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Abstract
Body weight is a polygenic trait with intricate inheritance patterns. Functional genomics enriched with multi-layer annotations offers essential 
resources for exploring the genetic architecture of complex traits. In this study, we conducted an extensive characterization of regulatory var
iants associated with body weight-related traits in cattle using multi-omics analysis. First, we identified seven candidate genes by integrating se
lective sweep analysis and multiple genome-wide association study (GWAS) strategies using imputed whole-genome sequencing data from a 
population of 1577 individuals. Subsequently, we uncovered 3340 eGenes (genes whose expression levels are associated with genetic variants) 
across 227 muscle samples. Transcriptome-wide association studies (TWASs) further revealed a total of 532 distinct candidate genes associ
ated with body weight-related traits. Colocalization analyses unveiled 44 genes shared between expression quantitative trait loci (eQTLs) and 
GWAS signals. Moreover, a comprehensive analysis by integrating GWAS, selective sweep, eQTL, TWAS, epigenomic profiling, and molecular 
validation highlighted a positively selected genomic region on Bos taurus autosome 6 (BTA6). This locus harbors pleiotropic genes (LAP3, 
MED28, and NCAPG) and a prioritized functional variant involved in the complex regulation of body weight. Additionally, convergent evolution 
analysis and phenome-wide association studies underscored the conservation of this locus across species. Our study provides a comprehen
sive understanding of the genetic regulation of body weight through multi-omics analysis in cattle. Our findings contribute to unraveling the ge
netic mechanisms governing weight-related traits and shed valuable light on the genetic improvement of farm animals.
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Introduction
Body weight, with its polygenic nature, is one of the crucial indi
cators of production performance in domestic species [1]. The 
development of genome-wide association studies (GWASs) has 
greatly expanded our knowledge of the genetic factors influenc
ing body weight and size. Extensive genome-wide scans have 
unveiled selective genomic regions and candidate variants affect
ing body weight in various species [2–8], underscoring the con
servation of their effects on body weight and size across 
mammals [1,9]. A recent study has identified hundreds of puta
tive loci that explain up to 13.8% of the phenotypic variance in 
cattle stature and demonstrated potential consensus associations 
across species, including dogs and humans [10,11]. Large-scale 
GWASs in various cattle breeds have identified hundreds of var
iants in genes such as MSTN and LCORL, which are associated 
with weight-related traits like growth, morphology, and carcass 
characteristics [12–14]. These identified single nucleotide poly
morphisms (SNPs) are enriched in genes, pathways, and 

regulatory elements in specific tissue types, likely reflecting mul
tiple annotations of the key biological mechanisms underlying 
variant functions. This information helps us comprehend the 
role of genetic variation in biological architecture that shapes 
complex phenotypes [15–19].

The advent of multi-omics approaches has revolutionized our 
understanding of the functional genetic variants underlying 
complex traits [17,20–22]. International initiatives including 
the Genotype-Tissue Expression (GTEx) project [23,24], the 
Encyclopedia of DNA Elements (ENCODE) project [25], the 
Functional ANnotation of Animal Genomes (FAANG) project 
[26], and CattleGTEx [27] have been instrumental in elucidat
ing epigenomic and transcriptomic landscapes across diverse tis
sues and cell types in both humans and farm animals. 
Numerous studies have emphasized that GWAS hits associated 
with complex traits are prominently enriched in regulatory 
regions, such as promoters and enhancers, indicating their criti
cal role in explaining the missing heritability [28–30]. This 
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presents an opportunity to elucidate the genetic basis of impor
tant traits through multi-omics profiling and fine-mapping of 
causal variants [31,32]. In recent years, the integration of multi- 
omics data has led to the identification of numerous variants as
sociated with human stature, underscoring the influence of 
functional regulatory elements on the regulation of complex 
traits [15,33,34].

In farm animals, numerous candidate variants within essen
tial genes associated with body weight, size, and growth have 
been identified through genome-wide scanning methods, includ
ing GWAS and selective sweep analyses [5,10,35]. A previous 
study has reported that cis-regulatory elements contributed to 
the selection and adaptive evolution of modern breeds [36], fa
cilitating the identification of key loci with functional regulatory 
roles in economically important traits. For instance, multi- 
strategy approaches have identified the NCAPG region as a 
candidate locus for average daily gain and carcass weight in cat
tle [37,38]. The NCAPG–LCORL loci have been further impli
cated by selective sweeps across five cattle breeds for stature 
using meta-analysis [10], and have been previously identified as 
common genes regulating body size in mammals [39]. 
Additionally, expression analyses have revealed that quantita
tive trait loci (QTLs) affecting tenderness and growth are most 
likely cis-expression QTLs (cis-eQTLs) for LCORL [40]. 
Moreover, another study has suggested that an expression QTL 
(eQTL) for PLAG1, underlying major pleiotropic effects, also 
shows associations with body weight and growth [41]. Many 
studies advocate for the use of multi-omics strategies to analyze 
the genetic basis of complex traits and elucidate the mechanisms 
of trait formation in pigs [42], sheep [43], and cattle [44]. 
However, most of the datasets are derived from tissues compris
ing heterogeneous cell populations, which hinders the resolution 
of functional information and limits our understanding of the 
fundamental processes underlying phenotypes [45]. Thus, a 
comprehensive exploration of the potential regulatory roles of 
candidate variants underlying body weight and size by integrat
ing gene expression and functional elements remains necessary.

In our study, we employed a multifaceted approach, combin
ing GWAS and selective sweep analyses, to investigate body 
weight-related traits using sequencing variants in cattle. 
Through a series of analyses, including eQTL mapping, 
transcriptome-wide association studies (TWASs), colocalization, 
and summary-data-based Mendelian randomization (SMR), we 
identified and prioritized candidate genes along with their asso
ciated variants. Moreover, we carried out a comprehensive 
analysis of variant–gene pairs to explore their functional regula
tory patterns. Our findings pinpointed a genomic region, cover
ing genes like LAP3, MED28, and NCAPG, associated with 
body weight, supported by strong evidence from multiple strate
gies and multi-omics approaches. Our study enhances the un
derstanding of regulatory variations influencing economically 
important traits and sheds light on the selection and genetic 
mechanisms governing complex traits in farm animals.

Results
Data summary
In this study, we integrated multi-omics data including genomic, 
transcriptomic, and epigenomic data to elucidate the genetic 
regulation for body weight-related traits. The workflow of the 
current study is provided in Figure S1. First, we imputed 
Illumina BovineHD SNP arrays to the sequence level, utilizing 

Run8 of the 1000 Bull Genomes Project and 44 representative 
individuals from our studied population. To assess the imputa
tion accuracy, we calculated Dosage-R2 (DR2), defined as the 
squared correlation between the estimated allele dose and the 
true allele dosage. As expected, imputation accuracy showed a 
positive correlation with minor allele frequency (MAF), saturat
ing at an MAF of approximately 0.05 (Figure S2A–C). After fil
tering variants with MAF<0.05 and DR2 < 0.8, we retained a 
total of 10,213,925 autosomal SNPs with an average DR2 of 
0.93. Additionally, linkage disequilibrium (LD) decay analysis 
indicated that the average LD did not extend over 100 kb across 
the genome (Figure S2D). Furthermore, we observed that intron 
variants and intergenic region variants constituted � 90.36% of 
sequencing variants, according to genome features (Figure S2E). 
The sample sizes of 43 body weight-related traits for GWAS 
analyses ranged from 1047 to 1320 individuals, and the sum
mary information for each phenotype is presented in Table S1.

For RNA sequencing (RNA-seq), we generated 5.28 billion 
raw reads from 227 muscle samples. After quality control, a to
tal of 1516.95 Gb of high-quality reads were successfully 
mapped to the ARS-UCD1.2 genome assembly. The average 
mapping rate was 95.90%, ranging from 92.32% to 97.33% 
(Table S2). Then, we obtained 16,204 expressed genes for sub
sequent analyses using a threshold of transcripts per million 
(TPM) ≥ 0.1 in ≥ 20% of samples. To correct for confounding 
factors, we considered the top 10 probabilistic estimation of ex
pression residuals (PEER) factors detected by PEER (v1.3) as 
covariates (Figure S2F). Moreover, we generated single- 
nucleotide-resolution methylation profiles of 10 muscle samples 
using whole-genome bisulfite sequencing (WGBS), with an aver
age sequencing amount of 97.16 Gb (ranging from 90.30 Gb to 
105.04 Gb). We also performed high-quality assay for 
transposase-accessible chromatin using sequencing (ATAC-seq) 
on the same samples, yielding an average of 10.89 Gb of data 
per sample. The average fraction of reads in peaks (FRiP) score 
of the 10 samples was 25.81 ± 6.77, suggesting a high-quality 
ATAC-seq dataset (Table S3) [25]. Additionally, we retrieved 
and analyzed peak signal data for four histone modifications 
(H3K4me3, H3K27ac, H3K4me1, and H3K27me3) and CTCF 
from cattle muscle tissues [46]. Furthermore, we incorporated 
data from three high-throughput chromosome conformation 
capture (Hi-C) samples derived from bovine lung tissue [47].

GWAS analyses based on whole-genome imputed 
sequence variants
Our GWAS analyses identified 1078 candidate variant–trait 
pairs for 14 traits at a genome-wide significance level (P <
5 × 10−8). These traits included live weight, average daily 
gain, fat coverage rate, carcass length, hind leg length, and 
the weights of bone, biceps brachii, cattle hide, fore shin, 
head, hind shin, knuckle, liver, and spleen. Moreover, 3497 
variant–trait pairs were detected for 40 traits at a suggestive 
significance level (P < 1 × 10−6) (Figure S3; Table S4). 
Notably, we observed 725 SNPs with pleiotropic effects, as
sociated with at least two traits. Among these, 37 SNPs (with 
an average MAF of 0.40) were associated with more than 10 
traits (Figure 1A).

Specifically, we identified four significant missense variants 
with strong LD for spleen weight (rs383302973, p. Tyr358Cys; 
rs382235901, p. Ala154Val), hind shin weight (rs109131933, 
p. Pro1083Leu), and fat coverage rate (rs382180609, 
p. Arg92His) (Table S4). We further conducted a conservation 
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Figure 1 Discovery of important candidate variants and loci for body weight-related traits by multi-strategy GWAS analyses 
A. Heatmap illustrating the effects of 37 SNPs for 12 traits. The color gradient represents the normalized effect of each SNP on the respective trait. “�” 
in the box indicates the suggestive association (P ≤ 1 × 10−6). Blue dots on the top panel depict the MAF of variants. B. Regional plot of SFTPB on BTA11 
for fat coverage rate. The top SNP (P ¼ 5.68 × 10−7) corresponds to the missense variant (rs382180609, p. Arg92His). Different colors indicate various 
SNP annotations. A multiple sequence alignment of the amino acid sequence encoded by SFTPB reveals high conservation across multiple species. C. 
Zoomed-out GWAS plot for a significant candidate variant (P ¼ 2.74E−15) associated with spleen weight on BTA6. The lollipop graph displays the number 
of associated traits for each independent LD block in this region. The third row presents the positions of candidate blocks and genes. D. Eleven candidate 
variants (P ≤ 1 × 10−6) exhibiting high LD levels for the weights of hind shin, knuckle, and biceps brachii and spanning the PLAG1–CHCHD7 region on 
BTA14. E. Several candidate genes are associated with more than ten traits. The dot size represents the level of significance, and the violin plot illustrates 
the pre-adjusted expression of these genes. The threshold for gene-based GWAS was set as 1.94 × 10−6 (0.05/N). F. Regional plot of LARGE1 on BTA5 
for bone weight, with a violin plot indicating the differential genotype effects of rs524918447. GWAS, genome-wide association study; SNP, single 
nucleotide polymorphism; MAF, minor allele frequency; BTA, Bos taurus autosome; LD, linkage disequilibrium; UTR, untranslated region; TPM, 
transcripts per kilobase million; chr, chromosome.
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analysis for RP1 and SFTPB using multiple sequence alignment. 
The results revealed that the amino acids affected by these mis
sense variants were highly conserved across species (Figure 1B, 
Figure S4A).

We detected approximately 370,447 LD-independent 
regions (Figure S4B) and a total of 265 unique GWAS loci. 
These loci had a total of 14,775 overlaps with previously 
reported QTLs for five categories of 203 traits (including 
health, meat and carcass, exterior, production, milk, and re
production). Moreover, the QTLs for meat and carcass and 
production traits accounted for � 64.04% of these overlaps, 
including metabolic body weight (11.27%) and carcass weight 
(8.31%) (Figure S4C). Among the 265 GWAS loci, 264 were 
associated with body-related traits in previous studies, whereas 
only one novel locus (chr13:81,958,679–81,964,641) was 
identified for cattle hide weight. In addition, 67 of these 265 
loci were associated with more than one trait; 84 and 70 loci 
were located on Bos taurus autosome 6 (BTA6) and BTA14, 
respectively. We observed a region on BTA6 (37,076,752– 
37,765,182) that encompassed 11 LD blocks with pleiotropic 
effects and contained six candidate genes (LAP3, MED28, 
FAM184B, NCAPG, DCAF16, and LCORL). Within this re
gion, the most significant variant (rs110626356) was detected 
for spleen weight and exhibited a strong LD pattern with 
nearby variants (Figure 1C). We also discovered a QTL con
taining 11 variants linked to the weights of biceps brachii, 
knuckle, and hind shin. These variants spanned the PLAG1– 
CHCHD7 locus and displayed a high LD pattern. Among 
these, one associated SNP (rs134215421) explained 8.21%, 
6.93%, and 7.42% of the genetic variance for the three traits, 
respectively (Figure 1D).

Identification of candidate genes for weight-related 
traits using gene-based GWAS analyses
We identified a total of 1522 gene–trait pairs (involving 801 
genes associated with 36 body weight-related traits) at a sig
nificance threshold of 0.05/N (Figure S3; Table S5). Among 
these genes, 287 (� 35.83%) were associated with at least 
two traits. The gene-based approach identified 729 candidate 
genes not detected by the SNP-based GWAS. We also ob
served that the candidate genes were significantly larger in 
size than those without significant association (P ¼ 1.42 × 
10−17, two-sided t-test), consistent with previous studies in 
humans [48]. Notably, we identified 14 candidate genes asso
ciated with more than 13 traits, indicating their pleiotropic 
effects on correlated traits (Figure 1E, Figure S4D). Of these, 
11 genes were expressed in muscle, and several (including 
LAP3, DCAF16, MED28, NCAPG, LCORL, and PPM1K) 
located on BTA6 were also identified in the SNP-based 
GWAS. In addition, LARGE1 was detected to be associated 
with 14 traits in the gene-based GWAS, while this gene 
exhibited a significant association only with bone weight in 
the SNP-based GWAS (Figure 1E and F).

Detection of selective sweeps based on 
sequence variants
In this study, we identified a total of 49,410 windows based 
on the integrated haplotype score (iHS) method (Figure 2A). 
Among these, 494 windows were classified as candidate 
regions under selection, with their statistical values falling 
within the top 1% range. Within these regions, we annotated 
276 windows corresponding to 338 genes, including KIT, 
NCAPG, MED28, LAP3, and PEX14. (Table S6). These 

genes exhibited significant enrichment in protein binding and 
positive regulation of multicellular organismal process and 
cytoplasm, which have been previously associated with traits 
such as stature, feed efficiency, carcass traits, and coat color
ing (Table S7). By integrating SNP-based GWAS, gene-based 
GWAS, and selective sweep analyses, we identified seven 
shared genes (FAM184B, DCAF16, NCAPG, MED28, 
LAP3, PCNX2, and OR9K7), and several of them were si
multaneously associated with multiple traits (Figure 2B). 
Notably, five of these candidate genes (LAP3, MED28, 
FAM184B, DCAF16, and NCAPG) are located in the LAP3– 
LCORL locus. Evaluation of candidate variants within this 
locus for 16 traits showed that the maximum genetic variance 
explained by an associated variant ranged from 5.15% to 
21.47% of the total genetic variance for the corresponding 
trait (Figure 2C). In addition, a tag SNP (rs800312260) of 
OR9K7, located within the selective sweep region, was iden
tified as the candidate variant for bone weight, contributing 
to � 7.12% of the total genetic variance. Conversely, the tag 
SNP (rs383751136) for PCNX2 explained � 4.89% of the 
total genetic variance for the silver side weight.

GWAS signals are mostly enriched in selection 
signals and regulatory elements
We observed significant enrichment of GWAS signals in the 
selective sweep regions [false discovery rate (FDR) ≤ 0.05; 
Figure 2D], suggesting that genes associated with body 
weight have likely undergone strong selection during breed 
formation. To explore the relationship between GWAS sig
nals and regulatory elements, we utilized Genrich to detect 
consensus open chromatin regions across ten biological repli
cates in muscle, and obtained a total of 115,890 peaks with 
an average peak size of 1446.8 bp, covering 6.74% of the 
autosomes. We identified a total of 98,577 hypomethylated 
regions (HMRs) by merging WGBS data from ten muscle 
samples using methpipe (v3.4.3). In addition, we identified a 
total of 51,222 computer-predicted CpG islands (cCGIs). 
Among them, 28,302 cCGIs were considered as experimen
tally supported CpG islands (eCGIs), which have at least five 
CpG sites detected with more than 5× coverage and a methyl
ation level below 30% in at least one sample [49]. The 
14 chromatin states were retrieved from a previous 
study [46].

Furthermore, we found that GWAS signals exhibited sig
nificant enrichment in regulatory regions, including active 
promoters (E4, average fold enrichment ¼ 2.57), active tran
scription start sites (TSSs) (E2, average fold enrichment ¼
2.54), eCGIs (average fold enrichment ¼ 2.39), active 
enhancers (E8, average fold enrichment ¼ 2.30), and active 
elements (E11, average fold enrichment ¼ 2.27). In contrast, 
no significant enrichment was observed in regions with low 
signal (E14, average fold enrichment ¼ 0.78). We found that 
GWAS signals for most body weight-related traits showed 
high enrichment in active TSSs (30.23%) or active promoters 
(39.53%) (Figure 2D; Table S8). For example, GWAS signals 
for live weight were enriched in active promoters with a fold 
enrichment of 2.87 (FDR ¼ 0.003). These results support the 
notion that GWAS signals in non-coding regions located 
within the regulatory elements are likely to play a crucial role 
in the genetic regulation of complex traits.
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Detection of eQTLs for body weight
Our analysis identified a total of 3340 significant eGenes 
with 831,643 unique eVariants, accounting for approxi
mately 20.61% of all expressed genes (16,204) in cattle 
(Figure 3A; Table S9). The largest numbers of eVariants 
(52,241) and eGenes (205) were observed on BTA15 and 
BTA18, respectively (Figure 3B). Consistent with previous 
findings in humans [24] and cattle [27], the significant var
iants (eVariants) were clustered around the TSSs of genes 
(Figure 3C). Notably, approximately 44.79% (372,460/ 
831,643) of eVariants were located within 100 kb of the 
TSSs of their target genes. For the non-eGenes, we observed 
an enrichment of SNPs with marginally significant P values 
around the TSSs (Figure 3C). Next, we identified 464 eGenes 
with at least two independent cis-eQTLs using deterministic 
approximation of posteriors (DAP-G) (Table S10). In addi
tion, we found that fine-mapped eVariants had significantly 
larger effects compared to the top eVariants and were mostly 
enriched around the TSSs (Figure 3D), which was consistent 
with previous reports [24,27]. Furthermore, GO enrichment 
analysis showed that eGenes were significantly enriched in 
the mitochondrial envelope, oxidoreductase activity, and 
lipid metabolic processes (Table S11). Finally, we estimated 
the sharing patterns of muscle cis-eQTLs compared with 
CattleGTEx. We observed that cis-eQTLs identified in the 

current study had a stronger common signal in muscle (π1 ¼

0.49) compared with those from Bos taurus (π1 ¼ 0.46) in 
CattleGTEx (Figure S5A).

Functional annotation of eQTLs
To decipher the functional properties of the identified cis- 
eQTLs, we annotated the associated eVariants based on 
multi-layer information. We observed that 39.11% and 
37.99% of cis-eQTLs belonged to intron variants and inter
genic region variants, respectively (Figure S5B), while the 
eVariants were significantly enriched in 30-UTR, 50-UTR, and 
missense variants (Figure S5C). Notably, cis-eQTLs anno
tated as missense variants had larger effect sizes on eGenes 
than those annotated for other genic features (Figure S5D). 
By combining chromatin accessibility, HMR, and 14 pre
dicted chromatin states in muscle tissue, we found that cis- 
eQTLs were significantly enriched in active promoters, flank
ing TSSs, and primed enhancers (Figure 3E). Moreover, the 
effect sizes of cis-eQTLs within functional elements signifi
cantly differed from those in other regions. Specifically, cis- 
eQTLs located in active enhancers displayed higher effect 
sizes than those outside, suggesting their crucial role in gene 
expression regulation. We also observed enrichment for 
cis-eQTLs within selective sweep regions (Figure 3E). 
Furthermore, the candidate SNPs from a GWAS of 43 traits 

Figure 2 Relationship between GWAS signals and selective sweeps and functional elements 
A. Genome-wide distribution of the top 1% selection signals estimated by iHS. B. Venn diagram illustrating the overlap among candidate genes identified 
by gene-based GWAS, SNP-based GWSA, and selective sweep analyses. C. Proportion of genetic variance explained by candidate variants in the target 
gene for associated traits. Each color represents one trait. D. Enrichment analysis of GWAS signals in functional elements and selective sweep regions in 
cattle. “�” denotes FDR ≤ 0.05. The color scale represents the normalized fold change of GWAS signals within specific functional elements. E1–E14 are 
categories representing CTCF/active TSS, active TSS, CTCF/promoter, active promoter, flanking TSS, promoter, poised promoter, active enhancer, CTCF/ 
enhancer, primed enhancer, active element, insulator, polycomb-repressed region, and low-signal region. HMR denotes the hypomethylated region 
detected in muscle tissue; eCGI refers to the experimentally supported CpG island with a methylation level below 30% in at least one sample; ATAC 
represents the chromatin accessibility region in muscle tissue detected by assay for transposase-accessible chromatin; and SWEEPS denotes the 
selective sweep region in beef cattle. iHS, integrated haplotype score; TSS, transcription start site; gVar, genetic variance; FDR, false discovery rate.
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were significantly enriched in cis-eQTLs (FDR ≤ 0.05, based 
on 1000 permutation tests). Notably, strong enrichment was 
observed in the cis-eQTLs for average daily gain (Figure 
S5E). Using Hi-C data from lung tissue, we obtained the to
pologically associated domains (TADs) and found that 
� 98.80% of eGenes overlapped with these TADs. Among 
these eGenes, � 51.17% had their top-eVariants located 
within the same TADs. Next, we performed 5000 permuta
tion tests using random eGene–SNP pairs based on corre
sponding distance and observed that the proportion of 
eGene–eVariant pairs in the same TADs was higher than 
expected (Figure S5F). For instance, the second cis-eQTL 
(rs137103873) of CFLAR was located � 109 kb upstream of 
the TSS but resided within the same TAD region as CFLAR. 
Remarkably, we observed that individuals with the AA geno
type at rs137103873 exhibited significantly higher expression 
of CFLAR, suggesting that gene expression is likely regulated 
by a distant eVariant through chromatin interac
tions (Figure 3F).

Detection of significant gene–trait associations 
using TWAS analyses
We estimated the SNP heritability for each expressed gene us
ing the genome-wide complex trait analysis genomic-related
ness-based restricted maximum likelihood (GCTA-GREML) 
module. A total of 4972 expressed genes were identified 
with significant non-zero heritability, and the average 

heritability was 0.169 (Table S12). We evaluated the accu
racy of five predictive models for each heritable gene using 
five-fold cross-validation with actual expression data. Among 
the five models, the Bayesian sparse linear mixed model 
(BSLMM) showed significantly higher prediction perfor
mance than the others. In fact, the BSLMM model achieved 
an accuracy of over 30% in predicting heritable genes (Figure 
4A and B). Next, we selected the optimal model for each gene 
and imputed the heritable gene expression for the studied 
population. We identified 1276 significant gene–trait associa
tions (FDR ≤ 0.05) for 29 traits. These associations involved 
532 unique candidate genes, of which 47.18% were associ
ated with at least two traits (Figure 4C, Figure S3; Table 
S13). The genes associated with more than ten traits are pre
sented in Figure S5G. Notably, three genes (LAP3, NCAPG, 
and LCORL) were detected based on both GWAS and selec
tion signals (Figure 4D). Furthermore, we observed strong 
positive correlations in the predicted expression of these 
genes, except for LCORL.

Colocalization analyses pinpoint several 
important loci
In our study, we conducted colocalization analyses between 
GWAS loci (P ≤ 1 × 10−5) and cis-eQTLs (FDR ≤ 0.05) using 
fast enrichment estimation aided colocalization (fastENLOC) 
and colocalization (COLOC). Using fastENLOC, we identified 
five genomic regions where GWAS hits for 16 traits 

Figure 3 Identification and functional annotation of cis-eQTLs in muscle 
A. Circos plot illustrating the distribution of eQTLs (red track) and eGenes (blue track) across the genome. B. Numbers of eVariants and eGenes across 
autosomes. C. Density plot depicting the distances between the top eVariant and the TSS of its corresponding eGene. The red, blue, and brown colors 
indicate the density of eQTL results for significant top pairs, non-significant top pairs, and all variant–gene pairs. D. Box plots displaying the distances to 
the TTS and the aFCs for top eVariants and fine-mapped eVariants. ���, P ≤ 0.001 (Student’s t-test). E. Fold enrichment of eVariants in functional 
regulatory elements and selective sweep regions, as estimated by genome association test. E1–E14 and other genomic features are described in 
Figure 2. The box plot on the right shows the comparison of aFC between eVariants within and outside the element. �, P ≤ 0.05; ��, P ≤ 0.01; ���, P ≤ 
0.001; ns, not significant (Student’s t-test). F. An example of distant regulation provided by the eGene CFLAR and the eVariant (rs137103873) located 
within the same TAD (BTA2:89,530,000–89,790,000). The individuals with the AA genotype at this locus show higher pre-adjusted TPMs for CFLAR than 
those with other genotypes. ���, P ≤ 0.001 (Student’s t-test). aFC, allelic fold change; eQTL, expression quantitative trait locus; TAD, topologically 
associating domain; eGene, expression gene; eVariant, expression variant.
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colocalized with eQTL signals. Notably, two of these regions 
including LAP3 and NCAPG exhibited strong colocalization 
signals. We also found the colocalized TMEM38A [locus-level 
colocalization probability (LCP) ¼ 0.99] between cis-eQTLs in 
muscle and GWAS signals for testis weight. This was captured 
by a variant (rs43504856) located approximately 145 kb 
downstream of the TSS of TMEM38A (Figure 4E). We found 
that this variant was located within the same TAD region as 
TMEM38A and its promoter, indicating its potential role in 
the distant regulation of gene expression (Figure 4F).

Using COLOC, we detected colocalization signals for 78 
GWAS loci of 26 traits, involving 44 unique eGenes. Of 
those, LAP3, MED28, and NCAPG were colocalized with 
GWAS signals of 16, 17, and 16 traits, respectively, which 
was consistent with the findings from fastENLOC (Table 
S14). The association of TMEM38A with testis weight was 
also supported by COLOC [posterior probability of hypothe
sis 4 (PP.H4) ¼ 0.985]. Interestingly, we found many signals 
detected only by COLOC. For instance, the lead GWAS vari
ant (rs134744234) for neck meat weight was associated with 
the expression of SORD (PP.H4 ¼ 0.9957) (Figure 4G). 
Furthermore, GWAS hits for hind shin weight colocalized 
with eQTL signals of SLC12A9 and SPR (Figure S6A and B). 

Notably, we found that an eQTL (rs379703744) for ZNF3 
was simultaneously located in GWAS loci for live weight 
(PP.H4 ¼ 0.9195), average daily gain (PP.H4 ¼ 0.8749), and 
hind shin weight (PP.H4 ¼ 0.9353) (Figure S6C and D). 
Additionally, EHHADH colocalized with fat coverage rate 
with PP.H4 ¼ 0.9896 (Figure S6E). A colocalized variant 
(rs378452852) was observed for the expression of 
NDUFA10 and marbling (PP.H4 ¼ 0.92) (Figure S6F).

To assess whether the effect of SNPs on phenotype is medi
ated through gene expression, we further conducted the sum
mary-data-based Mendelian randomization (SMR) analysis. 
We obtained 113 significant gene–trait pairs for 29 traits, in
volving 59 unique eGenes. Most of these genes were identi
fied by COLOC, including MED28, FBXO24, and 
EHHADH. Finally, we identified only two genes, LAP3 and 
NCAPG, which were shared by SMR, TWAS, and colocaliza
tion analyses (Figure 4H).

Comprehensive analysis of consensus regions 
using multi-omics data
To dissect consensus regions with pleiotropic effects and under
stand their potential genetic regulation, we conducted a multi- 
trait Chi-square test based on summary statistics across 43 traits. 

Figure 4 TWAS and colocalization between GWAS loci and eQTLs for body weight-related traits 
A. Prediction accuracy (adjusted r2) of five models for TPM. B. Circular plot illustrating the proportion of genes with the best adjusted r2 in each model. C. 
Manhattan plot showing TWAS results for 43 traits, with several important candidate genes marked. D. Regional plot for five genes on BTA6. Dot size 
represents the number of traits associated, and dot color represents the normalized gene expression effect on knuckle weight. Heatmap shows the 
correlations between these genes. E. A colocalization example of TMEM38A with the highest LCP (0.99) between GWAS signals for testis weight (top 
left) and cis-eQTLs in muscle (bottom left). The scatter plot (right) shows the correlation between the statistical significance of GWAS signals and eQTLs. 
Dot color represents the LD (r2) level between the target variant and others. F. IGV plot for TMEM38A, showing functional annotations from multiple 
epigenetic marks, the TAD region from lung Hi-C data, and the position of rs43504856 on the genome (the purple rhombus). G. The lead GWAS variant 
(rs134744234) for neck meat weight was associated with the expression of SORD (PP.H4 ¼ 0.9957). The panel layout is the same as (E). H. Venn 
diagram showing overlap of genes identified by TWAS, fastENLOC, COLOC, and SMR. IGV, Integrated Genomics Viewer; TWAS, transcriptome-wide 
association study; LCP, locus-level colocalization probability; fastENLOC, fast enrichment estimation aided colocalization; COLOC, colocalization; SMR, 
summary-data-based Mendelian randomization; PP.H4, posterior probability for hypothesis 4; BEST, optimal accuracy of each gene among five methods; 
BSLMM, Bayesian sparse linear mixed model; LASSO, least absolute shrinkage and selection operator; ENET, elastic net regression; BLUP, best linear 
unbiased prediction; TOP1, single best eQTL; Hi-C, high-throughput chromosome conformation capture.
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Based on the stringent Bonferroni correction (0.05/10,213,925), 
we identified two significant loci: the LAP3–LCORL locus on 
BTA6 and the PLAG1–CHCHD7 locus on BTA14 
(Figure S7A).

On BTA6, we identified a total of 853 significant variants 
with strong LD in the LAP3–LCORL locus. These variants 
were associated with six candidate genes including LAP3, 
MED28, FAM184B, NCAPG, DCAF16, and LCORL. 
Interestingly, we noticed that a variant (rs110242144) displayed 
strong LD (r2 ¼ 0.97) with the top variant (rs379009029) and 
was significantly associated with the expression of LAP3, 
MED28, and NCAPG. Moreover, this variant also colocalized 
with GWAS signals for 14 body weight-related traits 
(SNP-based GWAS) (Figure 5A). Importantly, this variant 
(rs110242144) was located in an accessible chromatin region 
near the 50-end of NCAPG and within a DNA methylation val
ley (i.e., an HMR) (Figure 5B). Analysis of chromatin immuno
precipitation followed by sequencing (ChIP-seq) data for 
H3K27ac, H3K27me3, H3K4me1, and H3K4me3 in muscle 
tissue revealed enrichment of these histone marks in this region, 
alongside open chromatin, which suggests that this region is 
possibly a bivalent promoter, playing a key role in both positive 
and negative transcriptional regulation [50]. Moreover, we 
found that the prioritized variant (rs110242144) was located 
within the same TAD region as LAP3, MED28, and NCAPG, 

indicating potential chromatin interactions and distal regulation 
among these genes (Figure 5B). We further performed condi
tional analyses for each trait by including rs110242144 as a co
variate, and observed that the number of candidate variants 
significantly decreased in the genomic region at 36.14–38.28 Mb 
on BTA6 (Figure 6A).

Moreover, we observed that individuals carrying the G al
lele at rs110242144 displayed significantly higher expression 
of LAP3, MED28, and NCAPG alongside lower phenotypic 
values, indicating a negative correlation between their expres
sion and trait performance. This finding was consistent with 
the TWAS results (Figures 4D and 6B). Interestingly, we 
noted an increasing trend of the C allele at rs110242144 in 
our studied population (Figure 6C).

Transcription factor (TF) binding motif analysis indicated 
that the C allele of rs110242144 may disrupt the binding sites 
for five TFs, including NR2F6, which has been reported as a 
key regulator of muscle tissue development in previous studies 
(Figure 6D, Figure S7B). We conducted a dual-luciferase re
porter assay to assess the impact of the genetic variation (G>C) 
at rs110242144 on downstream gene expression. Specifically, 
we cloned a region spanning from 1881 bp upstream to 295 bp 
downstream of the TSS of NCAPG into the pGL3-Basic vector 
and replaced the wild-type G allele at position −1667 bp with 
C (Figure S7C). The activity of the resulting mutant type (C) 

Figure 5 Multi-omics analysis captures the important LAP3–LCORL locus for body weight-related traits 
A. Regional plots for multi-trait association analysis and eQTL analysis. The zoomed-out scatter plots from top to bottom correspond sequentially to multi- 
trait GWAS loci and eQTLs (LAP3, MED28, NCAPG) on BTA6. The marked SNP, rs110242144, is colocalized for several traits, including knuckle weight, 
bone weight, and average daily gain. B. Multi-omics plot for the candidate locus on BTA6, showing functional annotations from multiple epigenetic 
marks. The purple rhombuses mark the positions of two key variants: rs110242144 (the functional variant at this locus) and rs379009029 (the top variant 
identified by multi-trait GWAS).
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was significantly higher than that of the wild type (G), indicat
ing the functional effect of this variant (Figure 6E).

On BTA14, the top variant (rs134215421) was also identi
fied using multi-trait association analysis. This variant was lo
cated in exon 4 of PLAG1 and associated with two traits 
(carcass weight and average daily gain) using SNP-based GWAS 

(Figure S7D). In this study, although PLAG1 was not detected 
in the eQTL mapping in muscle tissue, it was captured for liver 
and mammary in CattleGTEx [27]. We also found that TGS1 
and PENK, two genes located upstream and downstream of 
PLAG1, respectively, colocalized with GWAS signals for 
knuckle weight and hind shin weight. Notably, we identified a 

Figure 6 Multi-faceted analysis pinpoints rs110242144 as the potential causal variant in the LAP3–LCORL locus 
A. Regional plot for the region BTA6:36,140,824–38,277,175 bp. Orange dots denote the −log10 P values from the multi-trait meta-analysis, and blue dots 
represent the −log10 P values from the conditional analysis considering the genotype of rs110242144 as the covariate. B. Gene expression levels of 
LAP3, MED28, and NCAPG in individuals with different genotypes at rs110242144. C. Changes in allele frequency (C allele) within the studied population 
over the past decades. D. The allele C of the candidate variant rs110242144 (G>C) may disrupt the NR2F6 motif. E. Dual-luciferase reporter assay 
results. WT stands for wild type, and MUT stands for mutation (rs110242144 G>C). F. PheWAS analysis for LAP3, MED28, FAM184B, DCAF16, NCAPG, 
and LCORL. Blue and orange dots represent the domains of metabolic and skeletal traits, respectively. Dot size is proportional to the sample size of the 
respective study. G. Upset plot showing overlap of candidate variants (from the candidate regions on BTA6 in cattle) across multiple species after 
conversion by LiftOver. H. 3D word cloud displaying traits associated with conserved candidate variants across multiple species. Word size corresponds 
to trait frequency. In (B and E), significant difference was determined by Student’s t-test (�, P ≤ 0.05; ��, P ≤ 0.01; ���, P ≤ 0.001; ns, not significant). 
PheWAS, phenome-wide association study; 3D, three-dimensional.
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variant (rs133230814) that was associated with hind shin 
weight and PENK expression, and this variant was located ap
proximately 7 kb downstream of the open chromatin region 
and HMR within the PLAG1–CHCHD7 locus. This region re
sided within the same TAD, indicating the complex genetic reg
ulation for the studied traits (Figure S7E).

PheWAS analysis for the LAP3–LCORL locus across 
multiple species
To explore potential associations across species, we first per
formed a phenome-wide association study (PheWAS) for can
didate genes in the LAP3–LCORL locus (including LAP3, 
MED28, FAM184B, DCAF16, NCAPG, and LCORL) based 
on the human GWAS atlas. This analysis unveiled important 
metabolic and skeletal domains relevant to human stature 
traits, including standing height, body weight, and body mass 
index (BMI) (Figure 6F; Table S15). Next, we evaluated the 
consensus effects of candidate variants on body weight across 
species. We converted the genomic coordinates of 853 candi
date variants identified from multi-trait analyses on BTA6 to 
GRCh38 (human, 388) by LiftOver, and then to susScr11 
(pig, 292), oviAri4 (sheep, 366), EquCab3 (horse, 340), and 
galGal6 (chicken, 36) as described by a previous study [11] 
(Figure 6G). Based on the Animal QTL Database (Release 
50; 25 April 2023), we observed that the candidate variants 
on BTA6 were located in QTL regions associated with body 
weight and carcass weight in farm animals. Meanwhile, these 
QTLs span many important genes such as FAM184B, 
MED28, LAP3, NCAPG, and LCORL, suggesting that these 
genes may have undergone parallel selection across spe
cies (Figure 6H).

Discussion
GWAS analyses have been widely applied to identify geno
type–phenotype associations and candidate genetic variations 
in various species [15,48,51]. Integrating multi-omics data 
has emerged as an effective strategy for determining causative 
variants and understanding the genetic regulation of complex 
traits [25,26]. In this study, we performed an extensive analy
sis of 43 body weight-related traits in cattle by integrating ge
nomics, transcriptomics, and epigenomics data. Multiple 
strategies were employed, including SNP-based GWAS, gene- 
based GWAS, selective sweep detection, and eQTL mapping. 
By integrating GWAS signal enrichment analyses for func
tional elements, as well as colocalization and SMR analyses, 
we systematically explored the genetic regulation of body 
weight-related traits and identified genomic regions with 
functional significance in cattle [26].

Our study highlighted the pleiotropic nature of candidate var
iants and genes for body weight-related traits using imputed se
quencing variants in cattle [15,48]. We found that the 
pleiotropy was more abundant at the gene level (35.78%) than 
at the SNP level (20.73%), suggesting that multiple variants 
within genes can be associated with diverse traits, while the as
sociation between genes and traits may be caused by distinct 
causal variants [48,52]. We also observed that these loci 
displayed high pleiotropy with strong LD across the genome, 
suggesting that these regions may harbor potential selection sig
natures during the breeding process [53–55]. However, testing 
pleiotropy by the integrated analysis of GWAS, eQTL, and 
epigenetic data is further required to pinpoint the genes for 
functional studies [56].

Previous studies in cattle and humans revealed that most 
complex trait-associated variants were distributed in non- 
coding regions [30,46,47]. A recent study in cattle also 
reported that the majority of lead variants in the stature- 
associated regions were non-coding variants [10]. In the cur
rent study, we found that approximately 97.96% of sugges
tive variants for body weight-related traits were located in 
non-coding regions, significantly enriched in regulatory ele
ments including promoters, enhancers, and eCGIs in muscle 
tissue in beef cattle. These results are in line with the findings 
that GWAS hits for milk production and selective sweeps are 
highly enriched in chromatin states relevant to active pro
moters and enhancers in dairy cattle [29,45]. Although these 
enrichment analyses were performed in different tissue types 
in different cattle breeds, we observed a consistent enrich
ment pattern in non-coding regions across the genome. These 
findings further support that genomic variants associated 
with complex traits are concentrated in regulatory elements 
rather than protein-coding regions as reported in 
humans [57,58].

Our study contributes to extensive transcriptomic as well 
as multi-layer epigenomic datasets of muscle tissues from the 
same individuals. These molecular profiles enable an in-depth 
exploration of the genetic regulation of important traits in 
beef cattle. Moreover, our data further contribute to impor
tant genome resources of farm animals, facilitating compara
tive analyses with publicly available datasets [26]. In this 
study, we identified 3340 eGenes in muscle tissue, of which 
1194 (35.75%) overlapped with those reported in 
CattleGTEx (which contains 2766 muscle eGenes), while 
2146 were novel eGenes not previously reported in 
CattleGTEx [27]. These genes were predominantly enriched 
in metabolic and biosynthetic processes, such as lipid meta
bolic process and organophosphate biosynthetic process, sug
gesting their potential roles in the regulation of muscle 
growth. We believe that the analysis framework and findings 
of the current study should benefit from the dedicated experi
mental design, a homogeneous herd, and uniform sampling 
from the same cattle population [59,60]. Our study expands 
the functional annotation of the bovine genome and provides 
insights into regulatory elements for important traits in cattle. 
The corroborative findings from previous studies indicate 
that GWAS signals are significantly enriched in functional 
elements in trait-relevant tissues [28,61]. Importantly, our 
study reveals that eVariants are significantly enriched in the 
TSSs of eGenes, GWAS signals, and cis-regulatory elements, 
indicating that functional variants may mediate their regula
tory effects through complex patterns across the ge
nome [62,63].

A previous study identified several candidate variations lo
cated in the PLAG1–CHCHD7 intergenic region, which 
were proposed as the most likely cis-acting causal variants 
influencing bidirectional promoter strength [64]. Although 
no cis-eQTL was detected in the PLAG1–CHCHD7 locus, 
we successfully captured GWAS signals near open chromatin 
regions associated with knuckle weight and hind shin weight, 
suggesting potential genetic regulation at this locus. Fu et al. 
reported that two candidate variants for bovine stature were 
located in the TSS and promoter regions while exhibiting 
strong H3K4me3 signals in various tissues [65].

Remarkably, we identified a pleiotropic genomic region on 
BTA6 with strong evidence by integrating multiple analytical 
strategies and functional annotations from multi-omics data. 
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Our analysis highlights several prioritized genes affected by 
functional regulatory elements, including LAP3, MED28, 
NCAPG, and LCORL. These genes have previously been 
reported to be associated with body weight, size, and growth 
traits in cattle [10]. Previous analysis also suggests that LAP3, 
NCAPG, and LCORL show significant correlations between 
their gene expression and average daily gain in cattle [39,41]. In 
addition, these genes have been reported to play critical roles in 
myogenic differentiation in cattle and sheep [66–68]. Moreover, 
LAP3 was also identified as a candidate gene for longissimus 
dorsi muscle weight using TWAS [69].

Our study investigated the transcriptional regulation patterns 
in the LAP3–LCORL locus associated with body weight-re
lated traits by integrating gene expression, chromatin accessibil
ity, DNA methylation, and other epigenomic data. We 
identified abundant regulatory elements in this locus, including 
24 open chromatin regions and 10 HMRs, which colocalized 
with histone modification marks with a high frequency. 
Specifically, we observed that the LAP3–LCORL region exhib
ited dynamic changes in chromatin accessibility and DNA meth
ylation, indicating its complex regulatory landscape. These 
integrative findings may suggest the effect of cis-regulatory ele
ments on the transcriptional regulation of weight-related genes 
[70,71]. By incorporating TAD information, we found intense 
chromatin interactions among candidate genes including LAP3, 
MED28, FAM184B, DCAF16, and NCAPG, implying that en
hancer–promoter interactions may be involved in the complex 
regulation of bovine stature [72]. Further analysis of accurate 
enhancer–promoter interactions for stature-related genes may 
leverage higher-resolution three-dimensional chromatin confor
mation data and more thorough molecular experiments.

In this study, we identified rs110242144 in the LAP3– 
LCORL locus as a regulatory variant for body weight-related 
traits, showing strong pleiotropic effects on both traits and 
gene expression. This finding may be supported by the higher 
LD levels and regulatory interactions of TAD between 
rs110242144 and nearby variants. We hypothesize that this 
SNP may regulate the LAP3–LCORL locus through complex 
regulation patterns, potentially by influencing promoter ac
tivity and interaction among TF binding, DNA methylation, 
and histone modifications. Our dual-luciferase reporter assay 
further validated the potential role of rs110242144 (located 
in the promoter of NCAPG) in altering the promoter activity 
of its target gene. In addition, this SNP may also influence the 
binding of TFs which have been reported as key regulators of 
feed efficiency in cattle [73].

While this study has significantly enhanced our knowledge of 
the genetic regulation of body weight, there is potential for fur
ther improvement through the inclusion of larger sample sizes, 
more diverse populations, and analysis of multiple tissues. 
Further investigations integrating cell catalogs and exploring 
gene–environment interactions may help systematically eluci
date potential molecular mechanisms underlying complex traits 
[74,75]. Additionally, comprehensive molecular experiments 
are needed to validate the functions and regulatory mechanisms 
implicated in this study.

In conclusion, our research provides a comprehensive, 
multi-omics understanding of the genetic regulation of these 
candidate regions associated with body weight-related traits 
in cattle. Moreover, comparative analysis reveals the pleio
tropic variants within a promising locus LAP3–LCORL on 
BTA6, which exhibit complex regulatory effects on body 
weight and height. Our findings contribute to unraveling the 

genetic mechanisms governing weight-related traits and shed 
valuable light on the genetic improvement of farm animals.

Materials and methods
Animals and phenotypes
All animals were derived from Chinese Simmental beef cattle 
(Huaxi cattle) in Ulgai, Xilingol League, Inner Mongolia 
Autonomous Region, China. The measurement of various 
phenotypes was conducted as described in our previous stud
ies [38,76]. A total of 43 body weight-related traits were col
lected, including live weight, carcass weight, dressing 
percentage, and net meat weight, according to the GB/T 
17238-2022. Detailed information for beef cuts is presented 
in Table S1. A cohort of 227 cattle, all born between 2017 
and 2021 at the Prairie Ulgai, Xilingol League, Inner 
Mongolia Autonomous Region, China, was transported to a 
contracted feedlot at an average age of 12 months. All indi
viduals were fed a standard feedlot diet consisting of maize, 
protein, vitamins, and minerals. After fattening for 
12 months, they were transferred to Inner Mongolia 
Zhongao Food Co., Ltd. for slaughter. Slaughtering and 
carcass-splitting procedures were implemented in accordance 
with the national standards. The longissimus dorsi muscle 
samples were immediately collected, rinsed with a sterilized 
phosphate-buffered saline (PBS) buffer, and frozen in a 2-ml 
tube for further analysis.

RNA-seq and expression profiling
Total RNA was extracted from the muscle tissue using 
TRIzol (Catalog No. 15596026, Invitrogen, Carlsbad, CA) 
according to the manufacturer’s instructions. Library prepa
ration and sequencing were performed as described in a pre
vious study [77]. After filtering out reads with low quality, a 
total of 5.05 billion clean reads from 227 samples were 
obtained. To quantify gene expression, these clean reads were 
mapped to the ARS-UCD1.2 reference genome using hierar
chical indexing for spliced alignment of transcripts 2 
(HISAT2) with default setting [78]. In total, 95.90% of the 
total reads were successfully mapped. Based on the mapped 
reads, gene features were characterized using Ensembl anno
tation. StringTie was used to calculate the TPM for each gene 
among samples [79].

Genotyping, sequencing, and imputation
All samples were genotyped using the Illumina BovineHD 
SNP array, with SNP positions determined according to the 
ARS-UCD1.2 reference genome [80]. A total of 602,053 var
iants and 1577 individuals were retained after quality control 
using PLINK (a toolset for whole-genome association and 
population-based linkage analyses; v1.90) [81] based on the 
following criteria: call rate > 90%, genotype call rate < 95%, 
MAF < 0.05, and Hardy–Weinberg equilibrium P < 1 × 10−5. 
We then imputed the filtered SNPs on autosomes to the whole- 
genome sequence level using Beagle 5.4 based on multiple- 
population panels, which consisted of 1842 individuals from 
Run8 of the 1000 Bull Genomes Project (ERZ1738264) and 
44 representative individuals from our studied population as 
previously described [82–84].

Sequencing variant annotation
Quality control for the imputed sequencing variants was per
formed using thresholds of MAF>0.05 and DR2 > 0.8. A 
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total of 10,213,925 autosomal SNPs with an average DR2 of 
0.93 were retained for GWAS and eQTL analyses. SnpEff 
(v5.1) was used to annotate all variants and evaluate their 
impacts [85]. Functional annotation of SNPs was performed 
based on gene features from the Ensembl database. These 
SNPs were grouped into nine functional classes, including 
intergenic region, missense, synonymous, and intron variants 
(Table S16).

Single-SNP-based and gene-based GWAS analyses
In this study, body weight was adjusted using a general linear 
model. Farm, year, and sex were considered as fixed effects. 
Body weight before fattening, fattening days, and the first 
two principal components were included as covariates. The 
phenotype adjustment and association model for GWAS 
analysis were described in our previous study [38]. Principal 
component analysis (PCA) was carried out using genome- 
wide complex trait analysis (GCTA; v1.93.1) based on 
imputed whole-genome sequencing (WGS) data from 1577 
individuals [86]. The associations between the imputed SNPs 
and traits were analyzed using mixed linear models in GCTA 
(v1.93.1). We adopted 5 × 10−8 and 1 × 10−6 as the signifi
cant and suggestive thresholds for the detection of candidate 
variants, respectively. We estimated the genetic variance 
explained by candidate variants for the studied traits using 
the following equation: 

Varg %ð Þ ¼
2pð1 � pÞβ2

σ2
a

� 100% (1) 

where p is the allele frequency of the SNP; β is the allelic sub
stitution effect of the candidate variant for the studied trait; 
σ2

a is the additive genetic variance. We also utilized the sum
mary statistics of the GWAS analyses to perform the condi
tional and joint association analysis (COJO) [86] for the 
candidate region (on BTA6) by considering the genotype of 
the target variant (rs110242144) as the covariate.

Gene-based GWAS analysis was performed using multi- 
marker analysis of genomic annotation (MAGMA; v1.08) 
[87]. We first annotated all the SNPs according to the ge
nome positions by extending 50 kb upstream and down
stream of each gene. A total of 25,804 genes were annotated 
based on genotype data (10,213,925 variants). To increase 
the statistical power and sensitivity for different genetic archi
tectures [87], two models (including SNP-wise Mean and 
SNP-wise Top) were applied for the association test, and 
genes passing the aggregated P value threshold were consid
ered for subsequent analyses. The Bonferroni method with 
the adjusted threshold (0.05/25,804) was used for multiple 
testing corrections.

Multi-trait meta-analysis
To evaluate the pleiotropic effects of identified regions, we 
conducted a multi-trait association analysis based on Chi- 
square statistics [88]. The Chi-square statistic for the multi- 
trait association analysis was calculated for each variant 
as follows: 

χ2
multi-trait ¼ t0iV

−1ti (2) 

where ti is a 43 × 1 vector of the signed t-values of variant i 
for n traits, t0i (1 × 43) is the transpose of the vector ti, and 

V � 1 is the inverse of the 43 × 43 correlation matrix. The cor
relation coefficient was estimated based on the 10,213,925 
estimated SNP effects (signed t-values) across the traits. The 
Bonferroni-corrected significance threshold was applied in 
the multi-trait analyses.

Selective sweep analysis
The iHS was calculated using the selscan software (v1.2.0a), 
with a maximum gap size of 800,000 bp between SNPs [89]. 
The iHS scores were normalized using the norm module in 
selscan, and single-site values for iHS were averaged in non- 
overlapping 50-kb windows across the genome. Regions with 
both the average jiHSj score in the top 1% and more than 
10 SNPs were considered candidate regions under posi
tive selection.

Covariate analysis for eQTL discovery
To avoid false-positive and spurious associations for eQTL 
mapping [77], gene expression values were normalized for 
eQTL analyses using the following procedure: (1) genes were 
selected based on expression thresholds of TPM ≥ 0.1 in 
≥ 20% of samples; (2) gene expression values were quantile 
normalized and then inverse normal transformed across 
individuals. To adjust for potential batch effects and other 
technical/biological sources of variation that may affect the 
transcriptome-wide variation, we estimated potential covari
ates using the PEER (v1.3) method as described in a previous 
study [90]. According to the GTEx protocol [23], the PEER 
factors were recommended to be set at 30. However, the pos
terior variances of factor weights showed diminishing returns 
and nearly reached a plateau after 10 PEER factors were in
cluded (Figure S2F). Therefore, we used 10 PEER covariates 
to account for the effects of confounding variables on gene 
expression in subsequent analyses. To further control the ef
fect of population structure on eQTL discovery, we included 
the first two principal components.

eQTL mapping
The cis-eQTLs were detected within a 1-Mb window around 
each gene’s TSS using FastQTL (v2.184) [91]. We calculated 
empirical P values for the associated variant of each gene using 
the adaptive permutation mode (parameter setting: --permute 
1000 10,000). To identify potential eGenes, we determined the 
lead variant for each gene based on the empirical P value, fol
lowed by multiple testing correction (FDR ≤ 0.05). The nomi
nal mode in FastQTL was used to calculate the P value for each 
variant–gene pair, and variants with nominal P values below 
the gene-level threshold were considered statistically significant 
[24,27]. Then, we calculated aFC (defined as the ratio of the ex
pression level of the haplotype carrying the alternative allele to 
that carrying the reference allele) using the aFC (v0.3) tool [92]. 
We further applied DAP-G (v1.0.0) to infer multiple 
independent causal cis-eQTLs for each gene [93]. A cutoff of 
0.1 (a signal-level posterior inclusion probability greater than 
0.9) was set as the inclusion threshold to detect independent 
eQTLs for target eGenes. To compare the replication rates of 
cis-eQTLs between this study and CattleGTEx, the π1 statistic 
was estimated using the R package qvalue [94].

TWAS analysis
We conducted a TWAS analysis using functional summary- 
based imputation (FUSION) [95]. First, we estimated the her
itability of each expressed gene using the GCTA software 
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(v1.93.0). Genes with significantly non-zero heritability 
(h2

GE > 0 and P ≤ 0.05) were retained to compute SNP 
weights for gene expression. Subsequently, we performed 
five-fold cross-validation using five models: best linear unbi
ased prediction (BLUP), BSLMM, elastic net regression 
(ENET), least absolute shrinkage and selection operator 
(LASSO), and single best eQTL (TOP1). This approach 
helped us identify the optimal model when the gene’s herita
bility was significant. The R script make_score.R from 
FUSION was used to estimate the effects of gene expression, 
and PLINK (v1.90) was used to predict the expression levels 
for all 1577 individuals. The association between predicted 
expression and studied traits was assessed using linear 
regression, with multiple testing corrections applied via the 
Benjamini–Hochberg (BH) method to control FDR ≤ 0.05.

Colocalization and SMR analyses
We performed colocalization analysis for cis-eQTLs 
and GWAS loci using fastENLOC (v2.0) [96]. Briefly, we es
timated the probabilistic annotation of cis-eQTLs using 
DAP-G (v1.0.0) and annotated cis-eQTLs using the summari
ze_dap2enloc.pl script. We estimated approximate LD blocks 
across the genome using PLINK (v1.90) and then calculated 
the posterior inclusion probability of each LD block using the 
TORUS tool [97] based on z-scores from GWAS. Using 
fastENLOC (v2.0) [98], we estimated the LCP for each LD- 
independent genomic region, and a gene with LCP > 0.8 was 
considered a significant candidate.

We also conducted colocalization analysis using the 
COLOC (v5.1.0) method with the function coloc.abf [99]. 
We estimated PP.H4 and retained the tissue–trait–gene triples 
with PP.H4> 0.8. To prioritize target genes and regulatory 
elements for candidate loci, we next conducted SMR analysis 
using the SMR software (v1.03) [33]. We used the top- 
associated eQTL in the cis-region as the instrumental variable 
to test the associations of gene expression with GWAS sum
mary statistics for the 43 traits. In addition, PSMR was ad
justed by the BH method, and significance was defined as 
FDR ≤ 0.05.

Library construction and sequencing for WGBS
Genomic DNA from ten longissimus dorsi muscle samples 
was extracted using the QIAamp DNA Mini Kit (Catalog 
No. 51304, QIAGEN, Valencia, CA) according to the manu
facturer’s instructions. Genomic DNA was sheared to frag
ments of 200–300 bp using a Covaris S220 (Covaris, 
Woburn, MA), followed by terminal repair and adapter liga
tion. Bisulfite conversion was performed using the EZ DNA 
Methylation Gold Kit (Catalog No. D5005, Zymo Research, 
Irvine, CA). After processing, the unmethylated C became U 
[which became T after polymerase chain reaction (PCR) am
plification], while the methylated C remained unchanged. 
The WGBS library for each sample was constructed by PCR 
amplification. The integrity, concentration, and size of DNA 
fragments of each library were measured using an Agilent 
2100 Bioanalyzer (Agilent Technologies, Santa Clara, CA). 
Library quantification was performed using iCycler quantita
tive PCR machine (Bio-Rad, Hercules, CA). Finally, the 
WGBS libraries were sequenced on the Illumina HiSeq X Ten 
platform to generate 150-bp paired-end reads by Novogene 
(Novogene, Beijing, China).

Identification of methylcytosines, CpG islands, 
and HMRs
The raw WGBS data were filtered using the fastp software 
(v0.21.0) [100]. The filtration criteria were as follows: (1) re
move adapter sequences; (2) discard reads with N content ex
ceeding 10% of the read bases; and (3) remove reads with 
low-quality bases exceeding 50% of the read bases. The in
dex of the ARS-UCD1.2 reference genome was built using 
bismark_genome_preparation in Bismark (v0.23.0) [101]. 
The clean reads from each sample were aligned to the refer
ence genome using Bismark (v0.23.0) [101] with default 
parameters. After removing the duplicate reads, the methylcyto
sine information was extracted using bismark_methylation_ 
extractor and summarized using bismark2summary.

Only CpG sites with at least 10× coverage were used for 
CGI and HMR detection. For CGI detection, we used the 
CpGIScan software with default parameters (length ≥ 500 bp, 
GC content ≥ 55%, and ObsCpG/ExpCpG ratio ≥ 0.65) on 
the cattle reference genome [102]. The methylation level of 
each cCGI for each sample was calculated, and the eCGI was 
defined as having a methylation level below 0.3 in at least one 
sample. For HMR detection, we chose a 10-kb window size 
for muscle samples using methpipe (v3.4.3) with default 
parameters [103].

Library construction and sequencing for ATAC-seq
ATAC-seq libraries were constructed from ten cryopreserved 
muscle tissue samples according to the protocol described by 
Halstead and his colleagues [104]. In brief, frozen tissue was 
chopped, resuspended in homogenization buffer, and ground 
into a homogeneous suspension, followed by filtering with a 
cell strainer. Transposition reactions were performed using 
the Illumina Nextera DNA Library Preparation Kit [Catalog 
No. FC-121-1030, Illumina, San Diego, CA; containing the 
transposase MIX and two equimolar adapters (adapter 1 and 
adapter 2)] at 37�C for 30 min. Transposed DNA was then 
purified with the MinElute PCR Purification Kit (Catalog 
No. 28004, QIAGEN). Eluted DNA was amplified with 
custom-synthesized index primers using real-time PCR. After 
PCR amplification, libraries were purified with the 
Agencourt AMPure beads (Catalog No. A63880, Beckman 
Coulter, Brea, CA) and quantified by Qubit (Catalog No. 
Q33231, Thermo Fisher Scientific, Waltham, MA). The clus
tering of the indexed samples was performed on a cBot 
Cluster Generation System using the TruSeq PE Cluster Kit 
v3-cBot-HS (Catalog No. PE-401-3001, Illumina) according 
to the manufacturer’s instructions. After cluster generation, 
the libraries were sequenced on the Illumina Hiseq X Ten 
platform to generate 150-bp paired-end reads.

Mapping and peak calling for ATAC-seq
Raw sequencing reads were initially quality-assessed by 
FastQC (v0.11.5). Subsequently, raw reads were filtered us
ing fastp (v0.21.0) [100] with the following strict criteria: (1) 
remove reads with more than 40% of the read bases having a 
base quality score below 15; (2) discard reads with more than 
6 N bases; (3) remove adapter sequences; and (4) discard 
reads shorter than 50 bp after trimming. Clean reads were 
aligned to the ARS-UCD1.2 reference genome using Bowtie 2 
(v2.2.7) [105] with default settings. Binary alignment map 
(BAM) files were sorted using SAMtools (v1.9) [106]. Peak 
calling for muscle samples was performed using Genrich 
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(RRID:SCR_025320) with the following parameters: -m 30, 
-j (ATAC-seq mode), -r (to remove PCR duplicates), -e MT 
(to exclude mitochondrial chromosomes), -q 0.05 (FDR-ad
justed P value threshold).

ChIP-seq and Hi-C analyses
ChIP-seq data were obtained from the Gene Expression 
Omnibus (GEO: GSE158430) [46], which included muscle 
samples from two Hereford cattle profiled for H3K4me3, 
H3K4me1, H3K27ac, H3K27me3, and CTCF. We also 
downloaded the 14 distinct chromatin states of muscle tissue 
predicted by ChromHMM. Subsequent analysis focused on 
narrow peaks to investigate the characteristics and biological 
functions of these epigenetic signatures according to a previ
ous study by Kern and his colleagues [46].

Hi-C data from bovine lung tissue were retrieved from the 
National Center for Biotechnology Information (NCBI) 
Sequence Read Archive (SRA: SRR5753600, SRR5753603, 
and SRR5753606) [47]. Trim Galore (v0.6.8) was used to re
move adapter sequences and low-quality reads with default 
settings. Cleaned Hi-C reads were mapped to the ARS- 
UCD1.2 reference genome using bwa (v0.7.17). A Hi-C con
tact matrix was built with a resolution of 10 kb using the 
hicFindTADs module in HiCExplorer (v3.7.2) [107]. TADs 
were identified in the Hi-C data based on multiple testing 
corrections (FDR ≤ 0.01).

GWAS signal and eQTL enrichment analyses
SumGSE was used to perform GWAS signal enrichment 
analysis [108]. The enrichment patterns of eQTLs within 
functional elements and gene features were analyzed using ge
nomic association tester (GAT; v1.3.6) [109] and TORUS 
[97]. Gene set enrichment analysis was conducted using 
clusterProfiler in R and g:Profiler [110,111].

PheWAS analysis and QTL comparison for 
candidate variants
Protein sequences of the target genes were downloaded from 
the NCBI Protein database. Multiple sequence alignment was 
performed using BioEdit (v7.2.6.1) to evaluate protein se
quence conservation. The disruptive effects of candidate 
SNPs on TF binding sites (TFBSs) were analyzed using 
Motifbreak R (v2.2.0) combined with the JASPAR2022 data
base [112]. The significant variants on BTA6 were lifted to 
the corresponding positions in the genome assemblies of pig 
(susScr11), horse (EquCab3), chicken (galGal6), sheep 
(oviAri4), and human (GRCh38) [80]. PheWAS analysis was 
conducted using the GWAS ATLAS database [48]. The asso
ciated traits for the studied variants or genes were queried in 
the PheWAS module and sorted by domain and P value. 
Traits with a P value less than the Bonferroni-corrected sig
nificance threshold (0.05/number of traits) were considered 
candidate traits. QTL information on farm animals was re
trieved from the Animal QTL Database (Release 50). The 
comparative analyses between variants and QTLs were per
formed by BEDTools [113].

Cell culture and plasmid construction
HEK293T cells were cultured in growth medium (90% 
Dulbecco’s Modified Eagle Medium–High Glucose, 10% fe
tal bovine serum, 100 μg/ml streptomycin, and 100 g/ml peni
cillin) according to our previous study [114]. The incubator 

was set to provide a humidified atmosphere of 37�C and 
5% CO2.

A fragment of the NCAPG promoter was amplified from bo
vine DNA using the 2× Phanta Max Master Mix (Dye Plus) 
(Catalog No. P525-02, Vazyme, Nanjing, China) following the 
manufacturer’s instructions. The primers used were NCAPG-F- 
KpnI (50-GGAGGTACCAGGCAGCTAGTGCCCAATTT-30) 
and NCAPG-R-MluI (50-CGTACGCGTTGCTTCCTTTCCC 
ACACCTG-30), and the annealing temperature was set to 
64�C. After amplification, the purified PCR fragments were 
digested with KpnI and MluI (Catalog Nos. 1068A and 1071A, 
TAKARA, Kusatsu, Japan) at 37�C for 1 h, and then purified 
using the E.Z.N.A. Gel Extraction Kit (Catalog No. D2500-01, 
Omega, Norcross, GA). The purified fragments were ligated 
into the pGL3 vector using T4 DNA ligase (Catalog No. C301- 
02, Vazyme) and transformed into competent cells (Catalog 
No. C502-02, Vazyme). The rs110242144 G>C mutation was 
introduced using the Mut Express MultiS Fast Mutagenesis Kit 
V2 (Catalog No. C215-02, Vazyme) with the primers NCAPG 
Mut-F (50-ACTTCAAGcCAAATAGCTCAATTCAGGCACT 
GG-30) and NCAPG Mut-R (50-GCTATTTGgCTTGAAGT 
TTCCTTTTGATCTCGTAA-30). Plasmid DNA was extracted 
from 16-h bacterial cultures using the EndoFree Mini Plasmid 
Kit II (Catalog No. 4992422, Tiangen, Beijing, China) and veri
fied by Sanger sequencing at Sangon Biotech (Beijing, China). 
The resulting constructs were named pGL-WT and pGL-MUT, 
respectively.

Dual-luciferase reporter assay
Prior to transfection, HEK293T cells were seeded into a 
24-well plate and incubated until they reached approximately 
80% confluency. Each well was then transfected with 200 ng 
of the recombinant vector (pGL3, pGL-WT, or pGL-MUT), 
along with 100 ng of pGL4.74 hRluc/Tk, using 
Lipofectamine 3000 Transfection Reagent (Catalog No. 
L3000150, Invitrogen). After 48 h, cell lysates were collected 
and used to measure the relative transcriptional activity of 
each group using the Dual-Glo Luciferase-Assay System 
(Catalog No. E2920, Promega, Madison, WI), following the 
manufacturer’s instructions. The relative luciferase activities 
were assessed on an Infinite 200 PRO (TECAN, AG, 
Switzerland). All experiments were carried out in parallel and 
in quadruplicate. Statistical difference in relative luciferase 
activity between the two groups were evaluated using 
Student’s t-test implemented in the R package ggsignif.

Ethical statement
All animal procedures were performed strictly according to 
the guidelines proposed by the China Council on Animal 
Care and in compliance with the Animal Research: Reporting 
In Vivo Experiments (ARRIVE) guidelines. Tissue samples 
from beef cattle were collected with the approval of the 
Ethics Committee of Science Research Department of the 
Institute of Animal Science, Chinese Academy of Agricultural 
Sciences (Approval No. IAS2020-48).

Data availability
The WGBS, ATAC-seq, and RNA-seq datasets have been de
posited in the Genome Sequence Archive [115] at the 
National Genomics Data Center (NGDC), China National 
Center for Bioinformation (CNCB) (GSA: CRA011244; 
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CRediT author statement
Qunhao Niu: Conceptualization, Software, Formal analysis, 
Investigation, Writing – original draft. Jiayuan Wu: Software. 
Tianyi Wu: Validation. Tianliu Zhang: Investigation. 
Tianzhen Wang: Resources. Xu Zheng: Resources. Zhida 
Zhao: Software. Ling Xu: Methodology. Zezhao Wang: Data 
curation. Bo Zhu: Data curation. Lupei Zhang: Resources. 
Huijiang Gao: Resources. George E. Liu: Writing – review & 
editing, Funding acquisition. Junya Li: Funding acquisition, 
Project administration. Lingyang Xu: Methodology, Writing 
– review & editing, Supervision, Funding acquisition. All 
authors have read and approved the final manuscript.

Competing interests
The authors have declared no competing interests.

Supplementary material
Supplementary material is available at Genomics, Proteomics & 
Bioinformatics online (https://doi.org/10.1093/gpbjnl/qzaf067).

Acknowledgments
This study was supported by the National Key R&D 
Program of China (Grant No. 2022YFF1000600) and the 
National Natural Science Foundation of China (Grant No. 
31972554). This study was partly supported by the 
Agricultural Science and Technology Innovation Program of 
the Chinese Academy of Agricultural Sciences (Grant Nos. 
ASTIP-IAS-TS-16 and ASTIP-IAS03) and the National Beef 
Cattle Industrial Technology System (Grant No. CARS-37). 
George E. Liu was supported in part by the Agriculture and 
Food Research Initiative (AFRI) (Grant Nos. 2019-67015- 
29321 and 2021-67015-33409) from the United States 
Department of Agriculture (USDA) National Institute of 
Food and Agriculture (NIFA) Animal Genome and 
Reproduction Programs. Lingyang Xu was supported by the 
Elite Youth Scientists Program of the Chinese Academy of 
Agricultural Sciences. The authors would like to thank the 
staff at Jingxin Xufa Agricultural Development Co., Ltd. in 
Hebei Province of China and Inner Mongolia Zhongao Food 
Co., Ltd. in Inner Mongolia Autonomous Region of China 
for their assistance in animal care and sample collection.

ORCID
0000-0003-1386-9074 (Qunhao Niu)
0000-0002-1481-3673 (Jiayuan Wu)
0000-0002-8719-6821 (Tianyi Wu)
0000-0001-9398-9791 (Tianliu Zhang)
0000-0003-4448-6391 (Tianzhen Wang)
0009-0005-8058-752X (Xu Zheng)
0009-0002-5168-0141 (Zhida Zhao)
0009-0004-5919-0731 (Ling Xu)
0000-0003-1224-681X (Zezhao Wang)
0000-0002-3964-7288 (Bo Zhu)
0000-0001-7701-2331 (Lupei Zhang)

0000-0002-5502-2528 (Huijiang Gao)
0000-0003-0192-6705 (George E. Liu)
0000-0001-8051-050X (Junya Li)
0000-0002-8463-6668 (Lingyang Xu)

References
00[1] Kemper KE, Visscher PM, Goddard ME. Genetic architecture of 

body size in mammals. Genome Biol 2012;13:244.
00[2] Yuan Y, Peng D, Gu X, Gong Y, Sheng Z, Hu X. Polygenic basis 

and variable genetic architectures contribute to the complex na
ture of body weight – a genome-wide study in four Chinese in
digenous chicken breeds. Front Genet 2018;9:229.

00[3] He Y, Li X, Zhang F, Su Y, Hou L, Chen H, et al. Multi-breed 
genome-wide association study reveals novel loci associated 
with the weight of internal organs. Genet Sel Evol 2015;47:87.

00[4] Dou T, Zhao S, Rong H, Gu D, Li Q, Huang Y, et al. Biological 
mechanisms discriminating growth rate and adult body weight 
phenotypes in two Chinese indigenous chicken breeds. BMC 
Genomics 2017;18:469.

00[5] Plassais J, Kim J, Davis BW, Karyadi DM, Hogan AN, Harris 
AC, et al. Whole genome sequencing of canids reveals genomic 
regions under selection and variants influencing morphology. 
Nat Commun 2019;10:1489.

00[6] Chen Q, Huang B, Zhan J, Wang J, Qu K, Zhang F, et al. 
Whole-genome analyses identify loci and selective signals associ
ated with body size in cattle. J Anim Sci 2020;98:skaa068.

00[7] Posbergh CJ, Huson HJ. All sheeps and sizes: a genetic investiga
tion of mature body size across sheep breeds reveals a polygenic 
nature. Anim Genet 2021;52:99–107.

00[8] Malenfant RM, Davis CS, Richardson ES, Lunn NJ, Coltman 
DW. Heritability of body size in the polar bears of Western 
Hudson Bay. Mol Ecol Resour 2018;18:854–66.

00[9] Little MA. Evolutionary strategies for body size. Front 
Endocrinol (Lausanne) 2020;11:107.

0[10] Bouwman AC, Daetwyler HD, Chamberlain AJ, Ponce CH, 
Sargolzaei M, Schenkel FS, et al. Meta-analysis of genome- 
wide association studies for cattle stature identifies common 
genes that regulate body size in mammals. Nat Genet 2018; 
50:362–7.

0[11] Zhao R, Talenti A, Fang L, Liu S, Liu G, Chue Hong NP, et al. 
The conservation of human functional variants and their effects 
across livestock species. Commun Biol 2022;5:1003.

0[12] Sanchez MP, Tribout T, Kadri NK, Chitneedi PK, Maak S, Hoz�e 
C, et al. Sequence-based GWAS meta-analyses for beef produc
tion traits. Genet Sel Evol 2023;55:70.

0[13] Zhang F, Wang Y, Mukiibi R, Chen L, Vinsky M, Plastow G, et 
al. Genetic architecture of quantitative traits in beef cattle 
revealed by genome wide association studies of imputed whole 
genome sequence variants: I: feed efficiency and component 
traits. BMC Genomics 2020;21:36.

0[14] Purfield DC, Evans RD, Berry DP. Reaffirmation of known ma
jor genes and the identification of novel candidate genes associ
ated with carcass-related metrics based on whole genome 
sequence within a large multi-breed cattle population. BMC 
Genomics 2019;20:720.

0[15] Yengo L, Vedantam S, Marouli E, Sidorenko J, Bartell E, Sakaue 
S, et al. A saturated map of common genetic variants associated 
with human height. Nature 2022;610:704–12.

0[16] Xiang R, Fang L, Liu S, Macleod IM, Liu Z, Breen EJ, et al. 
Gene expression and RNA splicing explain large proportions of 
the heritability for complex traits in cattle. Cell Genom 2023; 
3:100385.

0[17] Xiang R, Berg IVD, MacLeod IM, Hayes BJ, Prowse-Wilkins 
CP, Wang M, et al. Quantifying the contribution of sequence 
variants with regulatory and evolutionary significance to 34 

16                                                                                                                                        Genomics, Proteomics & Bioinformatics, 2025, Vol. 23, No. 4 
D

ow
nloaded from

 https://academ
ic.oup.com

/gpb/article/23/4/qzaf067/8237396 by G
enom

ic & Bioinfom
atic C

enter,C
AS user on 10 February 2026

https://ngdc.cncb.ac.cn/gsa
https://academic.oup.com/gpbjnl/article-lookup/doi/10.1093/gpbjnl/qzaf067#supplementary-data
https://doi.org/10.1093/gpbjnl/qzaf067


bovine complex traits. Proc Natl Acad Sci U S A 2019; 
116:19398–408.

0[18] Wang M, Hancock TP, MacLeod IM, Pryce JE, Cocks BG, 
Hayes BJ. Putative enhancer sites in the bovine genome are 
enriched with variants affecting complex traits. Genet Sel Evol 
2017;49:56.

0[19] Yuan C, Tang L, Lopdell T, Petrov VA, Oget-Ebrad C, Moreira 
GCM, et al. An organism-wide ATAC-seq peak catalog for the 
bovine and its use to identify regulatory variants. Genome Res 
2023;33:1848–64.

0[20] Gallagher MD, Chen-Plotkin AS. The post-GWAS era: from as
sociation to function. Am J Hum Genet 2018;102:717–30.

0[21] Schaub MA, Boyle AP, Kundaje A, Batzoglou S, Snyder M. 
Linking disease associations with regulatory information in the 
human genome. Genome Res 2012;22:1748–59.

0[22] Yang J, Ferreira T, Morris AP, Medland SE, Genetic 
Investigation of ANthropometric Traits (GIANT) Consortium, 
DIAbetes Genetics Replication And Meta-analysis (DIAGRAM) 
Consortium, et al. Conditional and joint multiple-SNP analysis 
of GWAS summary statistics identifies additional variants 
influencing complex traits. Nat Genet 2012;44:369–75.

0[23] The GTEx Consortium. The GTEx Consortium atlas of genetic 
regulatory effects across human tissues. Science 2020; 
369:1318–30.

0[24] The GTEx Consortium. Genetic effects on gene expression 
across human tissues. Nature 2017;550:204–13.

0[25] ENCODE Project Consortium. The ENCODE (ENCyclopedia 
Of DNA Elements) Project. Science 2004;306:636–40.

0[26] Andersson L, Archibald AL, Bottema CD, Brauning R, Burgess 
SC, Burt DW, et al. Coordinated international action to 
accelerate genome-to-phenome with FAANG, the Functional 
Annotation of Animal Genomes project. Genome Biol 2015; 
16:57.

0[27] Liu S, Gao Y, Canela-Xandri O, Wang S, Yu Y, Cai W, et al. A 
multi-tissue atlas of regulatory variants in cattle. Nat Genet 
2022;54:1438–47.

0[28] Finucane HK, Bulik-Sullivan B, Gusev A, Trynka G, Reshef Y, 
Loh PR, et al. Partitioning heritability by functional annotation 
using genome-wide association summary statistics. Nat Genet 
2015;47:1228–35.

0[29] Liu S, Yu Y, Zhang S, Cole JB, Tenesa A, Wang T, et al. 
Epigenomics and genotype–phenotype association analyses re
veal conserved genetic architecture of complex traits in cattle 
and human. BMC Biol 2020;18:80.

0[30] Hindorff LA, Sethupathy P, Junkins HA, Ramos EM, Mehta JP, 
Collins FS, et al. Potential etiologic and functional implications 
of genome-wide association loci for human diseases and traits. 
Proc Natl Acad Sci U S A 2009;106:9362–7.

0[31] Joslin AC, Sobreira DR, Hansen GT, Sakabe NJ, Aneas I, 
Montefiori LE, et al. A functional genomics pipeline identifies 
pleiotropy and cross-tissue effects within obesity-associated 
GWAS loci. Nat Commun 2021;12:5253.

0[32] Kundu K, Tardaguila M, Mann AL, Watt S, Ponstingl H, 
Vasquez L, et al. Genetic associations at regulatory phenotypes 
improve fine-mapping of causal variants for 12 immune- 
mediated diseases. Nat Genet 2022;54:251–62.

0[33] Zhu Z, Zhang F, Hu H, Bakshi A, Robinson MR, Powell JE, et 
al. Integration of summary data from GWAS and eQTL studies 
predicts complex trait gene targets. Nat Genet 2016;48:481–7.

0[34] Yengo L, Sidorenko J, Kemper KE, Zheng Z, Wood AR, 
Weedon MN, et al. Meta-analysis of genome-wide association 
studies for height and body mass index in � 700,000 individuals 
of European ancestry. Hum Mol Genet 2018;27:3641–9.

0[35] Rubin CJ, Megens HJ, Martinez Barrio A, Maqbool K, Sayyab 
S, Schwochow D, et al. Strong signatures of selection in the do
mestic pig genome. Proc Natl Acad Sci U S A 2012; 
109:19529–36.

0[36] Naval-Sanchez M, Nguyen Q, McWilliam S, Porto-Neto LR, 
Tellam R, Vuocolo T, et al. Sheep genome functional annotation 

reveals proximal regulatory elements contributed to the evolu
tion of modern breeds. Nat Commun 2018;9:859.

0[37] Zhang W, Li J, Guo Y, Zhang L, Xu L, Gao X, et al. Multi-strat
egy genome-wide association studies identify the DCAF16– 
NCAPG region as a susceptibility locus for average daily gain in 
cattle. Sci Rep 2016;6:38073.

0[38] Niu Q, Zhang T, Xu L, Wang T, Wang Z, Zhu B, et al. 
Integration of selection signatures and multi-trait GWAS reveals 
polygenic genetic architecture of carcass traits in beef cattle. 
Genomics 2021;113:3325–36.

0[39] Takasuga A. PLAG1 and NCAPG–LCORL in livestock. Anim 
Sci J 2016;87:159–67.

0[40] Khansefid M, Pryce JE, Bolormaa S, Chen Y, Millen CA, 
Chamberlain AJ, et al. Comparing allele specific expression and 
local expression quantitative trait loci and the influence of gene 
expression on complex trait variation in cattle. BMC Genomics 
2018;19:793.

0[41] Fink T, Tiplady K, Lopdell T, Johnson T, Snell RG, Spelman RJ, 
et al. Functional confirmation of PLAG1 as the candidate causa
tive gene underlying major pleiotropic effects on body weight 
and milk characteristics. Sci Rep 2017;7:44793.

0[42] Teng J, Gao Y, Yin H, Bai Z, Liu S, Zeng H, et al. A compen
dium of genetic regulatory effects across pig tissues. Nat Genet 
2024;56:112–23.

0[43] Xu YX, Wang B, Jing JN, Ma R, Luo YH, Li X, et al. 
Whole-body adipose tissue multi-omic analyses in sheep reveal 
molecular mechanisms underlying local adaptation to extreme 
environments. Commun Biol 2023;6:159.

0[44] Zhao Y, Zhao H, Li L, Tan J, Wang Y, Liu M, et al. Multi-omics 
analysis reveals that the metabolite profile of raw milk is associ
ated with dairy cows’ health status. Food Chem 2023; 
428:136813.

0[45] Clark EL, Archibald AL, Daetwyler HD, Groenen MAM, 
Harrison PW, Houston RD, et al. From FAANG to fork: appli
cation of highly annotated genomes to improve farmed animal 
production. Genome Biol 2020;21:285.

0[46] Kern C, Wang Y, Xu X, Pan Z, Halstead M, Chanthavixay G, et 
al. Functional annotations of three domestic animal genomes 
provide vital resources for comparative and agricultural re
search. Nat Commun 2021;12:1821.

0[47] Rosen BD, Bickhart DM, Schnabel RD, Koren S, Elsik CG, 
Tseng E, et al. De novo assembly of the cattle reference genome 
with single-molecule sequencing. Gigascience 2020;9:giaa021.

0[48] Watanabe K, Stringer S, Frei O, Umi�cevi�c Mirkov M, de Leeuw 
C, Polderman TJC, et al. A global overview of pleiotropy and ge
netic architecture in complex traits. Nat Genet 2019;51:1339–48.

0[49] Zhou Y, Liu S, Hu Y, Fang L, Gao Y, Xia H, et al. Comparative 
whole genome DNA methylation profiling across cattle tissues 
reveals global and tissue-specific methylation patterns. BMC 
Biol 2020;18:85.

0[50] Blanco E, Gonz�alez-Ram�ırez M, Alcaine-Colet A, Aranda S, Di 
Croce L. The bivalent genome: characterization, structure, and 
regulation. Trends Genet 2020;36:118–31.

0[51] Goddard ME, Hayes BJ. Mapping genes for complex traits in 
domestic animals and their use in breeding programmes. Nat 
Rev Genet 2009;10:381–91.

0[52] Solovieff N, Cotsapas C, Lee PH, Purcell SM, Smoller JW. 
Pleiotropy in complex traits: challenges and strategies. Nat Rev 
Genet 2013;14:483–95.

0[53] Smith JM, Haigh J. The hitch-hiking effect of a favourable gene. 
Genet Res 1974;23:23–35.

0[54] Zeng J, Xue A, Jiang L, Lloyd-Jones LR, Wu Y, Wang H, et al. 
Widespread signatures of natural selection across human com
plex traits and functional genomic categories. Nat Commun 
2021;12:1164.

0[55] Qanbari S, Pausch H, Jansen S, Somel M, Strom TM, Fries R, et 
al. Classic selective sweeps revealed by massive sequencing in 
cattle. PLoS Genet 2014;10:e1004148.

Niu Q et al / Multi-omics Analysis of Regulatory Variants for Cattle Weight                                                                                                              17 

D
ow

nloaded from
 https://academ

ic.oup.com
/gpb/article/23/4/qzaf067/8237396 by G

enom
ic & Bioinfom

atic C
enter,C

AS user on 10 February 2026



0[56] Visscher PM, Yang J. A plethora of pleiotropy across complex 
traits. Nat Genet 2016;48:707–8.

0[57] Lowe WL Jr, Reddy TE. Genomic approaches for understanding 
the genetics of complex disease. Genome Res 2015;25:1432–41.

0[58] Hujoel MLA, Gazal S, Hormozdiari F, van de Geijn B, Price AL. 
Disease heritability enrichment of regulatory elements is concen
trated in elements with ancient sequence age and conserved 
function across species. Am J Hum Genet 2019;104:611–24.

0[59] Mapel XM, Kadri NK, Leonard AS, He Q, Lloret-Villas A, 
Bhati M, et al. Molecular quantitative trait loci in reproductive 
tissues impact male fertility in cattle. Nat Commun 2024; 
15:674.

0[60] Kachuri L, Mak ACY, Hu D, Eng C, Huntsman S, Elhawary JR, 
et al. Gene expression in African Americans, Puerto Ricans and 
Mexican Americans reveals ancestry-specific patterns of genetic 
architecture. Nat Genet 2023;55:952–63.

0[61] Fang L, Cai W, Liu S, Canela-Xandri O, Gao Y, Jiang J, et al. 
Comprehensive analyses of 723 transcriptomes enhance genetic 
and biological interpretations for complex traits in cattle. 
Genome Res 2020;30:790–801.

0[62] Pahl MC, Doege CA, Hodge KM, Littleton SH, Leonard ME, Lu 
S, et al. Cis-regulatory architecture of human ESC-derived hypo
thalamic neuron differentiation aids in variant-to-gene mapping 
of relevant complex traits. Nat Commun 2021;12:6749.

0[63] Dixon PH, Levine AP, Cebola I, Chan MMY, Amin AS, Aich A, 
et al. GWAS meta-analysis of intrahepatic cholestasis of preg
nancy implicates multiple hepatic genes and regulatory elements. 
Nat Commun 2022;13:4840.

0[64] Karim L, Takeda H, Lin L, Druet T, Arias JA, Baurain D, et al. 
Variants modulating the expression of a chromosome domain 
encompassing PLAG1 influence bovine stature. Nat Genet 
2011;43:405–13.

0[65] Fu W, Wang R, Nanaei HA, Wang J, Hu D, Jiang Y. RGD v2.0: 
a major update of the ruminant functional and evolutionary ge
nomics database. Nucleic Acids Res 2022;50:D1091–9.

0[66] Hu X, Xing Y, Fu X, Yang Q, Ren L, Wang Y, et al. NCAPG dy
namically coordinates the myogenesis of fetal bovine tissue by 
adjusting chromatin accessibility. Int J Mol Sci 2020;21:1248.

0[67] Ge L, Su P, Wang S, Gu Y, Cao X, Lv X, et al. New insight into 
the role of the leucine aminopeptidase 3 (LAP3) in cell prolifera
tion and myogenic differentiation in sheep embryonic myo
blasts. Genes (Basel) 2022;13:1438.

0[68] Yuan Z, Ge L, Su P, Gu Y, Chen W, Cao X, et al. NCAPG regu
lates myogenesis in sheep, and SNPs located in its putative pro
moter region are associated with growth and development traits. 
Animals (Basel) 2023;13:3173.

0[69] Liang M, An B, Deng T, Du L, Li K, Cao S, et al. Incorporating 
genome-wide and transcriptome-wide association studies to 
identify genetic elements of longissimus dorsi muscle in Huaxi 
cattle. Front Genet 2023;13:982433.

0[70] Zhao Y, Hou Y, Xu Y, Luan Y, Zhou H, Qi X, et al. A compen
dium and comparative epigenomics analysis of cis-regulatory 
elements in the pig genome. Nat Commun 2021;12:2217.

0[71] Liu L, Yi G, Yao Y, Liu Y, Li J, Yang Y, et al. Multi-omics analy
sis reveals signatures of selection and loci associated with com
plex traits in pigs. iMeta 2024;3:e250.

0[72] Cheng J, Cao X, Wang X, Wang J, Yue B, Sun W, et al. Dynamic 
chromatin architectures provide insights into the genetics of cat
tle myogenesis. J Anim Sci Biotechnol 2023;14:59.

0[73] Alexandre PA, Naval-Sanchez M, Porto-Neto LR, Ferraz JBS, 
Reverter A, Fukumasu H. Systems biology reveals NR2F6 and 
TGFB1 as key regulators of feed efficiency in beef cattle. Front 
Genet 2019;10:230.

0[74] Jin L, Wang D, Zhang J, Liu P, Wang Y, Lin Y, et al. Dynamic 
chromatin architecture of the porcine adipose tissues with 
weight gain and loss. Nat Commun 2023;14:3457.

0[75] Wright KM, Deighan AG, Di Francesco A, Freund A, Jojic V, 
Churchill GA, et al. Age and diet shape the genetic architecture 
of body weight in diversity outbred mice. Elife 2022;11:e64329.

0[76] Zhu B, Guo P, Wang Z, Zhang W, Chen Y, Zhang L, et al. 
Accuracies of genomic prediction for twenty economically im
portant traits in Chinese Simmental beef cattle. Anim Genet 
2019;50:634–43.

0[77] Zhang T, Wang T, Niu Q, Xu L, Chen Y, Gao X, et al. 
Transcriptional atlas analysis from multiple tissues reveals the 
expression specificity patterns in beef cattle. BMC Biol 2022; 
20:79.

0[78] Kim D, Paggi JM, Park C, Bennett C, Salzberg SL. Graph-based 
genome alignment and genotyping with HISAT2 and HISAT-ge
notype. Nat Biotechnol 2019;37:907–15.

0[79] Shumate A, Wong B, Pertea G, Pertea M. Improved transcrip
tome assembly using a hybrid of long and short reads with 
StringTie. PLoS Comput Biol 2022;18:e1009730.

0[80] Karolchik D, Baertsch R, Diekhans M, Furey TS, Hinrichs A, Lu 
YT, et al. The UCSC Genome Browser Database. Nucleic Acids 
Res 2003;31:51–4.

0[81] Chang CC, Chow CC, Tellier LC, Vattikuti S, Purcell SM, Lee 
JJ. Second-generation PLINK: rising to the challenge of larger 
and richer datasets. Gigascience 2015;4:7.

0[82] Browning BL, Zhou Y, Browning SR. A one-penny imputed ge
nome from next-generation reference panels. Am J Hum Genet 
2018;103:338–48.

0[83] Daetwyler HD, Capitan A, Pausch H, Stothard P, van 
Binsbergen R, Brøndum RF, et al. Whole-genome sequencing of 
234 bulls facilitates mapping of monogenic and complex traits 
in cattle. Nat Genet 2014;46:858–65.

0[84] Yang L, Niu Q, Zhang T, Zhao G, Zhu B, Chen Y, et al. 
Genomic sequencing analysis reveals copy number variations 
and their associations with economically important traits in beef 
cattle. Genomics 2021;113:812–20.

0[85] Cingolani P, Platts A, Wang LL, Coon M, Nguyen T, Wang L, et 
al. A program for annotating and predicting the effects of single 
nucleotide polymorphisms, SnpEff: SNPs in the genome of 
Drosophila melanogaster strain w1118; iso-2; iso-3. Fly (Austin) 
2012;6:80–92.

0[86] Yang J, Lee SH, Goddard ME, Visscher PM. GCTA: a tool for 
genome-wide complex trait analysis. Am J Hum Genet 2011; 
88:76–82.

0[87] de Leeuw CA, Mooij JM, Heskes T, Posthuma D. MAGMA: 
generalized gene-set analysis of GWAS data. PLoS Comput Biol 
2015;11:e1004219.

0[88] Bolormaa S, Pryce JE, Reverter A, Zhang Y, Barendse W, 
Kemper K, et al. A multi-trait, meta-analysis for detecting pleio
tropic polymorphisms for stature, fatness and reproduction in 
beef cattle. PLoS Genet 2014;10:e1004198.

0[89] Szpiech ZA, Hernandez RD. selscan: an efficient multithreaded 
program to perform EHH-based scans for positive selection. 
Mol Biol Evol 2014;31:2824–7.

0[90] Stegle O, Parts L, Piipari M, Winn J, Durbin R. Using probabilis
tic estimation of expression residuals (PEER) to obtain increased 
power and interpretability of gene expression analyses. Nat 
Protoc 2012;7:500–7.

0[91] Ongen H, Buil A, Brown AA, Dermitzakis ET, Delaneau O. Fast 
and efficient QTL mapper for thousands of molecular pheno
types. Bioinformatics 2016;32:1479–85.

0[92] Mohammadi P, Castel SE, Brown AA, Lappalainen T. 
Quantifying the regulatory effect size of cis-acting genetic var
iation using allelic fold change. Genome Res 2017; 
27:1872–84.

0[93] Wen X, Lee Y, Luca F, Pique-Regi R. Efficient integrative multi- 
SNP association analysis via deterministic approximation of 
posteriors. Am J Hum Genet 2016;98:1114–29.

0[94] Storey JD, Tibshirani R. Statistical significance for genomewide 
studies. Proc Natl Acad Sci U S A 2003;100:9440–5.

0[95] Gusev A, Ko A, Shi H, Bhatia G, Chung W, Penninx BW, et al. 
Integrative approaches for large-scale transcriptome-wide asso
ciation studies. Nat Genet 2016;48:245–52.

18                                                                                                                                        Genomics, Proteomics & Bioinformatics, 2025, Vol. 23, No. 4 
D

ow
nloaded from

 https://academ
ic.oup.com

/gpb/article/23/4/qzaf067/8237396 by G
enom

ic & Bioinfom
atic C

enter,C
AS user on 10 February 2026



0[96] Wen X, Pique-Regi R, Luca F. Integrating molecular QTL data 
into genome-wide genetic association analysis: probabilistic as
sessment of enrichment and colocalization. PLoS Genet 2017; 
13:e1006646.

0[97] Wen X. Molecular QTL discovery incorporating genomic anno
tations using Bayesian false discovery rate control. Ann Appl 
Stat 2016;10:1619–38.

0[98] Hukku A, Sampson MG, Luca F, Pique-Regi R, Wen X. 
Analyzing and reconciling colocalization and transcriptome- 
wide association studies from the perspective of inferential 
reproducibility. Am J Hum Genet 2022;109:825–37.

0[99] Giambartolomei C, Vukcevic D, Schadt EE, Franke L, 
Hingorani AD, Wallace C, et al. Bayesian test for colocalisation 
between pairs of genetic association studies using summary sta
tistics. PLoS Genet 2014;10:e1004383.

[100] Chen S, Zhou Y, Chen Y, Gu J. fastp: an ultra-fast all-in-one 
FASTQ preprocessor. Bioinformatics 2018;34:i884–90.

[101] Krueger F, Andrews SR. Bismark: a flexible aligner and methyla
tion caller for Bisulfite-Seq applications. Bioinformatics 2011; 
27:1571–2.

[102] Fan Z, Yue B, Zhang X, Du L, Jian Z. CpGIScan: an ultrafast 
tool for CpG islands identification from genome sequence. Curr 
Bioinform 2017;12:181–4.

[103] Song Q, Decato B, Hong EE, Zhou M, Fang F, Qu J, et al. A ref
erence methylome database and analysis pipeline to facilitate in
tegrative and comparative epigenomics. PLoS One 2013; 
8:e81148.

[104] Halstead MM, Kern C, Saelao P, Chanthavixay G, Wang Y, 
Delany ME, et al. Systematic alteration of ATAC-seq for profil
ing open chromatin in cryopreserved nuclei preparations from 
livestock tissues. Sci Rep 2020;10:5230.

[105] Langmead B, Salzberg SL. Fast gapped-read alignment with 
Bowtie 2. Nat Methods 2012;9:357–9.

[106] Li H, Handsaker B, Wysoker A, Fennell T, Ruan J, Homer N, et 
al. The Sequence Alignment/Map format and SAMtools. 
Bioinformatics 2009;25:2078–9.

[107] Wolff J, Bhardwaj V, Nothjunge S, Richard G, Renschler G, 
Gilsbach R, et al. Galaxy HiCExplorer: a web server for repro
ducible Hi-C data analysis, quality control and visualization. 
Nucleic Acids Res 2018;46:W11–6.

[108] Cai W, Li C, Li J, Song J, Zhang S. Integrated small RNA se
quencing, transcriptome and GWAS data reveal microRNA reg
ulation in response to milk protein traits in Chinese Holstein 
cattle. Front Genet 2021;12:726706.

[109] Heger A, Webber C, Goodson M, Ponting CP, Lunter G. GAT: a 
simulation framework for testing the association of genomic 
intervals. Bioinformatics 2013;29:2046–8.

[110] Yu G, Wang LG, Han Y, He QY. clusterProfiler: an R package 
for comparing biological themes among gene clusters. Omics 
2012;16:284–7.

[111] Raudvere U, Kolberg L, Kuzmin I, Arak T, Adler P, Peterson H, 
et al. g:Profiler: a web server for functional enrichment analysis 
and conversions of gene lists (2019 update). Nucleic Acids Res 
2019;47:W191–8.

[112] Coetzee SG, Coetzee GA, Hazelett DJ. motifbreakR: an R/ 
Bioconductor package for predicting variant effects at transcrip
tion factor binding sites. Bioinformatics 2015;31:3847–9.

[113] Quinlan AR, Hall IM. BEDTools: a flexible suite of utilities for 
comparing genomic features. Bioinformatics 2010;26:841–2.

[114] Li Q, Wang Y, Hu X, Zhang Y, Li H, Zhang Q, et al. 
Transcriptional states and chromatin accessibility during bovine 
myoblasts proliferation and myogenic differentiation. Cell Prolif 
2022;55:e13219.

[115] Chen T, Chen X, Zhang S, Zhu J, Tang B, Wang A, et al. The 
Genome Sequence Archive Family: toward explosive data 
growth and diverse data types. Genomics Proteomics 
Bioinformatics 2021;19:578–83.

© The Author(s) 2025. Published by Oxford University Press and Science Press on behalf of the Beijing Institute of Genomics, Chinese Academy of Sciences / China 
National Center for Bioinformation and Genetics Society of China.
This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits 
unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited.
Genomics, Proteomics & Bioinformatics, 2025, 23, 1–19
https://doi.org/10.1093/gpbjnl/qzaf067
Original Research

Niu Q et al / Multi-omics Analysis of Regulatory Variants for Cattle Weight                                                                                                              19 

D
ow

nloaded from
 https://academ

ic.oup.com
/gpb/article/23/4/qzaf067/8237396 by G

enom
ic & Bioinfom

atic C
enter,C

AS user on 10 February 2026


	Active Content List
	Introduction
	Results
	Discussion
	Materials and methods
	Ethical statement
	Data availability
	CRediT author statement
	Competing interests
	Supplementary material
	Acknowledgments
	ORCID
	References


