ability and training status, further supporting the potential association between Prevotella and athletic performance.



4.3 Potential association between differential microbial communities and enhanced athletic performance

The Metastats analysis revealed that Thermotogota, which was enriched in the D. P group, exhibits efficient carbohydrate catabolism and fermentation capabilities. This results in the production of metabolites such as hydrogen (H₂) and acetic acid (Ma et al., 2022). Excessive dependence on fiber degradation pathways, however, may result in surplus H₂ accumulation, disrupting intestinal redox equilibrium and reducing energy conversion efficiency, thereby impairing sprint capacity (Meng et al., 2022). To further identify taxa with statistically significant variation across training outcomes, LEfSe analysis based on LDA effect size was applied. Prevotella emerged as more abundant in the D. Y group. Previous research by DeVadder demonstrated that Prevotella enhanced host gluconeogenesis via propionic acid-mediated modulation of the gut–liver axis in murine models (De Vadder et al., 2016). In equines, specific Prevotella strains contribute to immune regulation through the production of butyrate and other anti-inflammatory metabolites (Dou et al., 2023). Such modulation mitigates post-exercise inflammation, accelerates recovery, and supports improved athletic output (Nieman et al., 2025).

Metabolic pathway annotation was performed to assess the influence of conditioning training on the functional gene diversity of racehorse microbiota under varying training outcomes. Comparative analyses with the CAZyme, KEGG, and eggNOG databases identified Global and Overview maps as the pathways with the highest relative abundance of functional genes across all groups, reflecting the integral role of microorganisms in systemic metabolism and functional regulation. Existing research indicates that metabolic pathway map00534 participates in tissue repair, angiogenesis, and anti-inflammatory responses by regulating multiple biological processes, including glycosaminoglycan metabolism (Demeter et al., 2024). In our study, the map00534 pathway showed significant enrichment in the D. Y group, potentially linked to this group’s pronounced advantage in the acetyl heparan sulfate synthesis and bacterial extracellular polysaccharide synthesis pathways. These pathways may collectively promote superior athletic performance by protecting the musculoskeletal system (e.g., joints) and maintaining homeostasis of the internal environment. Additionally, our analysis indicates that carbohydrate metabolism and amino acid metabolism also exhibit high activity. Carbohydrate metabolism appears to be a major energy-supplying route in high-performance racehorses, enabling rapid carbohydrate breakdown during intense exertion and ensuring adequate energy delivery for muscle contraction and physical performance (Myćka et al., 2023; Newell et al., 2018). Enhanced amino acid metabolism supports efficient energy conversion, improving nutrient utilization and maintaining energy equilibrium during exercise (Li and Hoppe, 2023). These findings suggest that these metabolic pathways may play a significant role in providing energy for athletic horses. Nonetheless, it is important to acknowledge that the mere presence of these pathways does not guarantee their active involvement in the metabolic processes. Consequently, the proposed link between these pathways and the athletic prowess of horses should be subjected to further experimental scrutiny to validate this hypothesis. In the D. Y group, the significant enrichment of metabolic pathway map00190 was attributed to the key domain of energy metabolism. Oxidative phosphorylation, as the core mechanism for ATP production within cells, enables more efficient utilization of oxygen and various substrates—such as fatty acids and glucose—to generate energy (Zhao and Gao, 2024). Houzelle et al. (2020) investigated the relationship between mitochondrial dynamics and oxidative capacity in human skeletal muscle, categorizing 45 participants into four distinct groups, including a control group and endurance athletes. The study revealed that endurance-trained athletes exhibited the highest levels of mitochondrial density markers. Mitochondrial dynamics were closely associated with oxidative capacity in human skeletal muscle and may play a crucial role in maintaining muscle insulin sensitivity. In our experiments, the map00190 pathway exhibited enrichment in the D. Y group, potentially linked to superior mitochondrial function in these horses, supporting their exceptional performance during high-intensity exercise.

Adjustments in microbial metabolic functions may align with host energy requirements and adaptations to training stimuli. Functional gene comparison with the CAZy database revealed a predominance of glycoside hydrolases, which likely serve as key catalysts in carbohydrate degradation and metabolism, highlighting carbohydrates as a primary energy substrate for the microbiome (Chandel, 2021). Hu et al. (2024) assembled 4,142 metagenomic genomes from equine gut microbiota and identified that the MAG117.bin13 genome contained the highest number of polysaccharide utilization loci (PULs). This indicates its high carbohydrate degradation capacity, with the GH family capable of breaking down complex polysaccharides (cellulose, hemicellulose, etc.) in forage to produce short-chain fatty acids (SCFAs) such as acetate and butyrate. Training may alter the microbiota’s carbohydrate utilization capacity. However, GH89, GH77, GH53, and GH3 have been relatively understudied in humans or animals, and even more scarce in horses. This may stem from differences in expression patterns and biological functions across species, coupled with a lack of in-depth research specifically targeting horses. Future studies should explore the functions and regulatory mechanisms of these enzymes in horses to better understand their roles in equine health and disease. Training can alter the microbiome’s capacity for carbohydrate utilization. However, GH89, GH77, GH53, and GH3 have been relatively understudied in humans and animals, with research in horses being even scarcer. This scarcity may stem from differences in the expression patterns and biological functions of these enzymes across species, coupled with a lack of in-depth studies specifically targeting horses. Future research should therefore focus on exploring the functions and regulatory mechanisms of these enzymes in horses to better understand their roles in equine health and disease.

In our EggNOG analysis, the D. Y group showed a notable abundance of genes in category L. This observation could imply that cells of athletic horses may be subjected to significant physiological stress during training. The cells in the superior group might possess enhanced DNA repair capabilities, potentially contributing to more effective maintenance of genomic stability. During training, tissues such as muscles undergo continuous adaptation and growth, where cell proliferation plays a critical role. DNA replication, recombination, and repair are vital steps in this process. A sufficient number of related genes could ensure smooth cell division and proliferation, providing ample cellular resources for tissue repair and growth (Witkowska-Piłaszewicz et al., 2020), which may support muscle development and overall performance improvement in athletic horses. Antibiotic resistance gene analysis further demonstrated elevated CfxA2 gene abundance in the D. Y group. CfxA2 encodes a β-lactamase capable of hydrolyzing β-lactam antibiotics (e.g., penicillin and cephalosporin), conferring bacterial resistance to these agents (Binta and Patel, 2016). Yokoyama et al. (2023) demonstrated that β-lactamase production in Prevotella was closely associated with the expression of cfxA and cfxA2 genes, aligning with the elevated Prevotella abundance observed in the D. Y group of this study. The substantial presence of the cfxA2 gene suggests that the gut microbiota of elite racehorses may possess heightened antibiotic resistance, potentially influencing overall health status. This enrichment could stem from a combination of factors, including immune modulation, nutrient metabolism, and adaptation to environmental conditions. Elucidation of the precise mechanistic pathways and the consequent health implications warrants further investigation.



4.4 Evaluation of the explanatory power of cardiac structure and function indicators for gut microbiota variation

Based on dbRDA analysis, significant associations were found between LVFWd, MWTd, and ET with gut microbiota (p < 0.05), while LV_MASS_I showed a highly significant association with gut microbial communities (p < 0.01). Notably, LV_MASS_I exhibited a high R2 value of 0.5219 and a VIF value of only 0.002, suggesting its potential as a biomarker for evaluating the structure and function of equine gut microbial communities. Cardiac remodeling may represent a physiological adaptation in athletes resulting from prolonged training (Ochten et al., 2025). LV_MASS_I and LVM could serve as important parameters for evaluating left ventricular hypertrophy. Evidence suggests that sustained training might induce myocardial hypertrophy, potentially promoting the development of the myocardial intercalated disk and myoblasts, thereby possibly increasing left ventricular mass and mass index (Wu et al., 2024). In well-trained racehorses, elevated oxygen and energy demands may require more efficient cardiac output, potentially enhancing left ventricular contractility and further increasing the mass index (Pınar and Sancak, 2018). The present study aligns with this pattern, as the D. Y group exhibited a significantly higher left ventricular mass index compared with the D. P group. In athlete cardiac remodeling research, MWTd is also recognized as a key metric (Christou et al., 2020). The elevated MWTd observed in the D. Y group might indicate structural adaptation of the myocardium to high-intensity training, which could enable more efficient blood ejection and better preservation of cardiac output during exertion (Koenig et al., 2017).

Regular physical training may lead to myocardial remodeling, accompanied by increases in LV_MASS_I and LVM, which could enhance stroke volume and aerobic capacity while potentially modulating gut microbiota composition. This modulation might favor the proliferation of taxa with dietary fiber-fermenting capabilities, such as Prevotella, allowing the utilization of fermentation-derived propionate as a gluconeogenic substrate to stabilize blood glucose and limit muscle glycogen depletion. Evidence suggests that either exogenous propionate supplementation or microbiota-mediated production could markedly extend endurance duration, enhance power output, and reduce biomarkers of exercise-induced fatigue (Carmody and Baggish, 2019). Propionate may further activate AMPK in skeletal muscle and cardiomyocytes, stimulate fatty acid oxidation, delay fatigue onset, limit LPS translocation, attenuate post-exercise inflammatory responses, preserve intestinal barrier function, and protect cardiomyocytes and myofibers against oxidative stress, thereby potentially sustaining the physiological myocardial remodeling induced by exercise (Liu et al., 2024).



4.5 Limitations analysis

This study systematically elucidates the differential effects of training on cardiac remodeling and gut microbiota in Ili horses. Although the sample size of 20 horses is sufficient for preliminary exploratory analysis, it may be inadequate to detect all potential biological differences. Future studies should consider increasing sample size to enhance statistical power and improve the generalizability of results. Host genetic factors and environmental heterogeneity may influence gut microbiota composition and function, thereby altering observed associations. Functional predictions based on metagenomic data inherently carry uncertainty due to the complexity of microbial interactions and limitations of current bioinformatics tools, necessitating experimental validation to confirm accuracy and relevance. Currently, this study collected the most comprehensive set of 31 cardiac indicators available, aiming for preliminary exploratory research into their changes during exercise-induced cardiac remodeling. Therefore, no multiple testing correction was applied. Future studies may identify independent predictors among relevant cardiac variables through variable selection and multivariate regression analysis. Although Prevotella and LV_MASS_I show promise as biomarkers, their specific roles in training adaptation and gut microbial function require further validation. Targeted metabolomics techniques (e.g., measuring short-chain fatty acids in fecal samples) could provide additional insights for metabolic prediction and help validate the functional significance of identified microbial markers, thereby addressing limitations of this study.




5 Conclusion

Metagenomic sequencing demonstrated that gut microbiota composition and functional profiles varied according to training outcomes, with Parabacteroides, Bacteroides, and Prevotella exhibiting significantly higher abundance in the D. Y group compared with the D. P group. Variations in the prevalence of specific taxa may reflect differences in training efficacy. Exercise training concurrently modulated gut microbiota characteristics and cardiac remodeling, thereby enhancing exercise adaptability. Prevotella could emerge as a representative biomarker of training outcome, while LV_MASS_I and LVM showed strong associations with microbial profiles. The proposed “Cardiac-microbiota axis” offers an explanatory framework for individual variability in performance and supports the formulation of evidence-based training strategies and dietary interventions.
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