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Introduction 

Metabolomics is the study of metabolites, which act as intermediates between genotype and 

phenotype. Studies indicate that metabolite levels are influenced by additive genetic 

variation, meaning that they can be inherited. Metabolites reflect biological activity that 

mediates observable traits of the organism and facilitate the identification of biomarkers (Li 

et al., 2020; Razzaq et al., 2022). 

The fecal metabolome partially reflects the ruminal metabolomic profile in Nellore cattle, 

indicating a strong relationship between ruminal fermentation processes and fecal metabolic 

signatures (Malheiros et al., 2021). Furthermore, fecal metabolites were associated with feed 

efficiency traits, highlighting fecal metabolomics as a complementary tool for identifying and 

selecting more efficient animals (Malheiros et al., 2023). 

The integration of genomics and metabolomics enables genomic–metabolomic association 

studies (mGWAS). This approach evaluates the metabolic content of a biological sample as 

phenotypic values, allowing the identification of candidate genes, functional genes associated 

with metabolic physiology, and the elucidation of molecular mechanisms and related 

metabolic pathways (Baron et al., 2023). 

To better understand the physiological mechanisms involved in fecal metabolism, this study 

used integrated genomic and metabolomic data with the objectives to (1) estimate the 

genomic heritability of fecal metabolites in Nellore cattle, (2) identify genomic regions and 

candidate genes associated with variation in the fecal metabolite with the highest heritability, 

and (3) understand the biological functions and gene networks related to this metabolite. 

 

Materials & Methods 

The study was conducted at the Beef Cattle Research Center, Institute of Animal Science, 

Sertãozinho, São Paulo, Brazil. Data from 265 Nellore males, with an average age of 415 ± 

74 days, were used. The animals participated in feed efficiency trials with ad libitum access 

to diet and water for 112 days. During the performance tests, the diets were composed of corn 

silage, Brachiaria hay, sugarcane bagasse, soybean meal, ground corn, mineral premix, salt, 

ammonium sulfate, and urea.  

A total of 3862 animals, including the 265 males evaluated in the feed efficiency trials, were 

genotyped and imputed to the high-density chip (700 k), and pedigree file contained 

information on 4962 animals. Overall genotyping quality was assessed using the genotype 

call rate. Single nucleotide polymorphisms (SNPs) with unknown genomic positions 

according to the ARS-UCD1.2 bovine genome assembly, located on sex chromosomes, 

monomorphic SNPs, those with a minor allele frequency (MAF) lower than 5%, and a call 

rate lower than 90% were excluded. 

Fecal biosamples were collected directly from the rectal ampulla of the 265 animals 

evaluated in the feed efficiency trials, and metabolites were obtained through the acquisition 

of 1H NMR spectra at 298 K using a 14 T Bruker Avance III spectrometer (Bruker BioSpin, 

Rheinstetten, Germany) equipped with a 5 mm PABBO probe and a SampleXpress 
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autosampler. The 1H NMR spectra were processed, and metabolites were identified and 

quantified using Chenomx NMR Suite Professional software version 8.6 (Chenomx Inc., 

Edmonton, AB, Canada). Forty-five metabolites were identified and quantified in mg/dL. For 

each metabolite, values were centered by their mean and scaled by their standard deviation.  

Variance components and heritability for each metabolite were estimated using the single-

step genomic best linear unbiased prediction (ssGBLUP) procedure from the BLUPF90 

family (Misztal et al., 2002). A single-trait animal model was fitted, including fixed effects of 

biosample collection date, animal's age at collection (linear effect) as a covariate, random 

additive genetic effect of animal, including additive relationship matrix genotypes. 

Only the metabolite with the highest heritability was considered for the mGWAS analyses, 

using single-step genome-wide association studies (ssGWAS) (Aguilar et al., 2010). To 

calculate the effects and weights of the SNPs, the iterative process described by Wang et al. 

(2012) was followed. The effects of the markers were obtained by 2 iterations as shown by 

Wang et al. (2012). The percentage of genetic variance explained by the i-th region was 

calculated as described by Wang et al. (2012). Thus, the GWAS results were represented as 

the proportion of variance explained by a genomic window of 100 adjacent SNPs.  

Genomic windows that explained more than 1% of the additive genetic variance for each of 

the studied traits were investigated for their gene content using the Ensembl Biomart tool 

with the Genes 109 database and the ARS-UCD1.2 bovine genome annotation version (Dyer 

et al., 2025). Significant (p<0.05) Gene Ontology terms (GO Biological process, GO 

Molecular function and GO Cellular component) and KEGG pathways (Kyoto Encyclopedia 

of Genes and Genomes) were identified with the Database for Annotation, Visualization and 

Integrated Discovery (DAVID) tool version 2021 (Sherman et al., 2022). 

 

Results 

 

Table 1. Genomic regions that explained at least 1% of the additive genetic variance (Var %) 

for fecal Butyrate in Nellore cattle and genes contained in these regions 

BTA1 
Genomic 

region (Mb) 
Var (%) Protein-coding genes 

28 1.13-1.44 2.76 RAB4A, CCSAP, ACTA1, NUP133 

13 53.80-54.80 2.01 

RGS19, TCEA2, SOX18, PRPF6, SAMD10, ZNF512B, 

UCKL1, DNAJC5, TPD52L2, ABHD16B, ZBTB46, 

SLC2A4RG, LIME1, ZGPAT, ARFRP1, RTEL1 STMN3, 

GMEB2, FNDC11, SRMS, PTK6, PPDPF, EEF1A2, 

KCNQ2, CHRNA4, COL20A1, ARFGAP1, BIRC7, 

YTHDF1, BHLHE23, SLC17A9, GID8, DIDO1, TCFL5, 

COL9A3, OGFR, MRGBP, NTSR1, SLCO4A1, GATA5 

10 91.77-92.58 1.57 TSHR, CEP128, GTF2A1, STON2 

17 32.81-33.43 1.49 ANKRD50 

10 90.30-90.58 1.43 NRXN3 

28 5.03-5.37 1.39 SIPA1L2 

7 3.62-4.03 1.30 
ATP13A1, GMIP, LPAR2, PBX4, CILP2, YJEFN3, TSSK6, 

GATAD2A, MAU2, SUGP1, TM6SF2, HAPLN4, NCAN 

13 38.09-38.91  1.25 
SNX5, MGME1, OVOL2, KAT14, DZANK1, POLR3F, 

RBBP9, SEC23B, SMIM26, DTD1, SCP2D1, SLC24A3 
1BTA: Bos taurus autosome  
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The fecal metabolome included metabolites related to short-chain fatty acids, amino acid 

metabolism, organic acids linked to energy metabolism, nitrogen-containing compounds, 

lipid metabolism, and microbial-derived aromatic compounds. The average heritability (h²) 

across metabolites was 0.15, ranging from 0 to 0.33. Butyrate showed the highest heritability 

(0.33±0.14) and was selected for metabolome-wide genome association analyses (mGWAS). 

The mGWAS identified eight genomic regions explaining between 1.25% and 2.76% of the 

additive genetic variance each, jointly accounting for 13.21% of the additive genetic variance 

for fecal butyrate. Functional enrichment analysis showed that genes in these regions are 

associated with biological processes related to lipid and energy metabolism, mitochondrial 

function, vesicular transport, muscle development, and transcriptional regulation. KEGG 

enrichment indicated pathways including Endocytosis, PI3K–Akt signaling, Protein 

processing in the endoplasmic reticulum, cAMP signaling, Thyroid hormone signaling, and 

Regulation of actin cytoskeleton, highlighting biological functions related to nutrient 

metabolism and cellular regulation. 

 

Discussion 

The moderate heritability observed for fecal butyrate indicates a substantial genetic influence 

on this metabolite. Butyrate is one of the main short-chain fatty acids produced by microbial 

fermentation in the rumen and plays a key role in energy metabolism, epithelial integrity, and 

host metabolic regulation. Therefore, the genetic regulation of butyrate levels may have 

important implications for nutrient utilization and feed efficiency. 

Genes such as CCSAP, ABHD16B, and TM6SF2 may influence the metabolic efficiency of 

adipose tissue, skeletal muscle, and liver, affecting energy utilization, muscle growth, and fat 

deposition (Narayanasamy et al., 2024; Ben-Jemaa et al., 2024). NCAN has been associated 

with serum lipid levels (Deng et al., 2020). RAB4A regulates intracellular trafficking of the 

insulin-regulated glucose transporter GLUT4 and has been associated with intramuscular fat 

development in Wagyu cattle (Hudson et al., 2021). ACTA1 is associated with muscle fiber 

development and protein synthesis (Mulvany-Robbins et al., 2023). COL20A1 has been 

associated with conformation traits in dairy cattle due to its role in collagen formation (Souza 

Júnior et al., 2024). 

Several enriched pathways identified in this study may be linked to butyrate metabolism and 

its biological functions. The PI3K–Akt signaling pathway, associated with COL9A3, plays a 

key role in regulating growth, cellular metabolism, and nutrient utilization. Positively 

regulated members of the PI3K complex increase PI3K–Akt signaling in poultry with high 

feed efficiency (Zhou et al., 2015). The cAMP signaling pathway, related to TSHR, plays a 

role in lipid metabolism and has been implicated in variation of interstitial fat content in 

Nellore cattle (Dos Santos Silva et al., 2019). 

Genetic variation affecting butyrate concentration may influence host–microbiome 

interactions, fermentation efficiency, and dietary energy utilization, since butyrate acts as an 

energy source for epithelial cells and modulates nutrient absorption, immune response, and 

lipid metabolism. 

 

Conclusions 

Fecal butyrate showed moderate heritability, indicating potential for genetic selection. The 

identified genomic regions and candidate genes are associated with biological processes 

related to energy metabolism, lipid metabolism, and muscle development, supporting the 

potential role of butyrate as an intermediate phenotype in beef cattle breeding. However, the 

direction of the relationship between fecal butyrate levels and feed efficiency remains 

unclear, and further studies are needed to determine whether selection should favor higher or 

lower butyrate concentrations. 
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