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ABSTRACT

Cattle body size measurements constitute the confor-
mation traits that facilitate their production, fertility, 
and longevity status. Prioritizing functional variants and 
causal genes of conformation traits is essential for under-
standing their genetic basis. In this study, we conducted 
single-trait and multitrait GWAS for 20 body conforma-
tion traits using imputed sequence data in 7,674 Chinese 
Holstein individuals and identified 27 QTL regions. 
Leveraging these QTL regions, we performed multi-
trait Bayesian fine-mapping to identify 30 independent 
credible sets of putative causal variants. Incorporating 
GWAS and cis-acting expression QTL data, Mendelian 
randomization was used to infer 153 putative causal 
gene-trait relationships. The previously reported genes, 
such as CCND2, TMTC2, and NRG3, were confirmed in 
our study. Of note, several novel candidate causal genes 
were also identified, such as C1R, RIMS1, SERPINB8, 
NETO2, TTYH3, TTC3, ANAPC4, and PSMD13. Our 
results provide new insights into the regulatory mecha-
nisms of body conformation traits in cattle.
Key words: GWAS, Bayesian fine-mapping, Mendelian 
randomization, body conformation traits, cattle

INTRODUCTION

With the 1000 Bull Genomes Project and rapid reduc-
tion of sequencing costs (Hayes and Daetwyler, 2019), 
an increasing number of GWAS leveraging sequence-
level data have deciphered the genetic architecture of 

cattle complex traits (Jiang et al., 2019a; Pedrosa et al., 
2021). However, the high-level linkage disequilibrium 
(LD) in cattle populations (Kim and Kirkpatrick, 2009) 
complicates the identification of causal trait-associated 
variants. Several Bayesian methods for fine-mapping to 
single-variant resolution, such as BIMBAM (Servin and 
Stephens, 2007), FINEMAP (Benner et al., 2016), and 
SuSiE (Wang et al., 2020), have been developed to pri-
oritize putative causal variants underlying complex traits 
in humans (Singh et al., 2023; Hemerich et al., 2024).

The circumstances of most GWAS signals residing in 
noncoding regions imply the regulatory roles of genetic 
variants for gene regulation through underlying mecha-
nisms (Uffelmann et al., 2021; Qi et al., 2024). Many 
identified cis- or trans-acting expression QTL (eQTL) 
combining GWAS signals could be a robust way to 
infer causal trait-associated genes (Mai et al., 2023) 
using transcriptome-wide association studies (Gusev et 
al., 2016) or Mendelian randomization (MR; Qi et al., 
2024) approaches. Mendelian randomization analysis 
aims to determine the causal gene-trait relationship 
between an exposure variable (e.g., gene expression) 
and an outcome variable (e.g., trait) regarding SNPs 
as instrumental variables (Yang et al., 2021; Chepelev 
et al., 2023; Jiang et al., 2023) based on MR-Egger 
(Bowden et al., 2015), summary data–based MR (Zhu 
et al., 2016), and probabilistic MR-Egger (PMR-Egger; 
Yuan et al., 2020) methods.

Breeding objectives for dairy cattle are multifaceted 
and encompass milk production, health, body conforma-
tion, fertility, and longevity traits. Among these traits, 
body conformation traits, which are closely related to 
milk production performance, health, and longevity, are 
essential components for evaluating the total perfor-
mance index of dairy cattle (Köck et al., 2018; Wang et 
al., 2024). Many genetic variants associated with body 
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conformation traits in dairy cattle have been identified 
(Wu et al., 2013; Haque et al., 2023; Li et al., 2024), but 
the identification of causal variants and their regulatory 
roles have rarely been reported. Therefore, this study 
aims to identify causal variants for body conformation 
traits in fine-mapping regions from GWAS using the im-
puted sequence genotypes in a Chinese Holstein popula-
tion. Furthermore, GWAS and eQTL summary data were 
leveraged to identify causal genes. Our results provided 
novel insights into the identification of putative func-
tional genes and enhance our understanding of regulatory 
mechanisms of body conformation traits in dairy cattle.

MATERIALS AND METHODS

Phenotypes and Genotypes

In this study, we used a Chinese Holstein population 
containing 7,674 cows with 5 groups of body conforma-
tion traits, including body, rump, feet and legs, mammary 
system, and dairy character. The traits are as follows: (1) 
body traits: body height (BH), chest width (CW), body 
depth (BD) and loin strength (LS); (2) rump traits: pin 
setting (PS) and thurl width (TW); (3) feet and legs 
traits: foot angle (FAN), heel depth (HD), bone quality 
(BQ), rear legs side view (RLSV) and rear legs rear view 
(RLRV); (4) mammary system traits: udder depth (UD), 
median suspensory (MSP), fore attachment (FAC), fore 
teat placement (FTP), teat length (TL), rear attach height 
(RAH), rear attach width (RAW) and rear teat placement 
(RTP); and (5) dairy character trait: angularity (ANG). 
All 20 traits were scored on a scale from 1 to 9 as the lin-
ear descriptive traits (Supplemental Table S1, see Notes).

These cows were genotyped using SNP chips with 
different densities (50K, 100K, and 150K). Then, as the 
reference panel, we used the sequencing data of 3,530 
cattle (average sequencing depth greater than 10×) 
obtained from the National Center for Biotechnology 
Information sequence read archive database (https:​/​/​
www​.ncbi​.nlm​.nih​.gov/​sra), and imputed the SNP chip 
genotypes to the whole-genome sequence (WGS) level 
using Beagle v5.1 (Browning et al., 2018) according 
to our previous study (Teng et al., 2023). To evalu-
ate the imputation accuracy, we sequenced additional 
100 cows in our Holstein population with sequencing 
depth greater than 15×, as validation individuals. Their 
sequence genotypes were reduced to the corresponding 
chip genotypes and then imputed to the sequence level. 
We used r2 (the squared correlation between the ex-
pected dosages and known true genotypes) to measure 
the imputation accuracy. To reduce computational time, 
we selected one chromosome (Chr 25) for accuracy 
assessment. After imputation, SNPs with minor allele 
frequency (MAF) less than 0.05 or with a P-value <1 × 

10−6 for Hardy–Weinberg equilibrium (HWE) test were 
excluded for subsequent analysis.

Heritability and Genetic Correlation Estimation

The following univariate linear mixed model was used 
to estimate the heritability for each trait:

	 y = Xb + Za + e,	 [1]

a G e I~ , ; ~ , ,N N0 02 2σ σa e( ) ( )

where y is the vector of phenotypic values of the trait; b 
is the vector of fixed effects for herd, measurement age, 
and assessor; X is the design matrix associating b with y; 
a is the vector of additive genetic effects; Z is the design 
matrix associating a with y; σa

2 is the additive genetic 
variance; G is the genomic relationship matrix defined 
by VanRaden (2008); e is the vector of the random re-
siduals, I is the identity matrix, N represents the normal 
distribution, and σe

2 is the residual variance. The herita-
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2

2 2
=

+

σ

σ σ
a

a e

. The 

following bivariate linear mixed model was used to esti-
mate the genetic correlation between 2 traits,

	
y
y

X
X
b
b

Z
Z

1

2

1

2

1

2

1

2

0

0

0

0
















=































+































+
















a
a

e
e

1

2

1

2

,	 [2]

a
a

0 M G
e
e

0 R I1

2

1

2

































 N N( , ) ( , ),⊗ ⊗, 

where all terms are the same as those in Model [1], with 
the subscripts 1 and 2 refering to traits 1 and 2, respec-
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variance and covariance components involved in these 2 
models were estimated by residual maximum likelihood 
algorithm using the GCTA software (Yang et al., 2011).
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Genome-Wide Association Studies

Single-trait (ST) and multitrait (MT) GWAS were per-
formed using GMAT software (Ning et al., 2018) based 
on the linear mixed model. The following univariate 
linear mixed model was used to perform ST-GWAS for 
each trait:

	 y = Xb + mβ + Za + e,	 [3]

a G e I~ , ~ , ,N N0 02 2σ σa e; ( ) ( )

where m is the vector of genotypes of a candidate SNP 
(coded as 0, 1 or 2) and β is the regression coefficient; 
the rest of the terms (y, X, b, Z, a, and e) are the same as 
those in Model [1].

There were 4 trait groups (body, rump, feet and legs, 
and mammary system) including multiple traits. Thus, we 
also performed MT-GWAS for traits in each trait group 
using the following multivariate linear mixed model:
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where n is the nth trait in each trait group, and the rest 
of the terms (y, X, b, m, β, Z, a, and e) are the same as 
those in Models [2] and [3]. The structures of Σa and Σa 
are similar to those in Model [2].

We employed Bonferroni correction to control false-
positive rates from multiple testing. The genome-wide 
significance threshold was set at 0.05/N, where N repre-
sents the number of effective SNPs. The effective SNPs 
were defined as those that were not in high LD. To obtain 

these SNPs, we performed LD pruning using the PLINK 
software (Purcell et al., 2007) with the command “–in-
dep-pairwise 50 5 0.2,” which defines the window size 
being 50 SNPs with a step size of 5 SNPs and the LD 
threshold rLD

2( ) being 0.2.

Multitrait Bayesian Fine-Mapping

To select regions for fine-mapping, we first defined a 
ST-QTL region for ST-GWAS, which contains a bunch 
of significant SNPs with distances between adjacent 
significant SNPs less than 250 kb and bounded by the 
final significant SNPs at both sides of the bunch. Simi-
larly, we also defined MT-QTL regions for MT-GWAS. 
Next, for each trait group, we merged ST-QTL regions 
from different traits and MT-QTL regions whenever 
they overlapped, and the merged regions were defined 
as the MT-QTL regions for this trait group. The tested 
fine-mapping regions were defined as a window cover-
ing 250 kb of both sides of those MT-QTL regions. We 
used the multitrait fine-mapping method, mvSuSiE (Y. 
Zou, P. Carbonetto, D. Xie, G. Wang, and M. Stephens, 
University of Chicago, Chicago, IL; unpublished data), 
to identify putative causal variants within each fine-
mapping region in each trait group. mvSuSiE computed 
cross-trait posterior inclusion probability (PIP) for 
variants within each fine-mapping region, quantifying 
the evidence that these variants have nonzero effect 
for at least one trait. Additionally, mvSuSiE provided 
95%-level credible sets (CS) of putative causal variants, 
which represent the minimum set of SNPs containing 
at least one causal SNP with probability of 95% (i.e., 
the sum of the PIP of these SNPs is equal to or greater 
than 0.95). To assess the significance of identified CS 
for traits, mvSuSiE computed the average local false 
sign rate (lfsr; Stephens, 2017), defined as a weighted 
average of the conditional lfsr for all SNPs in the CS. In 
this study, a CS was considered significant for a trait if 
the average lfsr for that trait was less than 0.05.

Mendelian Randomization Leveraging  
GWAS and eQTL Data

To identify putative functional genes for body con-
formation traits, we applied PMR-Egger (Yuan et al., 
2020) integrating the ST-GWAS summary data in the 
“Genome-Wide Association Studies” section and the 
cis-eQTL summary data obtained from the CattleGTEx 
dataset (Liu et al., 2022). We only selected cis-eQTL of 
blood for our analysis rather than those from other tis-
sues for 2 reasons: (1) blood has the larger sample size 
(~700), and (2) blood, as part of the systemic circulatory 
system, plays a crucial role in transporting nutrients to 

Teng et al.: NOVEL CAUSAL GENES FOR BODY CONFORMATION TRAITS
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various organs and tissues (Alexy et al., 2022), which 
makes blood a general tissue for studying gene expres-
sion in relation to body conformation traits. The P-values 
for the MR analysis were adjusted for multiple testing by 
the false discovery rate control using 0.05 as the signifi-
cance threshold.

RESULTS

Imputation Accuracies for Different SNP Chips

The imputation accuracies (r2) for the 3 chips for chro-
mosome 25 are illustrated in Figure 1. The average r2 
values were 0.76 for the 50K chip, 0.82 for the 100K 
chip, and 0.85 for the 150K chip. After removing the 
SNPs with MAF <0.05, the average accuracy r2 was 0.82 
for the 50K chip and over 0.9 for the 100K and 150K 
chips. After filtering with respect to MAF and HWE for 
the imputed genotypes, we obtained 10,405,093 SNPs for 
subsequent analysis.

Heritability and Genetic Correlation Estimation

The estimates of heritabilities and genetic correlations 
for the 20 traits are illustrated in Figure 2. The estimated 
heritabilities of all traits (Figure 2a) were less than 0.15, 
except these of BH (ĥ2 = 0.2177) and PS (ĥ2 = 0.1564). 
The estimated genetic correlations (Figure 2b) ranged 
from strong negative (r̂g  = −0.5611 for BD-UD) to strong 
positive (r̂g  = 0.7615 for BQ-FTP). Most trait pairs ex-
hibited low genetic correlation, such as BH-BD (r̂g  = 
−0.0764), PS-TW (r̂g  = 0.0627), RLSV-RLRV (r̂g  = 
−0.1430) and RAH-RTP (r̂g  = −0.1081.

ST/MT-GWAS and QTL Regions

The summary results of ST- and MT-GWAS con-
ducted using imputed WGS data are illustrated in Figure 
3. At a genome-wide significance level of 1.2 × 10−7 
(0.05/422,334), significant association signals of ST-
GWAS were identified for only 9 traits (Figure 3a) be-
longing to 3 trait groups: body, feet and legs, and mam-
mary system (i.e., BH in the body group, FAN, HD, and 
RLSV in feet and legs group, and UD, FAC, TL, RAW, 
and RTP in the mammary system group). A total of 22 
ST-QTL regions were identified (Supplemental Table S2, 
see Notes). However, many regions contained only 1 or 
a few significant SNPs. The sizes of these QTL regions 
ranged from 1 bp to 159.12 kb with a mean of 30.96 kb, 
and 82% of them were less than 100 kb. For MT-GWAS 
(Figure 3b), significant signals were observed in the 
same 3 trait groups. In total, 12 MT-QTL regions were 
identified (Supplemental Table S3, see Notes), including 

one region for the body group, 7 for the feet and legs 
group, and 4 for the mammary system group. Notably, 7 
regions identified by MT-GWAS were overlapped with 
those by ST-GWAS.

Multitrait Fine-Mapping for Causal Variants

Based on the QTL regions identified by ST- and MT-
GWAS, we obtained 25 fine-mapping regions. We then 
used mvSuSiE to further identify causal variants across 
traits in 3 trait groups (body, feet and legs, and mammary 
system) within each fine-mapping region. A total of 30 
independent causal signals (95%-level CS) were identi-
fied across all fine-mapping regions, with the number of 
CS per region ranging from 0 to 3 (Figure 4a). Within 
each CS, the number of SNPs varied from 1 to 372 with a 
median of 13, and ~27% contained just one SNP (Figure 
4b). After filtering based on average lfsr <0.05, all CS 
were significantly associated with one trait, and ~33% of 
them were associated with 2 or more traits (Figure 4c).

In some fine-mapping regions, the ST-GWAS identi-
fied significant associations with only one trait, whereas 
the multitrait fine-mapping revealed CS which were 
significantly associated with multiple traits (Supple-
mental Table S4, see Notes). For example, in the region 
Chr5:​103​,068​,119–103​,580​,750, the ST-GWAS only 
revealed significant associations with BH, whereas no 
significant associations were observed in the MT-GWAS 
for the body group (Figure 4d). In contrast, multitrait 
fine-mapping for all traits in the body group identified 
2 independent CS: CS1 and CS2 (Figure 4e). We found 
that CS1 contained 2 causal SNPs, with the lead SNP 
(SNP with the largest PIP), 5_103387251, located within 
the C1R gene, had significant effects on 3 body traits 

Teng et al.: NOVEL CAUSAL GENES FOR BODY CONFORMATION TRAITS

Figure 1. Imputation accuracies (r2) of different chips (50K, 100K 
and 150K) for chromosome 25.
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(BH, BD, and LS). Similarly, in the region Chr9:​11​,041​
,450–11​,548​,270, significant associations were observed 
only for HD by ST-GWAS and MT-GWAS identified sig-
nificant associations with the feet and legs group (Figure 
4f), whereas the multitrait fine-mapping revealed a CS 
which contained only one SNP (9_11294200), located 
within the RIMS1 gene, with significant effects on 2 feet 
and legs traits (FAN and HD; Figure 4g).

Mendelian Randomization for Causal Genes

The results of MR, leveraging ST-GWAS summary data 
from this study and blood cis-eQTL summary data from 
CattleGTEx (Liu et al., 2022), are illustrated in Figure 5 
and Supplemental Figures S1–S4 (see Notes). In total, 
153 genes were identified exhibiting significant causal 
effects on the conformation traits (Supplemental Table 
S4, see Notes), including 21 on BH, 35 on CW, and 16 on 
BD. Many genes were found to be associated with multi-
ple traits. For instance, NETO2 showed significant causal 
effects on up to 16 traits, and TTYH3, TTC3, ANAPC4, 
and PSMD13 exhibited significant causal effects on more 

than 10 traits. Notably, only one gene, SERPINB8, was 
found to overlap with genes identified through multitrait 
fine-mapping, with both associated with RAW.

DISCUSSION

Previous GWAS have identified a large number of sig-
nificant SNPs associated with body conformation traits 
and concentrated on genes related to significant SNPs 
or top SNPs within QTL regions (Nazar et al., 2022; 
Haque et al., 2023; Li et al., 2024). However, the top 
SNPs within QTL regions are rarely causal variants (van 
de Bunt et al., 2015). In this study, we performed ST- and 
MT-GWAS on body conformation traits using sequence-
level genotype data in a Chinese Holstein population 
and further employed multitrait fine-mapping to identify 
causal variants. Furthermore, we applied MR analysis to 
integrate ST-GWAS and cis-eQTL data, aiming to iden-
tify putative functional genes underlying these traits.

We estimated heritabilities and genetic correlations 
across body conformation traits. The heritability esti-
mates of body conformation traits in this study are lower 

Teng et al.: NOVEL CAUSAL GENES FOR BODY CONFORMATION TRAITS

Figure 2. Estimates of heritabilities and genetic correlations for body conformation traits. (a) Estimated heritabilities of all traits. The error bars 
indicate the SE of the estimates. (b) Estimated genetic correlations across pairs.
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than those reported in most previous studies in Holstein 
cattle, such as those in German Holstein cattle (Schmidt-
mann et al., 2023) and Nordic Holstein cattle (Mehtiö et 
al., 2021). However, our estimates are consistent with 
previous studies in Chinese Holstein cattle (Wu et al., 
2013; Olasege et al., 2019). Furthermore, the heritability 
estimates in other breeds, such as Italian Jersey cattle 
(Roveglia et al., 2019), agree with our estimates. Herita-
bilities and their estimates are population-specific and 
could vary due to factors such as the scale used for scor-
ing, genetic background, population structure, environ-
mental variations, and statistical model. The estimated 
genetic correlations for most trait pairs were weak. This 
is consistent with the results of most other studies. For 

example, the genetic correlation between PS and PW (r̂g  
= 0.0627) was close to that obtained by Oliveira Junior et 
al. (2021; ˆ �rg  = 0.07). However, some trait pairs also ex-
hibited strong positive or negative genetic correlations. 
For instance, FTP and RTP in the mammary system group 
exhibited strong positive genetic correlation (r̂g  = 
0.6712), which agreed with previous studies (Oliveira 
Junior et al., 2021; Xue et al., 2022). It should be noted 
that the genetic correlations for trait pairs within groups 
were stronger than those between groups.

Considering the relative genetic correlations between 
traits within trait groups, we performed multitrait fine-
mapping for traits within groups to improve the ability 
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Figure 3. Summary Manhattan plot of (a) single-trait and (b) multitrait GWAS for body conformation traits. The red lines indicate the significance 
threshold (P = 1.2 × 10−7). Chr = chromosome.
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Figure 4. Summary of multitrait fine-mapping results. (a) Number of credible sets (CS) of causal SNPs identified in each fine-mapping region. 
(b) Number of significant SNPs in each CS. (c) Number of significantly associated traits (average lfsr < 0.05) in each CS. Local Manhattan plot of 
GWAS-results in the region Chr5:​103​,068​,119–103​,580​,750 (d) and Chr9:​11​,041​,450–11​,548​,270 (f). The dotted red line indicates the significance 
threshold (P = 1.2 × 10−7). The results of multitrait fine-mapping in the region Chr5:​103​,068​,119–103​,580​,750 (e) and Chr9:​11​,041​,450–11​,548​,270 
(g). The left-hand part shows the cross-trait posterior inclusion probabilities (PIP) for each SNP in the QTL region. The labeled SNPs are the “lead 
SNPs” (i.e., SNPs with the highest cross-trait PIP in each CS). “Purity” is defined as the minimum absolute pairwise correlation (Pearson’s r) among 
SNPs in the CS. The related genes of the lead SNPs are displayed below. The right-hand part shows the posterior effect estimates of the sentinel SNPs 
whenever the CS is significant for the given trait (average lfsr < 0.05).
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for identifying causal SNPs in the fine-mapping regions 
from ST- and MT-GWAS. We identified 30 indepen-
dent CS with significant causal effects on at least one 
trait. Among these, CS1 within the region Chr5:​103​
,068​,119–103​,580​,750 was significant for BH, BD, 
and LS. We found 2 SNPs in this CS, and the lead SNP 
(5_103387251, PIP = 0.6977) is a missense variant 
(p.Glu702Lys) in the C1R gene. C1R, a member of the 
peptidase S1 protein family, is the first component of 
the classical pathway of the complement system. The 
regulation and magnitude of complement responses can 
influence skeletal muscle aging-related (Graca et al., 
2023), muscle fibrosis (Hajishengallis et al., 2017), and 
muscle mass and strength (Naito et al., 2012). To explore 
the potential mechanisms underlying the effects of this 

missense variant, we used DynaMut2 (Rodrigues et al., 
2021) to predict the protein stability changes upon to this 
missense mutation. The predicted stability change be-
tween the wild and mutant-type proteins was −0.08 kcal/
mol, which can be classified as “destabilizing.” Notably, 
8 CS contained only one SNP, suggesting they are high-
confidence candidate causal SNPs. For example, CS1 in 
the region Chr9:​11​,041​,450–11​,548​,270 contained only 
one SNP (9_11294200, PIP = 1) with significant effects 
on FAN and HD. This SNP is located in an intron of the 
RIMS1 gene. In humans, polyostotic fibrous dysplasia, 
a bone disease, may be related to mutations in RIMS1 
(Lin et al., 2020). In addition, RIMS1 may play a role 
in neuromuscular junction development, in which dys-
function causes motor disorders and muscle wasting (Hui 
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Figure 5. Manhattan plot of results for Mendelian randomization analysis in the body trait group. The red straight line indicates the significance 
threshold of the false discovery rate = 0.05. The genes labeled in the plot correspond to the top 10 most significant associations. Chr = chromosome.
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et al., 2021). Interestingly, both C1R and RIMS1 were 
also found significantly associated with fat percentage 
in US Holstein cattle (Jiang et al., 2019b). Additionally, 
several genes identified through fine-mapping have been 
reported in previous GWAS, such as CCND2 associated 
with BH (Abo-Ismail et al., 2017), TMTC2 associated 
with TL (Abo-Ismail et al., 2017), and NRG3 associated 
with UD (Cole et al., 2011).

Furthermore, as a complement to conventional 
GWAS, MR integrates GWAS and eQTL data to identify 
putative causal genes. In our MR analysis, leveraging 
ST-GWAS summary data from this study and blood cis-
eQTL summary data from CattleGTEx, we identified 
several putative causal genes associated with various 
body conformation traits. Notably, only one gene, SER-
PINB8, was found to overlap with the genes identified 
through multitrait fine-mapping. The SERPINB8 gene 
was associated with RAW in both the fine-mapping and 
MR analysis. However, there were no previous reports 
about the association of SERPINB8 with RAW in cattle. 
In addition, other genes, including NETO2, TTYH3, 
TTC3, ANAPC4, and PSMD13, demonstrated significant 
causal effects with more than 10 traits. NETO2 encodes 
a transmembrane protein that is essential for proper 
neurological function (Fedorova et al., 2017). The 
TTYH3 gene is highly expressed in excitatory tissues 
such as skeletal muscle, where it regulates cell volume 
and signal transduction (Biswas et al., 2022). TTC3, an 
E3 ubiquitin ligase, plays a role in myofibroblast differ-
entiation (Kim et al., 2019), and has been previously re-
ported to be associated with milk yield, fat percentage, 
and protein percentage in US Holstein cattle (Jiang et 
al., 2019b). ANAPC4, also an E3 ubiquitin ligase, regu-
lates mitosis and the G1 phase, thereby influencing the 
cell cycle (Liu et al., 2023), and has been identified as 
a candidate gene for carcass weight in Korean Hanwoo 
cattle (Bhuiyan et al., 2018). PSMD13 was recognized 
as a myostatin-dependent gene in Holstein-Friesian 
bulls (Sadkowski et al., 2008).

CONCLUSIONS

In summary, we conducted ST- and MT-GWAS for body 
conformation traits in Chinese Holstein cattle, followed 
by multitrait fine-mapping and MR to reveal causal vari-
ants and genes. A total of 27 QTL regions associated with 
body conformation traits were identified. Subsequent 
fine-mapping and MR analysis revealed several putative 
causal genes, including a few previously reported genes 
(CCND2, TMTC2, and NRG3) and several novel identi-
fied genes (C1R, RIMS1, SERPINB8, NETO2, TTYH3, 
TTC3, ANAPC4, and PSMD13). These findings enhanced 
our understanding of the genetic architecture underlying 
body conformation traits in cattle.
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