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Abstract
Early postnatal growth is a critical determinant of meat production efficiency and long-term genetic improvement 
in goats; however, the molecular mechanisms underlying individual variation in growth performance remain poorly 
understood. In this study, a total of 123 Hechuan white goats were included. First, a genome-wide association 
study (GWAS) for average daily gain (ADG) was performed using all 123 individuals. Subsequently, based on 
the coefficient of variation of ADG (CV = 65.6%), an extreme phenotype sampling (EPS) strategy was applied to 
select 39 individuals with extreme growth phenotypes for subsequent metabolomic, microbiome, and integrated 
mGWAS analyses.The results showed that ADG approximately followed a normal distribution across the 123 
goats. GWAS identified 22 loci significantly associated with ADG, mapping to genes including DLK1, NCAPG2, 
LCORL, CNTNAP2, and SLC8A1, which are involved in pathways related to skeletal muscle development, cell cycle 
regulation, ion transport, and immune function. Metabolomic profiling detected 1,589 putative metabolites, 
revealing differential enrichment of lipid, amino acid, and bile acid metabolic pathways between fast- and slow-
growing goats. Gut microbiome analysis demonstrated that Christensenellaceae_R-7_group and Monoglobus 
were significantly enriched in fast-growing individuals, whereas Desulfovibrio was more abundant in slow-growing 
goats.Integrated mGWAS analysis further revealed extensive effects of host genetic variation on gut microbiota 
and fecal metabolites. Specifically, 11 bacterial genera were significantly associated with host genomic variants, 
among which Desulfovibrio exhibited the highest number of associated loci. Integration of multiple variant types 
consistently linked Desulfovibrio, Eubacterium_hallii_group, and Candidatus_Saccharimonas with genes such 
as ARHGAP24 and IGF2BP2. In addition, 14 metabolites were significantly associated with host genetic variants, 
with Lysopc(14:1(9Z)/0:0) and glycocholic acid showing the strongest associations. Notably, the peak signal for 
Lysopc was located within HMGA2.Collectively, these findings define a coordinated host genome–gut microbiota–
metabolite network underlying early growth variation in goats and provide a mechanistic foundation for precision 
breeding and targeted nutritional strategies in goat production systems.
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​​Introduction
The goat industry plays an important role in global ani-
mal production systems, supplying meat, milk, and 
fiber, while supporting income generation in many rural 
regions [1]. The Hechuan white goat is a representative 
indigenous breed in southwest China and has become 
closely linked to local agricultural development and rural 
revitalization initiatives. However, because breeding pro-
grams have historically relied on extensive management 
with limited structured genetic selection, the popula-
tion shows considerable variation in productive perfor-
mance and slow overall genetic progress. Improving the 
genetic basis of key economic traits is therefore necessary 
to enhance productivity and sustain competitiveness. 
Among these traits, average daily gain (ADG) is one of 
the most informative indicators of growth performance, 
as it directly influences feeding duration, feed efficiency, 
and production costs, making it a practical target for 
genetic improvement [2]. Growth rate during early life is 
particularly important, as it affects weaning weight, feed 
conversion efficiency, subsequent growth potential, car-
cass traits, and ultimately economic returns [3, 4]. For 
these reasons, understanding the biological mechanisms 
that regulate early growth has become a priority in rumi-
nant breeding research.

With advances in high-throughput genotyping, 
genome-wide association studies (GWAS) have emerged 
as a pivotal approach for exploring the genetic archi-
tecture of complex traits. By associating dense single 
nucleotide polymorphism (SNP) markers with pheno-
typic variation, GWAS facilitates the identification of 
genomic regions and candidate genes influencing eco-
nomically important traits [5, 6]. This approach has been 
successfully applied to traits such as milk yield in cattle 
[7], muscle development in pigs [8] and egg weight in 
chickens [9], illustrating its value for livestock improve-
ment programs [10, 11]. In goats, GWAS has uncovered 
loci linked to horn type, meat quality and growth-related 
traits [12, 13]. In addition to GWAS, runs of homozygos-
ity (ROH) analysis provides essential metrics regarding 
population structure, inbreeding levels, and historical 
selection. ROH-based approaches have been applied to 
identify genomic regions linked to growth, reproduc-
tion, and coat color in local goat populations, offering 
practical insights for both conservation and breeding 
strategies [14–16]. Nevertheless, growth is a multifac-
eted trait that cannot be fully explained by host genomic 
variation alone. Increasing evidence suggests that growth 
outcomes reflect interactions between host genetics and 
environmental factors, among which the gut microbiota 
plays a central role. The gut microbiota—comprising bac-
teria, fungi, viruses, and archaea—is often characterized 
as the host’s “second genome” due to its profound impact 
on systemic metabolism and physiological functions [17, 

18]. Microbial community composition is influenced by 
host genotype, diet, and management conditions, and in 
turn affects nutrient utilization, immune function, and 
growth performance [19–21]. In ruminants, several stud-
ies have reported associations between gut microbial 
composition and growth-related traits [22–24], including 
differences in weaning weight observed in Hainan black 
goats [25].

Metabolomics provides an additional layer of infor-
mation by capturing small-molecule metabolites that 
represent the downstream output of host and microbial 
activity. These metabolic profiles integrate the effects of 
genetic background, diet, and microbial metabolism, and 
have been increasingly used in livestock studies focus-
ing on nutrition, health, and meat quality [26–29]. As a 
result, combining genomic, microbiome, and metabolo-
mic data offers a systems-level perspective for investigat-
ing the mechanisms linking genotype to phenotype.

In the present study, an integrative multi-omics 
approach was applied to the Hechuan white goat popu-
lation elucidating the biological mechanisms underlying 
early growth performance. Specifically, GWAS was con-
ducted to identify loci associated with ADG during the 
early growth period and screened candidate SNPs and 
genes. In parallel, we characterized the fecal microbiota 
and metabolomic profiles, employing correlation and 
integrative association analyses to identify microbial taxa 
and metabolic pathways associated with average daily 
gain (ADG). Subsequently, mGWAS was utilized to link 
these ADG-associated gut microbial and metabolic sig-
natures to host genetic variants. Ultimately, this study 
aims to provide mechanistic insights into early growth 
regulation, thereby supporting precision breeding and 
nutritional management strategies for goats.

Materials and methods
Experimental animals and sample collection
A total of 123 Hechuan white goats were selected as 
experimental subjects. Blood samples were collected for 
genomic DNA extraction from a conservation popula-
tion at Chongqing Yinghe Agricultural Science and Tech-
nology Co., Ltd., China (106.171° E, 29.954° N). Before 
weaning, all kids were reared under natural suckling con-
ditions with their dams. After weaning at 60 days of age, 
they were transferred to an indoor housing system and 
provided ad libitum access to a standardized basal diet 
and high-quality forage.

Body weight (BW) was recorded at 60 and 90 days of 
age. Average daily gain (ADG, g/day) for the early growth 
period (60–90 days) was calculated as: ADG = (BW₉₀ - 
BW₆₀) / 30. The normality of ADG distribution was 
assessed using the Shapiro-Wilk test and visualized via 
histogram. Pearson correlation analysis was performed 
between ADG (60–90 days) and subsequent BW at 2–3, 
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6, and 9 months of age. Statistical significance was set at 
P < 0.05. All statistical analyses and visualizations (scatter 
plots with linear regression) were conducted in R (v4.4.1) 
using the ggplot2 and ggpubr packages.

To capture biological extremes for integrative multi-
omics analysis, a subset of 39 kids was selected from the 
initial cohort (n = 123). Selection was primarily based on 
sex-specific ADG rankings. Additional criteria included 
high sample quality, complete metadata, and availabil-
ity for matched multi-omics profiling. The selected ani-
mals were classified into four groups: Fast-growing males 
(M_F, n = 10, ADG > 120  g/day), Fast-growing females 
(F_F, n = 10, ADG > 110  g/day), Slow-growing males 
(M_S, n = 10, ADG < 40  g/day), Slow-growing females 
(F_S, n = 9, ADG < 35 g/day).

After overnight fasting, blood samples (approximately 
5 mL) were collected via jugular venipuncture from all 
123 animals, immediately aliquoted, and stored at − 80 °C 
for genomic DNA extraction. From the selected subset of 
39 kids exhibiting extreme growth phenotypes, matched 
fresh fecal samples were aseptically obtained by rectal 
collection directly into sterile cryovials, snap‑frozen in 
liquid nitrogen within 5 min, and maintained at − 80  °C 
for subsequent microbiome profiling (16  S rRNA gene 
sequencing) and metabolomic analysis. Prior to sampling, 
all animals were confirmed to be clinically healthy, with 
no history of antibiotic administration or clinical signs of 
infectious disease. All animal procedures were approved 
by the Laboratory Animal Ethics Committee of South-
west University (Approval No. IACUC‑20240710‑06) 
and performed in strict accordance with the committee’s 
guidelines for the care and use of laboratory animals.

Whole-genome sequencing and data processing
Genomic DNA was extracted from whole blood using 
the TaKaRa Universal DNA Extraction Kit following 
the manufacture instructions, and DNA concentration 
was measured using a NanoDrop™ One spectrophotom-
eter (Thermo Fisher Scientific, USA). DNA integrity was 
assessed by 1% agarose gel electrophoresis. Sequencing 
libraries were constructed using the Annoroad® Uni-
versal DNA Library Prep Kit v2.0 (Illumina®, USA) and 
sequenced on a DNBSEQ-T7 platform (BGI, China) to 
generate whole-genome data.

Raw reads were quality filtered using Fastp (v0.20.1) 
[30] to obtain clean reads with the following parameters: 
sliding‑window trimming (4 bp, mean quality ≥ Q15), 3 
bp trimming from both ends, and minimum read length 
of 40 bp. Filtered reads were aligned to the goat refer-
ence genome (Capra_hircus ARS1.2) using BWA-MEM2 
(v2.2.1) [31] to generate BAM files.Subsequently, the 
resulting BAM files were sorted, PCR duplicates were 
removed, and the final alignments were indexed using 
Samtools (version 1.17) [32].

Single nucleotide polymorphisms (SNPs) and small 
insertions/deletions (InDels) were identified using the 
GATK (v4.5.0.0) [33] ‘Best Practices’ pipeline with base 
quality recalibration (BQSR). Raw variants were sub-
jected to hard filtering using the following thresholds: for 
SNPs, QD < 2.0, FS > 60.0, MQ < 40.0, and SOR > 3.0; 
for indels, QD < 2.0, FS > 200.0, and SOR > 10.0. Vari-
ants tagged as low-quality (LowQual) were excluded. For 
downstream analyses, the variant set was further filtered 
to retain only those with a genotype call rate > 90% and a 
minor allele frequency (MAF) > 0.05.

Copy number variations (CNVs) were detected using 
CNVcaller [34] with a sliding window size of 1,000 bp 
and a step size of 500 bp. CNV regions (CNVRs) were 
determined based on copy number status, window dis-
tribution, and correlations between adjacent windows. 
Finally, CNVRs not anchored to specific chromosomes 
were excluded from downstream analyses.

Structural variants (SVs) were detected using a con-
sensus approach across three independent callers: Manta 
(v1.6.0) [35] Lumpy (v0.2.13) [36], and Delly (v1.1.7) [37]. 
All methods were performed using default parameters. 
High-confidence SVs were defined as those identified by 
at least two callers and merged using SURVIVOR (v1.0.3) 
[38] with a maximum breakpoint distance of 1000 bp, 
consistent SV type and strand orientation, and a mini-
mum size of 50 bp.

The final, high-confidence variant sets (SNPs, InDels, 
CNVs, and SVs) were used as input for subsequent 
genome-wide association studies (GWAS).

To integrate CNVs and SVs into the GWAS framework, 
CNVs were encoded as ordinal variables based on copy 
number status: 0 (homozygous deletion), 1 (heterozygous 
deletion or duplication), and 2 (homozygous duplication). 
For complex multi-allelic CNV states, a letter-based 
scheme (A–J) was applied. SVs were encoded as binary 
variables: 0 (absence) and 1 (presence), with specific let-
ter assignments for each variant type (inversion, dele-
tion, duplication, insertion, translocation). The complete 
replacement rules are provided in Supplementary Table 
S1.

Genome-wide association analysis and candidate gene 
annotation
A genome‑wide association study (GWAS) for average 
daily gain was conducted using the multi‑locus mixed 
model (MLMM) implemented in GAPIT3 [39]. The 
model included sex as a fixed effect and incorporated a 
genomic relationship matrix (derived from autosomal 
genetic variants) as a random effect to account for popu-
lation stratification. The MLMM procedure iteratively 
identified significant Genetic variants as covariates until 
no new Genetic variants met the genome‑wide signifi-
cance threshold (Bonferroni‑corrected P < 0.05/N, where 
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Microbiome analysis and data processing
Fecal microbial DNA was extracted with the E.Z.N.A.® 
Soil DNA Kit (Omega Bio‑tek, USA) following the man-
ufacturer’s protocol. DNA integrity was evaluated by 
1% agarose gel electrophoresis and concentrations were 
measured using a NanoDrop 2000 spectrophotometer 
(Thermo Scientific, USA). The V3–V4 hypervariable 
region of the bacterial 16S rRNA gene was amplified 
using primers 338F_806R (F: 5’-​A​C​T​C​C​T​A​C​G​G​G​A​G​G​
C​A​G​C​A​G​-3’, R: 5’-​G​G​A​C​T​A​C​H​V​G​G​G​T​W​T​C​T​A​A​T​-3’) 
[41] in a 20 µL PCR system containing 10 ng of template 
DNA, 4 µL of 5× TransStart FastPfu buffer, 2 µL of 2.5 
mM dNTPs, 0.8 µL of each primer (5 µM), and 0.4 µL of 
TransStart FastPfu DNA polymerase. PCR cycling con-
ditions were: 95 °C for 3 min; 27 cycles of 95 °C for 30 
s, 55 °C for 30 s, 72 °C for 30 s; final extension at 72 °C 
for 10 min. Amplicons were purified with a gel extraction 
kit (YuHua, China) and quantified with a Qubit 4.0 Fluo-
rometer (Thermo Fisher Scientific). Libraries were pre-
pared with the NEXTFLEX® Rapid DNA‑Seq Kit (Bioo 
Scientific, USA) and sequenced on an Illumina NextSeq 
2000 platform (2 × 150 bp).

Raw reads were quality‑filtered with Fastp (v0.19.6) 
to trim low‑quality bases (quality score < 20) in a slid-
ing 50‑bp window and discard reads shorter than 50 bp 
or containing ambiguous nucleotides. Paired‑end reads 
were merged using FLASH (v1.2.11; minimum overlap 
10 bp, maximum mismatch ratio 0.2). Operational taxo-
nomic units (OTUs) were clustered at 97% similarity 
using the UPARSE pipeline, and chimeric sequences were 
removed with UCHIME. Alpha‑diversity indices (Chao1, 
Shannon) were calculated in Mothur [42] and compared 
between groups using the Wilcoxon rank‑sum test. 
Beta‑diversity was assessed with Bray–Curtis distances, 
visualized by principal coordinates analysis (PCoA), and 
tested by permutational multivariate analysis of variance 
(PERMANOVA; 999 permutations) at P < 0.05. Differen-
tially abundant taxa were identified with linear discrimi-
nant analysis effect size (LEfSe) using a logarithmic LDA 
score threshold > 2.0.

Integrative host–microbiome–metabolome analysis
Genus-level microbial taxa exhibiting significant differ-
ential relative abundance and metabolites with VIP > 1, 
P < 0.05, and FC > 1.5 were treated as quantitative traits 
for microbial/metabolite GWAS (mGWAS). mGWAS 
was performed using the MLMM implemented in 
GAPIT3 with Bonferroni correction (P < 0.05/N, where 
N represents the number of effective Genetic variants). 
Genes located within ± 0.5 Mb of the significant loci were 
annotated to identify host candidate genes associated 
with specific microbial taxa or metabolites.

N is the number of tested Genetic variants). Protein‑cod-
ing genes within ± 0.5 Mb of significant Genetic variants 
were defined as positional candidates. Candidate genes 
were annotated using ANNOVAR [40]. Gene Ontology 
(GO) biological process terms and Kyoto Encyclopedia 
of Genes and Genomes (KEGG) pathway enrichment 
analyses were carried out using KOBAS ​(​​​h​t​t​p​:​/​/​k​o​b​a​s​.​c​b​
i​.​p​k​u​.​e​d​u​.​c​n​/​​​​​)​. Enrichment significance was tested using 
the hypergeometric test, and P‑values were adjusted for 
multiple testing using the Benjamini‑Hochberg false dis-
covery rate (FDR) method. Terms and pathways with an 
FDR‑adjusted P‑value < 0.05 were considered statistically 
significant.

Metabolomic analysis and data processing
Fecal metabolomic profiling was performed using an 
ultra-high-performance liquid chromatography-Q Exac-
tive HF-X system (Thermo Fisher Scientific). Metabolites 
were extracted from 50 mg of feces using 80% methanol 
containing 2-chloro-L-phenylalanine as an internal stan-
dard, with quality control samples prepared from pooled 
aliquots of all samples. Chromatographic separation was 
carried out on an ACQUITY UPLC HSS T3 column 
(100 × 2.1 mm, 1.8 μm) with a mobile phase consisting of 
(A) 5% acetonitrile containing 0.1% formic acid and (B) 
acetonitrile/isopropanol (1:1, v/v) containing 0.1% formic 
acid at a flow rate of 0.40 mL/min. Mass spectrometry 
data were acquired in both positive and negative electro-
spray ionization modes (m/z 70–1050) with data-depen-
dent MS/MS acquisition.

After peak detection and alignment, features with 
> 20% missing values within any experimental group were 
removed. Missing values were imputed using the half-
minimum method. Data were normalized by total ion 
current, and features showing relative standard devia-
tion > 30% in quality control samples were excluded 
before log10 transformation. Metabolite annotation was 
performed by matching accurate mass (tolerance ± 5 
ppm) and MS/MS spectra against the Human Metabo-
lome Database (HMDB,http://www.hmdb.ca) and Metlin 
database (https://metlin.scripps.edu). Orthogonal par-
tial least squares discriminant analysis (OPLS-DA) was 
conducted using the ropls R package, with model valid-
ity assessed via cross-validation. Differential metabolites 
were identified based on variable importance in projec-
tion (VIP) > 1, fold change (FC) > 2, and false discovery 
rate-adjusted P < 0.05. Pathway enrichment analysis was 
performed using over-representation analysis against 
the Kyoto Encyclopedia of Genes and Genomes (KEGG) 
database, with significance defined as false discovery 
rate < 0.05.

http://kobas.cbi.pku.edu.cn/
http://kobas.cbi.pku.edu.cn/
http://www.hmdb.ca
https://metlin.scripps.edu
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Results
Early growth traits and body weight correlations in 
hechuan white goats
Analysis of average daily gain (ADG) in 123 Hechuan 
white goat kids revealed an approximately normal dis-
tribution across the population (Fig. 1A), indicating that 
this trait was well suited for subsequent GWAS. Correla-
tion analyses demonstrated that the average daily gain for 
samples aged 2–3 months showed a significant positive 
correlation with their body weights at 6 and 9 months of 
age. (Fig. 1B–D). These results indicate that growth per-
formance during the early post-weaning period is likely 
linked to later body weight, suggesting that ADG may 
serve as a reliable indicator for early selection in breeding 
programs.

Association of SNPs, InDels, CNVs, and SVs with early post-
weaning ADG in Hechuan white goats
GWAS identified genetic variants significantly associated 
with ADG during the early growth phase in Hechuan 
white goats. To establish the genetic basis for this analy-
sis, we performed whole-genome resequencing. Follow-
ing stringent quality control and variant calling, a total of 
3,637,201 high-confidence variants were detected across 
the genome. This comprehensive variant set comprised 
2,358,515 single nucleotide polymorphisms (SNPs), 

1,206,297 insertions and deletions (InDels), 59,164 copy 
number variation (CNV) regions, and 13,225 structural 
variants (SVs), with an average sequencing data yield of 
approximately 18.29 Gb per individual (Supplementary 
Table S2). Subsequent GWAS results based on these 
respective variant types are detailed below.

 	• SNP Analysis: Four SNPs were significantly 
associated with ADG and located on chromosomes 
1, 2, 13, and 25 (Fig. 2A). Among them, 
chr2:59,803,820 was located within an intronic 
region of CNTNAP5 (P = 6.85 × 10⁻²⁰, MAF = 0.446), 
and chr25:7,550,971 was located within an intron of 
PMM2 (P = 2.80 × 10⁻¹⁸, MAF = 0.314). The remaining 
two significant SNPs were mapped to chromosomes 
1 and 13.

 	• CNV Analysis: Eight CNVRs were significantly 
associated with ADG and distributed across 
chromosomes 4, 7, 8, 11, 17, 21, and 22 (Fig. 2B). 
Notably, chr4:522,001–532,000 encompassed 
NCAPG2 (P = 1.32 × 10⁻¹¹, MAF = 0.430), while 
chr21:64,976,001–64,978,000 overlapped DLK1 
(P = 7.53 × 10⁻¹⁶, MAF = 0.145). Additional CNVRs 
contained genes such as TLR4 and SLC8A1.

 	• InDel Analysis: Five InDels were significantly 
associated with ADG and located on chromosomes 

Fig. 1  Distribution of average daily gain and its correlations with body weight traits in Hechuan white goat kids during 60–90 days of age. (A) Density 
curve of average daily gain distribution. (B-D) Scatter plots of correlations between average daily gain and body weight at (B) 3, (C) 6, and (D) 9 months 
of age
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1, 4, 10, 16, and 26 (Fig. 2C). Notably, 
chr4:10,470,783 was located within an intron 
of CNTNAP2 (P = 2.21 × 10⁻¹⁰, MAF = 0.236), 
and chr10:97,991,557 mapped to an intronic 
region of KCNN2 (P = 1.38 × 10⁻¹³, MAF = 0.186). 
The remaining InDels were distributed across 
chromosomes 1, 16, and 26.

 	• SV Analysis: Five candidate SV regions 
associated with ADG were identified on 
chromosomes 12, 13, 17, 18, and 25 (Fig. 2D). 
For example, chr25:41,188,671 overlapped SDK1 
and CARD11 (P = 1.91 × 10⁻⁶, MAF = 0.241), 
whereas chr17:42,399,750 was located between 
LOC108637878 and TRNAS-GGA_85 
(P = 2.42 × 10⁻⁹, MAF = 0.417).

Taken together, these results (Supplementary Table S3) 
indicate that multiple forms of genomic variation con-
tribute to early growth performance, highlighting a com-
plex genetic architecture underlying ADG.

Furthermore, functional enrichment analysis was per-
formed to explore the biological roles of the candidate 
genes. KEGG pathway enrichment analysis revealed that 

a total of 8 differentially candidate genes were mapped 
to 55 KEGG pathways, among which 15 pathways were 
significantly enriched. These mainly included the NF-κB 
signaling pathway, Hippo signaling pathway-multiple 
species, as well as pathways related to physiological 
regulation, such as insulin secretion and cardiac muscle 
contraction. In addition, the Hippo signaling pathway 
(involving genes such as WTIP) and the amino sugar and 
nucleotide sugar metabolism pathway (involving genes 
such as PMM2) were also significantly enriched (Fig. 2E, 
Supplementary Table S4).

GO enrichment analysis indicated that 15 candi-
date genes were associated with 289 GO terms, among 
which 214 terms were significantly enriched. The sig-
nificantly enriched GO terms primarily involved bio-
logical processes, molecular functions, and cellular 
components related to ion channel regulation, nervous 
system function, and immune response.Notable specific 
terms included ion transport, neuronal cell body, and 
regulation of cardiac muscle contraction by calcium ion 
signaling (Fig. 2F, Supplementary Table S5).

Fig. 2  Genome-wide association and functional enrichment analysis for early growth traits in Hechuan white goats. Manhattan plots showing genomic 
variants significantly associated with ADG, including SNPs(A), CNVRs(B), InDels(C), and SVs(D). (E) Top 20 significantly enriched KEGG pathways. (F) Top 20 
significantly enriched GO terms
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Differential fecal metabolites reflect early growth rate in 
Hechuan white goats
Metabolite annotation was performed based on two 
confidence levels: B(i) (highest accuracy, exact MS/MS 
match using an in-house library) and B(ii) (exact MS/
MS match using in silico spectra from public/theoreti-
cal databases). Results were filtered to retain only those 
with a B(i) score > = 35 or a B(ii) score > = 40.Based on the 
aforementioned criteria, untargeted metabolomic profil-
ing identified a total of 1,589 tentative metabolite. OPLS-
DA analysis revealed clear separation between fast- and 
slow-growing males (M_F vs. M_S) and females (F_F vs. 
F_S) (Fig.  3A, B), indicating that early growth rate sub-
stantially influences the metabolic profile. In males, 252 
metabolites exhibited significant differential abundance 
(111 upregulated, 141 downregulated), whereas 208 
differential metabolites were detected in females (119 
upregulated, 88 downregulated) (Fig.  3C, D, Supple-
mentary Table S6). HMDB classification indicated that 
these metabolites mainly belonged to alkaloids, lipids 
and lipid-like molecules, organic acids and derivatives, 
amino acids, and phenylpropanoids. A total of 82 metab-
olites were shared between sexes, whereas the remaining 
metabolites exhibited sex-specific patterns (Fig. 3E).

KEGG pathway enrichment revealed that differential 
metabolites in males (49 metabolites) mapped to 100 
pathways, predominantly metabolic pathways (62 path-
ways). Secondary pathway analysis indicated enrich-
ment in lipid metabolism, amino acid metabolism, 
secondary metabolite biosynthesis, and digestive system 
pathways (Fig.  3F). After FDR correction, 12 pathways 
were remained significant (P adjust < 0.05), including 
choline metabolism, cholesterol metabolism, and fat 
digestion and absorption (Fig. 3H). In females, 48 differ-
ential metabolites were enriched in 109 pathways, mainly 
involving secondary metabolite biosynthesis, amino acid 
metabolism, and membrane transport (Fig.  3G). FDR 
correction identified 12 significantly enriched pathways 
(P adjust < 0.05), including flavonoid degradation, ABC 
transporters, and pyrimidine metabolism (Fig.  3I, Sup-
plementary Table S7).

Gut microbiome profiling in relation to early growth of 
goat
Alpha- and beta-diversity analyses were conducted 
to evaluate gut microbial differences between growth 
groups (Table 1). At the genus level, fast-growing males 
(M_F) exhibited higher species richness (Sobs index) and 
a trend toward greater community diversity (Shannon 
index) compared to slow-growing males (M_S), although 
differences were not statistically significant. In females, 
fast-growing individuals (F_F) showed a significantly 
higher Shannon indices and a lower Simpson indices 

than slow-growing females (F_S) (P < 0.05), indicating 
elevated diversity and more even microbial communities.

Beta-diversity analysis based on Bray-Curtis distances 
revealed limited separation between M_F and M_S 
groups (Fig.  4A), whereas F_F and F_S displayed clear 
segregation along principal coordinates, with F_F sam-
ples forming a tighter cluster (Fig. 4B). Microbial compo-
sition analysis at the genus level showed that all groups 
were dominated by Christensenellaceae_R-7_group, 
unclassified_f__Lachnospiraceae, norank_o__Clostridia_
UCG-014, and UCG-005, with relative abundances rang-
ing from 7.79 to 12.16%, 8.39–11.99%, 5.14–8.40%, and 
8.43–10.22%, respectively (Fig. 4C, D).

Differential abundance analysis using the Wilcoxon 
rank-sum test identified 10 genera that differed sig-
nificantly between the M_F and M_S groups.Genera 
such as Marvinbryantia, norank_f__Flavobacteriaceae, 
norank_f__Eubacterium_coprostanoligenes_group, Acet-
itomaculum, dga-11_gut_group, Dorea, and Lachnospi-
raceae_NK3A20_group were enriched in M_F (P < 0.05), 
whereas Subdoligranulum, Eubacterium_hallii_group, 
and Candidatus_Saccharimonas were more abundant in 
M_S (Fig.  4E, Supplementary Table S8). In females, 10 
genera exhibited significant abundance changes between 
F_F and F_S. Genera including norank_f__Ruminococca-
ceae, Family_XIII_AD3011_group, norank_f__UCG-010, 
Eubacterium_coprostanoligenes_group, Rikenella-
ceae_RC9_gut_group, Monoglobus, and UCG-009 were 
enriched in F_F (P < 0.05), whereas norank_f__Muribacu-
laceae, Blautia, and Desulfovibrio were more abundant in 
F_S (P < 0.05) (Fig. 4F, Supplementary Table S9).

Host genome–microbiome and metabolome associations 
via mGWAS
Based on the 16S rRNA gene sequencing of the gut 
microbiota from 39 extreme individuals to elucidate the 
regulatory basis of early growth traits.

Microbiome–host genome associations
To investigate the interplay between gut microbiota and 
host genetic variation, metagenome-wide association 
studies (mGWAS) were performed using early growth-
differentiated individuals (Fig.  5A, Supplementary Table 
S10).

 	• SNP Analysis: identified 11 bacterial genera with 
significant host-genome associations. Desulfovibrio 
showed the highest number of associated loci (8 
SNPs), distributed across seven chromosomes (5, 6, 
10, 11, 12, 21, and 29). These SNPs implicated genes 
involved in inflammatory and metabolic regulation, 
including ARHGAP24, DPH6, FANCL, and 
ATP12A.Eubacterium_hallii_group was associated 
with 4 SNPs located on chromosomes 1, 6, 11, and 
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23, mapping to LEKR1 and NRXN1.Subdoligranulum 
was linked to 3 SNPs spanning chromosomes 1, 7, 
and 14, which included HUNK.

 	• InDel Analysis: identified significant associations 
for 9 bacterial genera. Eubacterium_hallii_group 
exhibited the highest number of InDels (6), 

distributed across chromosomes 2, 4, 9, 10, 14, 
and 24, involving genes DPP6 and IQGAP2. 
Monoglobus and norank_f__Ruminococcaceae 
each carried 4 InDels, with Monoglobus variants 
mapping to PLXNA4 and UNC79. Desulfovibrio and 

Fig. 3  Metabolic profiling and pathway enrichment analysis associated with growth rate in Hechuan white goats. (A) OPLS-DA score plot of the male 
group (M_F vs. M_S). (B) OPLS-DA score plot of the female group (F_F vs. F_S). (C) Volcano plot of differential metabolites in the male group. (D) Volcano 
plot of differential metabolites in the female group. (E) Venn diagram of shared and sex-specific metabolites. (F) KEGG level 2 pathway classification in 
the male group. (G) KEGG level 2 pathway classification in the female group. (H) Significantly enriched KEGG pathways in the male group. (I) Significantly 
enriched KEGG pathways in the female group. M_F: fast-growing males, M_S: slow-growing males, F_F: fast-growing females, F_S: slow-growing females
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Marvinbryantia were associated with 3 InDels each, 
the latter including gene MALT1.

 	• CNV Analysis: revealed significant copy-number 
variations associated with 11 bacterial genera. 
Candidatus_Saccharimonas exhibited the most 
extensive CNV associations (8 regions), spanning 
chromosomes 1, 4, 5, 11, 14, 16, and 22, and 
implicating key genes including IGF2BP2, ATXN10 
and DHX30. norank_f__Ruminococcaceae was linked 
to 7 CNV regions across chromosomes 1, 4, 9, 11, 
13, and 23, involving genes such as STARD3NL and 
CADM2. norank_f__UCG-010 showed 5 CNV hits 
on chromosomes 7, 14, 22, and 29, with associations 
near ATP6V0D2 and ZCWPW2.

 	• SV Analysis: identified structural variants 
associated with 13 bacterial genera. norank_f__
Flavobacteriaceae exhibited the most extensive SV 
associations (8 regions), spanning chromosomes 1, 
5, 6, 11, 15, and 16, and implicating genes such as 
NAALADL2 and DDX10. Desulfovibrio was linked 
to 7 SV regions across chromosomes 1, 7, 17, 18, 
21, and 24, including TOMM70 and ARHGAP24. 
norank_f__UCG-010 showed 6 SV hits on 
chromosomes 1, 2, 6, and 18, involving genes TECRL 
and LNX1.

Integration across the four types of genomic variation 
(SNP, InDel, CNV, and SV) indicated that Desulfovibrio, 
Eubacterium_hallii_group, and Candidatus_Saccharimo-
nas consistently exhibit strong host genomic associa-
tions, implicating genes such as ARHGAP24, DPH6, 
FANCL, ATP12A, LEKR1, NRXN1, HUNK, and IGF2BP2, 
providing comprehensive evidence of host–microbe 
interactions.

Host genome–fecal metabolite associations
Metagenome-wide association analysis revealed exten-
sive correlations between host genetic variants and fecal 
metabolites. Fourteen metabolites exhibited significant 
associations across different types of genomic variation. 
SNPs displayed the most widespread associations, with 8 
metabolites linked to 29 significant loci; InDels involved 
2 metabolites and 6 loci; CNVs encompassed 7 metabo-
lites across 21 regions; and SVs were associated with 9 

metabolites across 22 regions (Fig.  5B, Supplementary 
Table S11).

 	• SNP Analysis: Lysopc(14:1(9Z)/0:0) exhibited the 
strongest and highest number of SNP associations (7 
loci), with the peak signal located within HMGA2. 
The flavonoid Luteolin also showed an extremely 
strong association, mapping to PECAM1. Choline 
was associated with one intergenic SNP on chr18. 
Taurocholic Acid to the SCARA5 and MGAT4D, 
while Glycocholic Acid was associated with 
CTNNA2. Additional significant SNP associations 
were identified for Sebacoyl-L-Carnitine (linked 
to SLC2A13), Eriodictyol (linked to DEPTOR, 
SCN3B, TMEM117), (+)-Taxifolin (linked to GRM7, 
PECAM1, and SNCAIP).

 	• InDel Analysis: phosphatidic acid Pa(A-13:0/I-15:0) 
was associated with three InDel loci, with the 
strongest signal located within the glutamate 
receptor gene GRIK2, TTC7B, and KCTD12. The 
cholesteryl ester Ce (18:3(9Z,12Z,15Z)) was linked 
to three InDel loci, implicating or located near genes 
MIR137, RASSF2, CYB5A, and TIMM21.

 	• CNV Analysis: The bile acid taurocholic acid was 
associated with 4 CNV regions, with the strongest 
signal overlapping the MIPOL1 gene. Another bile 
acid, glycocholic acid, displayed the highest number 
of CNV associations (7 regions), spanning loci near 
genes including ADAMTS20, FANCL, IRX1, and 
NUB1. The flavonoid apigenin was linked to 3 CNV 
regions, with one located within PFKFB3. Additional 
significant CNV associations were found for Dg 
(8:0/10:0/0:0), chrysoeriol, phloretin, and choline.

 	• SV Analysis: The strongest SV signal for 
Lysopc(14:1(9Z)/0:0) was located near the lipase 
gene LIPI, with additional associations implicating 
ROBO2, TRPC3. For glycocholic acid, significant 
SVs were found near ASTN2, TAC1/SDHAF3, and 
HECW1. Another bile acid, taurocholic acid, was 
linked to 1 SV region. The flavonoid metabolites 
eriodictyol and (+)-taxifolin shared a common SV 
association (chr12:15,509,156). Additional significant 
SV associations were identified for choline, sebacoyl-

Table 1  Microbial community α diversity Index in different groups of Hechuan White Goats
Items Males group P-values Females group P-values

M_F M_S F_F F_S
Shannon 3.221 3.074 0.21 3.400 3.232 0.04

Simpson 0.069 0.098 0.13 0.055 0.075 0.006

Sobs 125.8 119.3 0.25 131.3 126.6 0.48

Shannoneven 0.021 0.643 0.26 0.020 0.667 0.01

Simpsoneven 0.018 0.102 0.23 0.143 0.111 0.01
Note: M_F: fast-growing males, M_S: slow-growing males, F_F: fast-growing females, F_S: slow-growing females
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Fig. 4  Analysis of fecal microbial composition and differential genera in Hechuan white goats with divergent growth rates. (A) Beta diversity analysis 
of the male group (M_F vs. M_S). (B) Beta diversity analysis of the female group (F_F vs. F_S). (C) Composition of dominant bacterial genera in the male 
group. (D) Composition of dominant bacterial genera in the female group. (E) Significantly differential genera in the male group. (F) Significantly differen-
tial genera in the female group. M_F: fast-growing males, M_S: slow-growing males, F_F: fast-growing females, F_S: slow-growing females
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L-carnitine, Dg (8:0/10:0/0:0), phloretin, and 
Ce(18:3(9Z,12Z,15Z)).

Integration across all variant types demonstrated that 
Lysopc (14:1(9Z)/0:0) and glycocholic acid were linked to 
the greatest number of host genomic loci, predominantly 
through SNPs and SVs. These associations spanned both 
intragenic and intergenic regions, revealing a multi-lay-
ered host genomic regulation of gut metabolites.

Discussion
In this study, we systematically elucidated the genetic 
basis and host–microbiome interactions underlying early 
growth in Hechuan white goats by integrating multi-
omics data, including genomics, metabolomics, and 
microbiome profiling. Early average daily gain (ADG) 
exhibited an approximately normal distribution across 
the population and was significantly positively correlated 
with later body weight traits, indicating that ADG serves 
as a reliable predictor of individual post-weaning growth 
potential and provides a theoretical foundation for early 
selection and genetic improvement strategies.

GWAS identified multiple candidate genes across vari-
ous chromosomes significantly associated with ADG, 
encompassing key biological processes such as mus-
cle development, skeletal growth, energy metabolism, 
and immune regulation. Among them, DLK1, a critical 
imprinted gene, plays a central role in muscle and adi-
pose tissue development. Previous studies have shown 
that DLK1 promotes myogenic differentiation while 
inhibiting adipogenesis via the Notch signaling path-
way [43, 44] and enhances muscle growth through the 
ACVR2B/Myostatin pathway [45]. High DLK1 expression 
has been consistently linked to muscle fiber hypertrophy 
and accelerated growth in cattle, pigs, and sheep [46]. 
The significant association observed in this study further 
supports its pivotal role in early muscle development and 
growth in goats.

The NCAPG2–LCORL locus has been repeatedly 
reported as a major determinant of body size and 
growth traits in livestock. NCAPG2, a regulator of the 

chromosome condensation complex, promotes cell pro-
liferation and tissue growth through the STAT3/c-MYC 
signaling pathway [47, 48], while LCORL participates in 
lipid metabolism and skeletal muscle differentiation [49]. 
Variants in this locus are strongly associated with body 
length, height, and carcass weight [50, 51]. Collectively, 
our results suggest that DLK1 and NCAPG2–LCORL 
may form a coordinated “muscle–skeletal developmental 
axis” that cooperatively regulates early growth in goats.

Notably, several genes involved in neural and ion 
channel functions, including CNTNAP2, CNTNAP5, 
SLC8A1, and KCNN2, were also significantly associated 
with ADG. CNTNAP family members contribute to syn-
apse formation and neural signaling, and their variants 
may influence energy metabolism and growth rate via 
the hypothalamic–pituitary–growth axis [52]. SLC8A1 
encodes the sodium–calcium exchanger, which is essen-
tial for calcium homeostasis and muscle contraction [53], 
while KCNN2 regulates calcium-activated potassium 
channels, integrating neuromuscular signaling. Further-
more, enrichment of immune-related genes such as TLR4 
and CARD11 indicates that inflammation and immune 
homeostasis contribute to early growth [54]. These find-
ings collectively suggest that early growth is governed by 
interconnected regulatory networks spanning musculo-
skeletal, neural, and immune systems.

Metabolomic profiling revealed pronounced differ-
ences in metabolic signatures between fast- and slow-
growing individuals. A total of 1,589 metabolites were 
detected by LC-MS, and multivariate analyses showed a 
clear separation between the fast-growth (F_F, M_F) and 
slow-growth (F_S, M_S) groups. Differential metabo-
lites predominantly included amino acids, lipids, organic 
acids, and bile acids, reflecting systemic differences in 
energy metabolism, nutrient absorption, and oxidative 
stress responses. KEGG pathway enrichment demon-
strated that metabolites related to energy metabolism 
and nutrient absorption were strongly enriched in 
fast-growing individuals, including choline metabo-
lism, fatty acid β-oxidation, and bile acid biosynthesis 
and transport. Taurine-conjugated bile acids, such as 

Fig. 5  Host genetic associations with gut microbiota and metabolites in Hechuan white goats. (A) Host genetic associations with gut microbiota com-
position in Hechuan white goats. (B) Host genetic associations with Metabolites in Hechuan white goats
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taurocholic acid and glycocholic acid, not only facilitate 
lipid emulsification and absorption but also act as sig-
naling molecules regulating glucose, lipid, and energy 
metabolism [55, 56]. Lipid metabolites, including diglyc-
erides (e.g., DG(8:0/10:0/0:0)) and cholesteryl esters (e.g., 
CE(18:3(9Z,12Z,15Z))), modulate lipid metabolism and 
maintain intestinal and hepatic metabolic homeostasis 
[57, 58]. Lysophosphatidylcholine (LysoPC(14:1(9Z)/0:0)) 
contributes to improved growth performance and gut 
health [59], while choline enhances fat digestibility [60], 
and lysophosphatidic acid (LPA), the hydrolysis product 
of phosphatidic acid (PA(A-13:0/I-15:0)), alleviates intes-
tinal inflammation [61]. Flavonoids, including taxifolin, 
luteolin, and eriodictyol, were enriched in fast-growing 
individuals, contributing to anti-inflammatory, antioxi-
dant, and gut barrier-protective effects [62–65]. These 
results indicate that fast-growing individuals exhibit 
enhanced metabolic capacity, lipid utilization, and anti-
inflammatory regulation.

Microbiome profiling further revealed correlations 
between gut microbial composition and host metabo-
lism. Alpha diversity was significantly higher in fast-
growing individuals, suggesting a more stable and 
functionally diverse microbiome. Dominant genera 
included Christensenellaceae R-7 group, unclassified 
Ruminococcaceae UCG-014 and UCG-005, and uncul-
tured Clostridia. Growth performance was closely asso-
ciated with the abundance of specific microbial taxa, 
which could be categorized as growth-promoting or 
growth-inhibiting. In fast-growing individuals, beneficial 
genera such as Monoglobus, Acetitomaculum, and Mar-
vinbryantia were significantly enriched. Monoglobus, a 
core functional genus, efficiently ferments dietary fiber 
and has been associated with enhanced nutrient metabo-
lism in ruminants [66, 67]. Its growth-promoting effects 
are likely mediated by improvements in intestinal barrier 
function, including positive correlations with mucin gene 
Muc2 expression and mucosal repair in both ulcerative 
colitis models and engineered bacterial interventions 
[68, 69]. Acetitomaculum contributes to cellulose deg-
radation and intramuscular fat deposition [70], whereas 
Marvinbryantia produces short-chain fatty acids (SCFAs) 
and suppresses pro-inflammatory cytokines, alleviating 
gut inflammation [71]. In contrast, growth-retarded indi-
viduals showed enrichment of potentially harmful taxa, 
including Desulfovibrio, Candidatus_Saccharimonas, and 
Subdoligranulum, which may compromise intestinal bar-
rier integrity or alter lipid metabolism, thereby restricting 
growth [72, 73]. These findings provide potential targets 
for microbiome-based interventions to enhance growth 
performance.

The metabolome-wide GWAS (mGWAS) GWAS iden-
tified key gut metabolites associated with early growth 
and their host genetic regulators. Notably, Lysopc, 

taurocholic acid, and glycocholic acid were linked to 
multiple genes. A variant within the intronic region of 
HMGA2 (chr5:47188877) was strongly associated with 
Lysopc. HMGA2, a chromatin regulator, plays con-
served roles in body weight, skeletal development, and 
fat deposition, with gene-editing studies confirming that 
its loss results in reduced body size and organ develop-
ment defects [74]. Other genes within this locus, includ-
ing E2F6 and KHDRBS3, contribute to cell proliferation 
and tissue development. SCARA5 and MGAT4D were 
associated with taurocholic acid, implicating roles in iron 
metabolism, PI3K/Akt signaling, and protein glycosyl-
ation [75, 76]. Associations between SLC2A13 and FHIT 
with sebacoyl-L-carnitine suggest their involvement in 
energy metabolism and oxidative stress adaptation. Col-
lectively, these results indicate that HMGA2, SCARA5, 
SLC2A13, and other genes modulate tissue development, 
lipid metabolism, and energy transport, forming genetic 
couplings with gut metabolites that influence early 
growth.

Microbiome–host gene interactions revealed by 
mGWAS demonstrated that Desulfovibrio-associated 
SNPs were distributed across chromosomes 5, 6, 10, 11, 
12, 21, and 29, involving ARHGAP24, DPH6, FANCL, and 
ATP12A. ARHGAP24 regulates inflammation via Rac1/
NF-κB signaling [77], DPH6 participates in translational 
modification and metabolic adaptation [78], FANCL 
regulates DNA repair and oxidative stress response, and 
ATP12A modulates gut pH and epithelial barrier func-
tion [79]. Eubacterium_hallii_group was associated with 
LEKR1 and NRXN1, implicating insulin secretion regula-
tion and neural energy signaling, respectively [80]. Can-
didatus_Saccharimonas was linked to IGF2BP2, which 
promotes glycolysis and muscle growth via m6A modifi-
cation [81]. These results suggest that host genetic vari-
ants not only shape microbial colonization patterns but 
also indirectly influence growth via systemic metabolic 
modulation.

Integrated analysis of SNPs, INDELs, CNVs, and SVs 
revealed that Desulfovibrio, Eubacterium_hallii_group, 
Subdoligranulum, and Candidatus_Saccharimonas were 
consistently associated with host genetic variants across 
multiple genomic layers, involving genes such as ARH-
GAP24, DPH6 and IGF2BP2. These genes participate in 
inflammation regulation, mitochondrial homeostasis, 
metabolic signaling, and cell growth, highlighting the 
decisive role of host genetics in shaping gut microbiota 
and energy metabolism.Restricted by the population 
size of the Hechuan white goat, this study employed an 
extreme phenotype sampling strategy, selecting samples 
from individuals with significant differences in growth 
performance to conduct a metabolome-wide association 
study (mGWAS). Although the sample size utilized for 
the mGWAS analysis in this study was relatively limited 
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(n = 39), the extreme phenotype design enhanced the 
detectability of genetic effects to a certain extent. Fur-
thermore, previous studies have demonstrated that this 
strategy can increase the detection power of associa-
tion signals by maximizing phenotypic variance, mak-
ing it particularly suitable for the preliminary screening 
of key candidate loci and metabolic markers associated 
with complex quantitative traits [82, 83]. However, com-
pared to large-scale population studies, a limited sample 
size may still reduce the statistical power to detect loci 
with small-to-medium effects or low-frequency variants, 
and could compromise the accuracy of effect size esti-
mation [84]. Given the complex polygenic architecture 
underlying growth traits, the candidate metabolites and 
associated genetic loci identified in this study provide 
important clues for elucidating the regulatory mecha-
nisms of early growth in Hechuan white goats. Never-
theless, their biological significance and genetic effects 
require further validation in larger, independent cohorts.

Conclusion
This study provides the first comprehensive, integrative 
multi-omics framework elucidating the biological regula-
tion of early growth in Hechuan white goats. By jointly 
analyzing host genomic variation, gut microbiome com-
position, and metabolic profiles, we demonstrate that 
average daily gain (ADG) during the early growth phase 
is governed by coordinated interactions among muscu-
loskeletal development, energy metabolism, immune 
homeostasis, and microbial activity in the gastrointesti-
nal tract.

At the host genetic level, the DLK1–NCAPG2–LCORL 
gene axis emerged as a central regulator of musculoskel-
etal growth, supporting its pivotal role in body size and 
growth performance. In parallel, genes such as CNT-
NAP2 and NRXN1 suggest an integration between neu-
ral development and metabolic signaling, highlighting 
the contribution of neuro–endocrine pathways to growth 
regulation. From a microbial perspective, the enrichment 
of Monoglobus and Acetitomaculum indicates enhanced 
energy harvest through short-chain fatty acid (SCFA)–
mediated pathways, whereas the increased abundance of 
Desulfovibrio may reflect inflammatory or metabolic con-
straints that negatively affect growth efficiency.

The integration of genome-wide association stud-
ies (GWAS) with microbiome and metabolomic pro-
filing allowed the construction of a host genome–gut 
microbiome–metabolite interaction network, providing 
mechanistic insights into how genetic predisposition and 
microbial metabolic functions jointly shape early growth 
trajectories. This integrative approach offers a robust 
theoretical foundation for early-life selection strategies, 
precision nutritional interventions, and microbiome-
informed management aimed at optimizing growth 

performance in ruminants. Notably, this study represents 
the first systematic integration of GWAS, metabolomics, 
and microbiome data to dissect early growth regulation 
in goats, underscoring its novelty and translational rel-
evance to livestock production.

Despite these advances, several limitations should be 
acknowledged. The relatively limited sample size may 
reduce the power to detect rare genetic variants, and the 
absence of longitudinal sampling across multiple growth 
stages constrains causal inference. Moreover, functional 
characterization of the gut microbiome relied primarily 
on 16 S rRNA sequencing, without metagenomic or tran-
scriptomic validation. Environmental and dietary vari-
ability, together with the restricted genetic diversity of 
the conservation population studied, may also influence 
the observed associations.Future studies with expanded 
cohorts, longitudinal metagenomic tracking, and func-
tional in vitro validation are warranted to fully untangle 
the underlying molecular mechanisms.

Future research should therefore expand population 
size, incorporate longitudinal and multi-stage sampling 
designs, and integrate metagenomic, metatranscrip-
tomic, and metabolomic datasets to capture the dynamic 
nature of host–microbiome–metabolite interactions. 
Such efforts will further refine the mechanistic under-
standing of growth regulation and accelerate the develop-
ment of data-driven strategies for genetic improvement 
and precision nutrition in goats and other ruminant 
species.
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