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Abstract

Background As pre-cut and pre-packaged chilled meat becomes increasingly popular, integrating the carcass-
cutting process into the pig industry chain has become a trend. Identifying quantitative trait loci (QTLs) of pork cuts
would facilitate the selection of pigs with a higher overall value. However, previous studies solely focused on evaluat-
ing the phenotypic and genetic parameters of pork cuts, neglecting the investigation of QTLs influencing these traits.
This study involved 17 pork cuts and 12 morphology traits from 2,012 pigs across four populations genotyped using
CC1 PorcineSNP50 BeadChips. Our aim was to identify QTLs and evaluate the accuracy of genomic estimated breed
values (GEBVs) for pork cuts.

Results We identified 14 QTLs and 112 QTLs for 17 pork cuts by GWAS using haplotype and imputation genotypes,
respectively. Specifically, we found that HMGAT, VRTN and BMP2 were associated with body length and weight. Sub-
sequent analysis revealed that HMGAT primarily affects the size of fore leg bones, VRTN primarily affects the number
of vertebrates, and BMP2 primarily affects the length of vertebrae and the size of hind leg bones. The prediction accu-
racy was defined as the correlation between the adjusted phenotype and GEBVs in the validation population, divided
by the square root of the trait’s heritability. The prediction accuracy of GEBVs for pork cuts varied from 0.342 to 0.693.
Notably, ribs, boneless picnic shoulder, tenderloin, hind leg bones, and scapula bones exhibited prediction accuracies
exceeding 0.600. Employing better models, increasing marker density through genotype imputation, and pre-select-
ing markers significantly improved the prediction accuracy of GEBVs.

Conclusions We performed the first study to dissect the genetic mechanism of pork cuts and identified a large
number of significant QTLs and potential candidate genes. These findings carry significant implications for the breed-
ing of pork cuts through marker-assisted and genomic selection. Additionally, we have constructed the first reference
populations for genomic selection of pork cuts in pigs.
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Background

Pig carcass cutting is a process of decomposing the post-
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pork cuts also require diverse cooking and processing
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methods [1-3]. In recent years, the outbreak of African
swine fever in China has issued many policies restricting
the transportation of live pigs to prevent the spread of
the virus [4, 5], which has presented a new opportunity
for the development of chilled meat. Furthermore, due
to the rise in living standards and the fast-paced lifestyle,
consumers have shifted their pork consumption hab-
its from purchasing hot carcasses for direct cutting and
selling to opting for pre-packaged chilled meat that suits
their preferences [1, 6]. This further led to the widespread
acceptance and adaptation of chilled meat by the major-
ity of consumers. Consequently, many pig companies are
rapidly deploying slaughterhouses and expanding their
slaughter-processing capabilities within their production
chain to optimize the carcass economic value. Mapping
and identifying quantitative trait loci (QTLs) for pork
cuts will help to breed merit pigs with higher propor-
tion of expensive pre-cut products to increase the over-
all value of cuts. To the best of our knowledge, there is a
lack of reports on QTLs and causal genes that affect pork
cuts, as well as investigations into genomic selection or
the evaluation of prediction accuracy for pork cuts. The
identification of QTLs and investigation of the genetic
mechanisms of pork cut attributes serve as the founda-
tion for enhancing the economic value of pork cuts by
improving the accuracy of genomic selective breeding.

In this study, 17 pork cuts and 12 carcass morphology
traits were measured on 2,012 pigs from four populations
genotyped using the CC1 PorcineSNP50K BeadChip
(CC1 Chip) [7, 8]. The aim of this study was to identify
QTLs affecting proportion of pork cuts to evaluate the
accuracy of selection and the feasibility of industrial
application. We employed imputation-based whole-
genome sequence (WGS) association analysis to uncover
potential causal mutations and major genes affecting
pork cuts, comparing it with haplotype-based CC1 Chip
genotyping data association analysis [9—11]. These results
are essential for pig companies who aim to enhance their
advantage in the consumer market, core competitive-
ness, and brand value. Moreover, genetic dissection of
pork cuts is vital for understanding carcass composition,
which provides critical reference for studying regulatory
mechanisms of skeletal and muscle growth and develop-
ment in different parts of pigs.

Materials and methods

Animals, feeding and sampling

A total of 2,012 pigs were randomly sampled from Muy-
uan Food Co., Ltd. (Henan, China) for pork cut evalua-
tion, as described by Xei et al. [12]. The experimental pigs
including 265 Landrace (LR, 95 sows and 170 barrows),
698 Yorkshire (YK, 435 sows and 263 barrows), 689 Lan-
drace X Yorkshire hybrid (LY, 402 sows and 287 barrows),
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and 258 Durocx Landrace X Yorkshire hybrid (DLY, 115
sows and 143 barrows). All pigs were raised under con-
sistent feeding environments and nutritional conditions,
and they were provided with the same commercial diets
and had unrestricted access to water. More details of
breeding environment and pedigree family structure
were described in our previous study [12]. Each time
approximately 100 pigs were randomly selected from 500
to 1,000 market-aged pigs for slaughter testing. A total of
22 batches of pigs were measured for pork cuts and car-
cass morphology traits (Table S1). These pigs were uni-
formly slaughtered centrally, following the specifications
described in the Operating Procedures of Livestock and
Poultry Slaughtering — Pig (GB/T 17236-2019) [13], at
an average age of 180 d.

Phenotypic determination

Twelve carcass morphology traits were measured for
all individuals, including carcass straight length (SL),
oblique length (OL), thoracic number (THN), lumbar
number (LUN), thoracic length (THL), lumbar length
(LUL), single lumbar length (SLUL), shoulder back-
fat depth (SBD), 6th_7th rib backfat depth (RBD), waist
backfat depth (WBD), hip backfat depth (HBD), and the
mean of backfat depth (MBD). Additionally, the carcass
was cut into 17 pork cuts as shown in Fig. 1, and their
weight was measured, including three primal cuts (shoul-
der cut (SC), middle cut (MC), leg cut (LC)), and 14
subprimal cuts (boneless Boston shoulder (BBS), bone-
less picnic shoulder (BPS), front ribs (FR), fore leg bones
(FLB), scapula bone (SB), loin (LO), belly (BE), ribs (RI),
chine bones (CB), back fat (BF), boneless leg (BL), ten-
derloin (TL), hind leg bones (HLB), tail and pelvis bone
(TPB)). The determination methods and processes were
described in the previously published study [12]. Each
pork cut was carefully weighed and measured by the
investigators. The proportion of each pork cut was deter-
mined through the division of the weight of pork cut by
the weight of the entire carcass.

Genotyping

Genomic DNA was extracted from the muscle tissue of
each animal using the routine phenol/chloroform extrac-
tion method. Individuals were genotyped using the CC1
PorcineSNP50 BeadChip (51,368 SNPs) [7, 8] according
to the manufacturer’s protocol. The marker density and
accuracy of the CC1 Chip were described in our prior
study [7, 8]. Thresholds of individual call rates>90%,
SNPs call rates < 95%, minor allele frequency (MAF) < 5%,
and Hardy—Weinberg disequilibrium (P<107°) were fil-
tered out using PLINK (v1.90b6.24) [14]. After quality
control, 40,016 SNPs and 2,012 animals were retained for
further analysis.
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Fig. 1 Standardized pork cuts and their corresponding pork cuts in a commercial pig carcass

Imputation of whole-genome sequence variants

Genotype imputation for the experimental popula-
tion was performed using IMPUTES [15] from a high-
quality haplotype reference panel including 42,620,918
variants as described by Tong et al. [16]. The haplo-
type reference panel included whole-genome sequenc-
ing data of 1,096 samples from 43 pig breeds (n>3)
with an average sequencing depth of 17.1 X. The
detailed imputation process was described in our pre-
vious study [17]. Variants were called using GATK
following the best practice flowchart and were qual-
ity controlled by following criteria: (1) SNP: QD <2.0,
QUAL < 30.0, MQ <40.0, SOR > 3.0, FS > 60.0, MQRank-
Sum< —2.5, ReadPosRankSum< —8.0; (2) INDEL:
QD<2.0, QUAL<30.0, MQ<40.0, FS>200.0, Read-
PosRankSum < —20.0. SNPs in the target panel were
further filtered with call rate<95%, or minor allele
frequency (MAF)<5%, or Hardy—Weinberg disequi-
librium (P<10E-5) by PLINK (v1.90b6.24) [14]. The
haplotypes of the target panel (Sscrofa 11.1) were con-
structed by SHAPEIT4.2 [18] and PHASEBOOK [19].
Then, genotype imputation was performed between

the target and reference panels by IMPUTE5 with
default parameters [15]. The imputation accuracy was
evaluated by an internal cross-validation solution of
IMPUTES. Specifically, the genotypes of one locus in all
individuals in the target panel were masked at a time,
and then the masked genotypes were imputed with the
haplotype information from the reference panel. The
genotypic concordance rate and squared correlation
(R?) between original genotypes from the target panel
and imputed genotypes were calculated as imputation
accuracies. The accuracies (Mean R?/concordance rate)
of the imputed genotypes for the experimental popula-
tion were 0.89/99.16%, which implied a high quality of
the imputed genotypes.

Imputation-based of whole-genome sequence GWAS
(IGWAS)

Single locus association analysis was conducted using
the GEMMA software (version 0.98.1) [20] with a linear
mixed model (LMM) that accounts for SNP-based popu-
lation structure and relatedness between individuals.
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y=Wa+XB+u+e u~MVN, (0, Gog),e ~ MVN, (0,1,,03)

where y is the vector of phenotypes; W is the fixed effect
indicator matrix including sex, populations and slaughter
batches; « is the corresponding estimations of fixed
effects; X is incidence matrices of whole-genome
imputed SNPs; B is the SNP substitution effect. € is the
residual effect that follows the multivariate normal distri-
bution MVN,, (0, 1,62), in which o2 is the variance of the
residual, I, is an n-vector of 1s, n is the number of phe-
notypic individuals. The vector # is the random polygenic
effect that follows the multivariate normal distribution
MVN,, (0, Go2), where 62 is the additive genetic variance
and G is the kinship matrix calculated using WGS
imputed SNPs following VanRaden’s method [21] as:
G= %, where M is the allele frequency matrix
of centered genotypes with dimensions equal to the num-
ber of individuals and the number of SNPs and p; is the
frequency of the reference allele at the i-th SNP. Using
Bonferroni corrections of 0.05 divided by the number of
SNPs to correct multiple comparisons would result in an
overly stringent threshold in our study, as many SNPs are
highly correlated. Pe’er et al. [22] and Johnson et al. [23]
proposed that a genome-wide significance threshold of
5% 1078 could be used in human GWAS based on inde-
pendent haplotype blocks in an African population struc-
ture. We used the same genome-wide threshold in our
study based on the assumption that an equal number of
independent haplotype segments exist between pigs and
humans. The chromosome-wide significance threshold of
1x107° was used as the suggestive significance threshold
[24, 25].

Haplotype-based CC1 Chip genotyping data GWAS
(HGWAS)

Haplotypes of the SNP genotypes were constructed by
PHASEBOOK [19]. It assumes that all haplotypes in the
population can be traced back to a predetermined num-
ber (K=10) of ancestral haplotypes [26]. Then a hidden
Markov model was employed to infer the ancestral hap-
lotypes inherited by each individual at each locus [21]. To
detect the association between phenotypes and the hap-
lotype status, a linear mixed framework was used similar
to single locus association with a difference in the inci-
dence matrices. In this model, X is the incidence matrices
of the ancestral haplotypes rather than SNP genotypes.
The haplotype effects were fitted as random effects. G is
the kinship matrix calculated from the SNP genotypes
using VanRaden’s method.

Statistical models to genome prediction
Two genomic selection models were implemented
to evaluated the genomic accuracy of pork cuts. (1)
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Genomic best linear unbiased prediction (GBLUP) [21],
which is the most widely used model in genome breeding
practice. The mixed linear model is as follows:

y=1lpu+Woa+Za+e

where y is the vector of phenotype, u is the overall
mean, « is the fixed effect including sex, populations and
slaughter batches, a is the vector of genomic breeding
values of all individuals, e is the vector of residuals, 1 is
a vector of ones, W is the indicator matrix of e, and Z is
the indicator matrix of a. Assume that e follows a nor-
mal distribution of N(0,I52), and a follows a normal dis-
tribution of N(0,Go2). Where o2 is the additive genetic
variance, G is the kinship matrix obtained from genotype
data (included CC1 PorcineSNP50 BeadChip genotype
and genome-wide imputed SNPs), which was calculated
using VanRaden’s method [21], and the detailed calcula-
tion method can be found in Yang et al. [27]. Then a is
solved from the mixed model equations (MME) [28]. In
this study, the MME formula is solved by using GCTA
software [29], and the estimated genome breeding value
of the individual is a.

(2) Bayesian sparse linear mixed model (BSLMM),
which assumes that the effects of markers follow a mix-
ture of two normal distributions [30]. It assumes that all
markers have at least a small effect, but some proportion
of markers have an additional large effect. The model
consists of a standard linear mixed model, with one ran-
dom effects term, and with sparsity inducing priors on
the regression coefficients, corresponding formula is:

y:l;L—f—Wot-i—ZB—f—e

e ~ MVN,,(0,771,)

where y is the vector of the corrected phenotype, p is the
phenotype mean, « is a vector of the fixed effect includ-
ing sex, populations and slaughter batches, W is the cor-
responding indicator matrix for e, € is the residual effect
following a multivariate normal distribution, t ! is the
variance of the residual errors, I, is an n-vector of 1s, # is
the number of phenotypic individuals. Z is the genotype
indicator matrix; B is the SNP substitution effect vector
come from a mixture of two normal distributions:

B, ~ N (o, @2+ oi)/pt) +(1-m)N (o, og/pr>

where o2/pt is the variance for the SNPs with large
effects, 03 /pt is the variance for the SNPs with minor
effects, p is the number of SNPs, and 1 denotes the pro-
portion of SNPs with large effects. SNP effect § was esti-
mated by GEMMA software (version 0.98.1) [20] uses the
Markov chain Monte Carlo (MCMC) algorithm and the
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EBV was calculated as: GEBV = Zf’zlﬁixSNPi, where
SNP; is the i-th SNP genotype of the individual (coded as
0,1,2).

Evaluation of the accuracy of genomic prediction
The accuracy of genomic predictions was evaluated using
the fivefold cross-validation method and leave-one-out
method. In the fivefold cross-validation method, the
population (combined population, YK population or LY
population) were divided into five equal groups. For each
test, one group of individuals served as the validation
dataset, while the other four groups constituted the refer-
ence dataset. The test was repeated until all individuals
had predicted GEBV, and then the prediction accuracy
was calculated. In leave-one-out method, the main step
is to take one individual out as the verification group
each time, and the remaining individuals as the refer-
ence group. The test was repeated to circularly predict
the GEBV of all individuals, and calculate the prediction
accuracy.

The prediction accuracy was calculated using the for-
mula proposed by Hayes et al. [31], the formula is as
follows:

A = "(GEBV.yya) / e

where A is the prediction accuracy, y,, is the adjusted
phenotype of each animal, GEBV is the genomic esti-
mated breeding values, and /? is the heritability of the
trait. Estimates of heritability (Table S2) for all traits refer
to our previous studies [32]. A, and A, denote, respec-
tively, the prediction accuracy of GEBV for the propor-
tion and weight of pork cuts. To further investigate the
genomic prediction accuracy impacted by pre-selection
of SNPs, we perform GWAS analysis on the reference
dataset and selected SNPs which significantly associated
with the phenotype to predict the GEBV of individuals
in the validation dataset. In the GWAS based on geno-
type imputation data, we selected the SNPs with P-val-
ues<0.01 to predict GEBV. Considering that the SNPs of
microarray genotyping are much less than the imputa-
tion data, we selected SNPs with P-value <0.05 to predict
GEBYV in SNP Chip data.

Results

Summary of HGWAS

In haplotype-based association studies, we identified a
total of 14 QTLs significantly associated with pork cuts
and 14 QTLs significantly associated with carcass mor-
phology traits (Table 1). In shoulder cuts, we found three
QTLs associated with the proportion of BBS and FLB
(Table 1), with the most significant SNP (rs0700815,
P=4.03x107°) associated with the proportion of FLB
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located at 31,161,760 bp of Sus scrofa chromosome (SSC)
7. This QTL region contains genes (GRM4, HMGAI,
SMIM?29, NUDT3 and PPARD) associated with body
height and limb bone length [33-35]. In middle cuts, we
identified 6 QTLs significantly associated with the weight
and proportion of RI, BF, and MC (Table 1), with the
most significant SNP (rs0702042, P=1.05x 107'%) associ-
ated with the RI proportion located at 97,732,109 bp of
SSC7. This QTL region contains the VRTN gene, which
has been identified and functionally validated as a causa-
tive gene affecting the number of thoracic vertebrae and
ribs [36]. In leg cuts, we found three QTLs significantly
associated with the weight and proportion of HLB and
LC (Table 1), with the most significant SNP (rs1705050,
P=6.25x10""1) associated with the HLB weight located
188,108 bp downstream of BMP2 gene on SSC17. In car-
cass morphology traits, we identified 14 QTLs signifi-
cantly associated with carcass length (SL, OL), length and
number of vertebrae (THL, LUL, THN, LUN, SLUL). The
two major candidate genes identified in carcass morphol-
ogy traits affecting carcass length and vertebral length
were VRTN and BMP2.

Additionally, we detected new QTLs significantly
associated with pork cuts, such as a QTL on SSC1 sig-
nificantly associated with the weight and propor-
tion of BF, with the most significant SNP (rs0700815,
P=1.57x107") located at 161,408,832 bp and a QTL on
SSC5 associated with LC weight, with the most signifi-
cant SNP (rs0501529, P=9.35x107") located at the posi-
tion of 81,315,221 bp, 460,749 bp away from IGF1 gene.

Summary of imputation-based IGWAS

Based on imputed genotype data, we identified a total
of 167 QTLs significantly related to pork cuts and car-
cass morphology traits (Table S3). The majority of QTLs
identified by HGWAS were also validated in the IGWAS,
comprising 54 QTLs associated with weight of pork cuts,
8 QTLs associated with carcass weight, 58 QTLs associ-
ated with proportion of pork cuts, and 47 QTLs associ-
ated with carcass morphology traits.

In shoulder cuts, a total of 25 QTLs were identified
for the weight of pork cuts and 26 QTLs for the propor-
tion of pork cuts (Table 2, Fig. 1, and Table S3). Nota-
bly, the largest number of QTLs affecting the weight
and proportion of the BBS was observed, with a total
of 22 QTLs. The most significant SNP was located at
11,938,089 bp on SSC14, and it was significantly asso-
ciated with both the weight and proportion of BBS,
with P-values of 2.75x107° and 1.58x107°, respec-
tively. This SNP was located in the intronic region of
the ELP3 gene. In middle cuts, a total of 15 and 19
QTLs were identified affecting the weight and propor-
tion of the pork cuts respectively (Table 2, Fig. 1, Table
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Table 1 Significant loci associated with pork cuts and carcass morphology traits by haplotypes-based GWAS

Traits Top SNP Chr Pos, bp P-value Candidate gene' Dis?, bp

Pork cuts weight
Ribs 150702042 7 97,732,109 841E-13 VRTN 107,836
Back fat rs0103099 1 161,408,832 6.30E-07 CCBET Within
Hind leg bones rs1705050 17 15,949,323 6.25E-11 BMP2 188,108
Leg cut rs0501529 5 81,315,221 9.35E-07 IGF1 460,749

Pork cuts proportion
Boneless boston shoulder rs0701491 7 65,738,048 7.89E-07 EGLN3 67,452
Fore leg bones rs0700815 7 31,161,760 4.03E-09 HMGAT 832,351
Fore leg bones 50901869 9 84,593,678 843E-07 AGMO Within
Ribs 150702042 7 97,732,109 1.05E-16 VRTN 107,836
Back fat rs0103099 1 161,408,832 1.57E-07 CCBET Within
Middle cut rs0702038 7 97,618,073 1.70E-11 VRTN Within
Middle cut rs0700525 7 19,581,991 8.72E-07 GMNN 4008
Hind leg bones rs1705090 17 17,801,643 5.32E-08 BMP2 2,040,428

Carcass morphology traits
Straight length rs1705043 17 15,562,883 2.00E-17 VRTN Within
Straight length rs0702038 7 97,618,073 1.04E-14 BMP2 186,952
Straight length 151704946 17 9,342,605 8.71E-07 IDO2 Within
Oblique length rs0702038 7 97,618,073 2.57E-14 VRTN Within
Obligue length rs1705050 17 15,949,323 4.59E-12 BMP2 188,108
Thoracic number rs0702038 7 97,618,073 6.70E-169 VRTN Within
Thoracic number rs0701070 7 42,952,142 3.58E-07 PTCHD4 182,162
Thoracic length rs0702038 7 97,618,073 8.16E-60 VRTN Within
Thoracic length rs1302182 13 103,068,791 2.01E-07 TMEM266 Within
Thoracic length rs1303285 13 159,490,799 3.01E-07 Sl 1,227,492
Thoracic length rs0701325 7 56,379,471 4.48E-07 COL8AT 116,295
Thoracic length rs1705043 17 15,562,883 7.04E-07 BMP2 186,952
Lumbar length rs0702035 7 97,347,282 5.84E-07 VRTN 267425
Single lumbar length rs0101891 1 88,605,020 9.40E-07 HTR1B 3,973

T Within +500 kb of the QTL, the gene closest to the Top SNP or the gene that has been reported to be associated with the phenotype

2The distance between the Top SNP site and the candidate gene

S3). The QTLs significantly associated with the weight
and proportion of CB were the most. The most sig-
nificant SNP (rs17_15644200) affecting CB weight was
located at 15,644,200 bp on SSC17 with a P-value of
1.70x 107°. And rs17_15384749 (15,384,749 bp), located
near rs17_15644200, showed a significant association
with CB proportion, with a P-value of 2.18 X 10~’. Both
SNPs are situated upstream of the BMP2 gene. Similarly,
the SNPs at positions 97, 130, 183 bp and 97,576,486 bp
on SSC7 are top SNPs affecting CB weight and pro-
portion, with P-values of 2.88x10™7 and 3.92x107°,
respectively. These SNPs are located upstream of the
VRTN gene at positions 484,524 bp and 38,221 bp.
Additionally, two QTLs (97,578,564—97,112,240 bp
and 97,596,043 -96,354,619 bp) containing causative
gene of VRTN affecting vertebra number also signifi-
cantly affected the weight and proportion of RIL In leg

cuts, a total of 14 and 13 QTLs were identified affecting
the weight and proportion of the pork cuts respectively.
Among them, the greatest number of QTLs that affect the
weight and proportion of TL were identified. The most
significant SNP affecting the weight of TL was located
at 68,490,542 bp on SSC10, with a P-value of 8.07x 1078,
located in the intronic region of the WDR37. Further-
more, the QTLs significantly associated with HLB weight
and proportion were located on SSC17 at 14,621,182—
19,590,143 bp and 149,33,905-17,042,539 bp, covering
BMP2.

In carcass morphology traits, 27 QTLs associated with
carcass length and vertebral length, 4 QTLs associated
with vertebral number, and 16 QTLs associated with the
thickness of backfat were detected (Table 3 and Table S3).
Among them, VRTN on SSC7 and BMP2 on SSC17 were
found to be the major QTLs affecting carcass length,
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Table 2 Significant loci associated with pork cuts by imputation-based GWAS

Traits Top SNP Chr Pos, bp P-value Candidate gene’ Dis?, bp

Pork cuts weight

Boneless boston shoulder 418049606 4 18,049,606 3.44E-07 MTBP 482,396
Boneless boston shoulder 828310248 8 28,310,248 5.60E-07 DTHD1 236,341
Boneless boston shoulder 10_16027531 10 16,027,531 6.94E-08 CEP170 41,008
Boneless boston shoulder 10_2216709 10 2,216,709 8.78E-07
Boneless boston shoulder 11_65555808 11 65,555,808 1.57E-07 HS6ST3 Within
Boneless boston shoulder 13204134036 13 204,134,036 1.44E-08 DSCAM Within
Boneless boston shoulder 13_16622614 13 16,622,614 1.48E-07 TGFBR2 161,877
Boneless boston shoulder 14_11938089 14 11,938,089 2.75E-09 ELP3 Within
Boneless boston shoulder 15_44717893 15 44,717,893 4.52E-07 Wwwez Within
Fore leg bones 7_106392250 7 106,392,250 8.66E-07
Fore leg bones 17_15643342 17 15,643,342 3.35E-11 BMP2 106,493
Ribs 7_97578564 7 97,578,564 1.69E-10 VRTN 36,143
Ribs 17_15688035 17 15,688,035 5.46E-09 BMP2 61,800
Chine bones 4_5079579 4 5,079,579 6.61E-07 FAM135B 421,559
Chine bones 7_97130183 7 97,130,183 2.88E-07 VRTN 484,524
Chine bones 832078955 8 32,078,955 9.80E-07 APBB2 Within
Chine bones 9_137791545 9 137,791,545 6.29E-08 GRB10 1,049,013
Chine bones 12_23208536 12 23,208,536 2.44E-07 LASP1 14,172
Chine bones 17_15644200 17 15,644,200 1.70E-09 BMP2 105,635
Chine bones 16_6316048 16 6,316,048 541E-08 MYOT10 170,606
Tenderloin 557305189 5 57,305,189 1.01E-07 RERG 44,188
Tenderloin 95248024 9 5,248,024 9.90E-07 OR51TI Within
Tenderloin 10_68490542 10 68,490,542 8.07E-08 WDR37 Within
Tenderloin 10_54307891 10 54,307,891 1.52E-07 PLXDC2 Within
Tenderloin 11_23214392 M 23,214,392 2.58E-07 ENOX1 23,305
Tenderloin 17_61945735 17 61,945,735 3.08E-07 COL9A3 129,390
Hind leg bones 17_15643442 17 15,643,442 4.05E-20 BMP2 106,393
Pork cuts proportion
Boneless boston shoulder 1_129573783 1 129,573,783 2.22E-08 PLA2G4B 40,385
Boneless boston shoulder 3_128528849 3 128,528,849 6.59E-07 RNF144A 218,877
Boneless boston shoulder 459046856 4 59,046,856 8.50E-07 PEX2 205,481
Boneless boston shoulder 7_79346730 7 79,346,730 5.01E-08 OR4K17 1319
Boneless boston shoulder 822044470 8 22,044,470 4.74E-07
Boneless boston shoulder 9133440994 9 133,440,994 3.37E-08 LAMB3 89,797
Boneless boston shoulder 10_16027531 10 16,027,531 4.53E-08 CEP170 41,008
Boneless boston shoulder 10_1972864 10 1,972,864 8.34E-07 RGS18 433,201
Boneless boston shoulder 13_204136763 13 204,136,763 2.72E-07 DSCAM Within
Boneless boston shoulder 14_11938089 14 11,938,089 1.58E-09 ELP3 Within
Boneless boston shoulder 14_2182509 14 2,182,509 8.90E-07 SYK 21,337
Boneless boston shoulder 15_45520738 15 45,520,738 1.21E-07 Wwwe2 717,973
Boneless boston shoulder 1839232070 18 39,232,070 4.89E-07 BMPER 180,768
Fore leg bones 559607391 5 59,607,391 3.80E-07 DDX47 26,034
Fore leg bones 730253940 7 30,253,940 9.26E-08 HMGAT 66,514
Fore leg bones 17_16478561 17 16,478,561 2.93E-08 HAOT 265,879
Ribs 7_97596043 7 97,596,043 1.32E-18 VRTN 18,664
Ribs 7_24454624 7 24,454,624 7.83E-07 NOTCH4 198,343
Ribs 9_133934063 9 133,934,063 2.87E-07

Ribs 16_2809427 16 2,809,427 7.97E-07 DNAHS5 304,852
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Table 2 (continued)

Traits Top SNP Chr Pos, bp P-value Candidate gene’ Dis?, bp
Chine bones 41312897 4 1,312,897 2.14E-07 LYelL 12,946
Chine bones 7_97576486 7 97,576,486 3.92E-09 VRTN 38,221
Chine bones 7_36885255 7 36,885,255 8.73E-07 TFEB Within
Chine bones 15_10051390 15 10,051,390 8.89E-08 LRPI1B Within
Chine bones 17_15384749 17 15,384,749 2.18E-07 BMP2 365,086
Tenderloin 4_79051804 4 79,051,804 7.54E-07 SNAI2 213,074
Tenderloin 10_54307891 10 54,307,891 2.29E-07 PLXDC2 Within
Tenderloin 10_29167522 10 29,167,522 8.24E-07 GOLM1 Within
Tenderloin 13_12587359 13 12,587,359 7.12E-07 TOP2B 11,776
Hind leg bones 410303912 4 10,303,912 4.68E-09 ASAP1 Within
Hind leg bones 17_15643251 17 15,643,251 1.60E-10 BMP2 106,584

! Within 500 kb of the QTL, the gene closest to the Top SNP or the gene that has been reported to be associated with the phenotype

2The distance between the Top SNP site and the candidate gene

vertebrae length, and number of vertebrae (Fig. 2). The
QTL near to VRTN was significantly associated with
various traits such as carcass SL, OL, THL, LUL, THN,
and LUN and QTL near BMP2 was also significantly
associated with SL, OL, THL, LUL, and SLUL. Interest-
ingly, VRTN was found to affect carcass length and total
vertebral length by increasing the number of vertebrae,
while the BMP2 may affect these traits by affecting the
length of every vertebra. In backfat thickness traits, the
most significant SNP was located at 12,758,893 bp on
SSC7 with 38,175 bp upstream of the ATXN1 gene, which
was significantly associated with MBD, with a P-value
of 4.05%x107% (Table 3). Furthermore, two QTLs affect-
ing the MBD were identified in the region of 159,644—
161,160 kb of SSC1 and 7,347-7,356 kb of SSC2, which
affect RBD and WBD (Table 3). The most significant
SNPs in these two QTLs were rs1_161160798 (SSC1:
161,160,798 bp) and rs2_7347710 (SSC2: 7,347,710 bp),
located at 386,674 bp downstream of AMC4R and
158,720 bp downstream of BATF2 gene, and with the
P-values of 3.45x1077 and 1.23x 1077, respectively.

Accuracy of genomic predictions

The accuracy of GEBV for all traits using SNP Chip data
were presented in Table 4. In pork cuts, the highest pre-
diction accuracy was RI (Ap=0.693, A,,=0.664), fol-
lowed by BPS (A,=0.665, A, =0.640), and the lowest
prediction accuracy was TPB (A,=0.342, A,=0.438).

(See figure on next page.)

In carcass morphology traits, the highest predic-
tion accuracy was THN (A =0.882), followed by LHN
(A=0.749), and the lowest prediction accuracy was LUN
(A=0.373) (Table 4). Additionally, pork cuts and carcass
morphology traits with the highest prediction accuracy
using the GBLUP model were SB (A,=0.586, A,,=0.554)
and THL (A =0.579), respectively (Table 4). Importantly,
the accuracy of prediction using the BSLMM model
was significantly higher than that of the GBLUP model
(P=9.54x107%) (Fig. 3a), with THN showing the great-
est improvement of 0.333. Additionally, we found that the
prediction accuracy of the leave-one-out method was sig-
nificantly higher than that of the fivefold cross-validation
method (P=1.27x 10~'%) (Fig. 3b).

Different populations, marker densities and pre-selecting
markers

We found that the prediction accuracy based on the CC1
Chip genotype data was significantly higher than that
based on sequence imputation data by GBLUP model
(P=6.16x107°, Fig. 3c). This shows that the accuracy
of the CC1 chip data for genome selection of pork cuts
and carcass morphology traits is better. We propose two
potential explanations for this result. Firstly, the CC1
Chip, developed collaboratively by the National Labora-
tory of Pig Genetic Improvement and Breeding Technol-
ogy and over 12 universities and research institutes in
China, includes causal loci that influence body length and

Fig. 2 GWAS results of length-related carcass morphology traits. (left) Manhattan plots for carcass morphology traits with the data after imputation.
(right) Quantile—quantile plots (Q-Q plots) for carcass morphology traits. In the Manhattan plots, the y-axis and x-axis represent the —log;,(P-value)
of the SNPs and the genomic positions separated by chromosomes, respectively. The tomato puree points represent SNPs that exceeded

the genome-wide significance threshold (~log; (5 x 1078)). The green points represent SNPs that exceeded the suggestive significance threshold (-
log, (1% 1 079).In Q-Q plots, the y-axis and x-axis represent the expected and observed —log,,(P-value), respectively
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Table 3 Significant loci associated with carcass morphology traits by imputation-based GWAS

Traits Top SNP Chr Pos, bp P-value Candidate gene’ Dis?, bp
Straight length 7_97579520 7 97,579,520 2.08E-15 VRTN 35,187
Straight length 7_11494001 7 11,494,001 6.08E-07 JARID2 Within
Straight length 14_106872034 14 106,872,034 7.89E-07 SORBST 23,729
Straight length 1711091283 17 11,091,283 5.35E-08 AP3M2 75,878
Straight length 1715692918 17 15,692,918 4.79E-36 BMP2 56,917
Straight length 17_21101373 17 21,101,373 4.17E-08 SPTLC3 668,111
Oblique length 7_97595573 7 97,595,573 4.07E-13 VRTN 19,134
Oblique length 9_43335271 9 43,335,271 4.81E-07 CADM1 350,392
Oblique length 12_7316631 12 7,316,631 9.06E-08 C170rf80 393,636
Oblique length 14_105368901 14 105,368,901 6.16E-07 SLC35GT 23,627
Obligue length 17_15758097 17 15,758,097 8.54E-23 BMP2 Within
Thoracic length 7_97595573 7 97,595,573 2.03E-58 VRTN 19,134
Thoracic length 14_55238487 14 55,238,487 3.43E-07 NID1 1,165
Thoracic length 17_15758097 17 15,758,097 471E-15 BMP2 Within
Thoracic length 17_19496491 17 19,496,491 1.12E-07 JAGIT 94,761
Thoracic length 18_47976390 18 47,976,390 2.96E-07 NPY 9,335
Lumbar length 2_14043586 2 14,043,586 4.50E-07 SSRPI1 414,353
Lumbar length 3_117271220 3 117,271,220 6.35E-07 APOB Within
Lumbar length 797585410 7 97,585,410 5.53E-10 VRTN 29,297
Lumbar length 14_131660585 14 131,660,585 5.99E-08 TACC2 Within
Lumbar length 17_15643493 17 15,643,493 1.22E-08 BMP2 106,342
Single lumbar length 6_145816008 6 145,816,008 5.12E-07 SLC35D1 219,942
Single lumbar length 6_126510205 6 126,510,205 5.53E-07 PIK3C3 467,044
Single lumbar length 17_15643442 17 15,643,442 3.36E-20 BMP2 106,393
Single lumbar length 17_57495096 17 57,495,096 1.05E-07 BMP7 88,995
Single lumbar length 1721269115 17 21,269,115 1.18E-07 BTBD3 390,900
Single lumbar length 17_13713769 17 13,713,769 2.39E-07 PRNP 8,451
6th_7th rib backfat depth 1.161160798 1 161,160,798 2.46E-07 MC4R 386,674
6th_7th rib backfat depth 1_14679941 1 14,679,941 2.94E-07 ESR1 186,578
6th_7th rib backfat depth 2_7347710 2 7,347,710 9.21E-07 BATF2 158,720
6th_7th rib backfat depth 712752211 7 12,752,211 1.80E-07 ATXNT 31,493
Waist backfat depth 1.161834607 1 161,834,607 1.99E-07 MC4R 1,060,483
Waist backfat depth 1_238788828 1 238,788,828 941E-07 IGFBPL1 331,784
Waist backfat depth 2_15159846 2 15,159,846 3.17E-07 CELF1 Within
Waist backfat depth 7_77480725 7 77,480,725 3.06E-07 TRAV3 1205
Waist backfat depth 14_36628672 14 36,628,672 5.19E-07 MEDI13L 244,110
Hip backfat depth 29942614 2 9,942,614 8.14E-07 SYr7 5311
Hip backfat depth 410303912 4 10,303,912 3.20E-07 ASAP1 Within
Hip backfat depth 18_41881878 18 41,881,878 9.71E-07 GHRHR 148,632
Mean of backfat depth 1.161160798 1 161,160,798 345E-07 MC4R 386,674
Mean of backfat depth 2_7347710 2 7,347,710 1.23E-07 BATF2 158,720
Mean of backfat depth 7_12758893 7 12,758,893 4.05E-08 ATXNT 38,175
Mean of backfat depth 79256447 7 9,256,447 9.06E-07 PHACTR1 Within

T Within+500 kb of the QTL, the gene closest to the Top SNP or the gene that has been reported to be associated with the phenotype

2The distance between the Top SNP site and the candidate gene

weight. Secondly, the poor prediction accuracy of GEBVs
based on genotype imputation data may be attributed
to the fact that over 98% of imputed genotypes were not

associated (P>0.05) with the phenotype, and these loci
may be unfavorable to the prediction of GEBV. Previous
studies have found that the accuracy of GEBV prediction
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Table 4 Effects of different models, validation methods, and SNPs datasets on the prediction accuracy of GEBV
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Genotype data

Models

Validation methods

CC1 chip genotyping data

GBLUP

Fivefold cross-validation

CC1 chip genotyping data

BSLMM

Fivefold cross-validation

CC1 chip genotyping data

GBLUP

Leave-one-out

Genotype
imputation data

GBLUP

Leave-one-out

Samples 2,012 2,012 2,012 2,012
Pork cuts weight
Shoulder cut 0.486 0.570 0.541 0.455
Middle cut 0519 0513 0.535 0.556
Leg cut 0.530 0.548 0.567 0.541
Boneless boston shoulder 0408 0406 0.508 0.576
Boneless picnic shoulder 0.547 0.640 0.597 0481
Front ribs 0.395 0.586 0.487 0.356
Fore leg bones 0.502 0.512 0.508 0.522
Scapula bones 0.554 0.579 0576 0.609
Loin 0.521 0513 0.553 0.585
Belly 0525 0519 0.553 0.556
Ribs 0.565 0.664 0.568 0461
Chine bones 0450 0487 0452 0467
Back fat 0.546 0.547 0.565 0.590
Boneless leg 0.558 0.586 0.583 0.560
Tenderloin 0514 0.603 0.590 0.538
Hind leg bones 0.507 0.635 0.569 0442
Tail and pelvis bone 0.346 0.342 0373 0.402
Pork cuts proportion
Shoulder cut 0335 0.562 0418 0314
Middle cut 0.521 0.610 0523 0456
Leg cut 0.559 0.560 0.567 0.546
Boneless boston shoulder 0.496 0.517 0.569 0.571
Boneless picnic shoulder 0.548 0.665 0.604 0496
Front ribs 0321 0498 0426 0.369
Fore leg bones 0.512 0.562 0.571 0.531
Scapula bones 0.586 0.656 0.635 0.589
Loin 0.502 0.509 0.567 0.543
Belly 0.501 0.489 0.534 0.540
Ribs 0.573 0.693 0.573 0.505
Chine bones 0.462 0.596 0.459 0314
Back fat 0.536 0.559 0.558 0.547
Boneless leg 0.585 0.583 0.603 0.585
Tenderloin 0516 0.586 0.563 0.526
Hind leg bones 0.559 0.561 0.564 0.573
Tail and pelvis bone 0372 0438 0403 0.309
Carcass morphology traits
Half carcass weight 0.530 0.538 0.563 0.551
Carcass weight 0518 0.521 0.547 0.581
Straight length 0.567 0.661 0.597 0.577
Obligue length 0.540 0.652 0.590 0.528
Thoracic length 0.579 0.749 0.595 0.502
Lumbar length 0.395 0.510 0445 0476
Thoracic number 0.549 0.882 0.594 0484
Lumbar number 0353 0373 0335 0331
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Table 4 (continued)

Genotype data CC1 chip genotyping data CC1 chip genotyping data CC1 chip genotyping data  Genotype
imputation data

Models GBLUP BSLMM GBLUP GBLUP

Validation methods

Fivefold cross-validation

Fivefold cross-validation

Leave-one-out

Leave-one-out

Samples 2,012 2,012 2,012 2,012
Single lumbar length 0.544 0.714 0.594 0.541
Shoulder backfat depth 0412 0.528 0.466 0.364
6th_7th rib backfat depth 0422 0.445 0.495 0.466
Waist backfat depth 0451 0441 0480 0514
Hip backfat depth 0.460 0443 0.541 0.536
Mean of backfat depth 0.486 0.504 0.558 0.552

The data in the table are the accuracy of predicting GEBV for all traits

@ Carcass trait @ Meat cuts weight © Meat cuts proportion
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can be improved by excluding markers that have no
effect on traits or have inconsistent effects among differ-
ent populations [37-39]. Therefore, we pre-selected a set
of SNPs to predict GEBV in WGS genotype imputation
data. The prediction accuracy of CC1 Chip data was still
significantly higher than that of pre-selected genotype
imputation data, but the difference in prediction accu-
racy became smaller (Fig. 4a), with a P-value of 0.027, in
the combined populations. However, the prediction accu-
racy of genotype imputation data was significantly higher
than that of chip data in the YK and LY populations
(Fig. 4a), with significant P-values of 9.88x107%** and
1.01x 107 respectively. Similarly, we chose the GWAS
significant loci based on CC1 chip data for genomic pre-
diction. The genomic prediction based on the CC1 Chip
data showed that the accuracy of GEBVs for different
traits in the combined populations using GWAS sig-
nificant loci was lower than that using all SNPs (Fig. 4b),
with a P-value of 8.76x107°. However, the prediction
accuracy in the YK populations and LY populations was
the opposite (Fig. 4b). Furthermore, we compared the
prediction accuracy under pre-selection strategy of SNP
Chip data and imputation data, we found that the predic-
tion accuracy of imputation-based data was significantly
higher than that of the CC1 Chip-based data (Fig. 5a).
The results indicate that the selection of GWAS signifi-
cant loci for GEBV prediction has substantially improved
accuracy in single-breed populations, whether using CC1
Chip data or genotype imputation data. However, in the
combined population, the prediction accuracy of GEBVs
using all markers from CC1 Chip data outperformed oth-
ers. Also, the prediction accuracy of GEBVs varies signifi-
cantly across populations when using different datasets
(Fig. 5b).

In summary, when predicting GEBVs using genome-
wide data, it is advisable to exclude non-relevant loci, also
known as pre-selection markers, through GWAS analy-
sis. Different populations may require different strategies
for genomic selection.

Discussion

Candidate genes affecting body size

We identified three candidate genes associated with skel-
etal development, namely VRTN, BMP2, and HMGAI.
A causal mutation (g.19034 A>C) in VRTN was found
to be significantly correlated with thoracic vertebra
number in our previous studies, and was confirmed by
a series of biochemical experiments [36]. In this study,
QTLs were also identified in the VRTN, which was sig-
nificantly associated with the weight and proportion of
RI and CB, SL, OL, THL and LUL. Li et al. [40] found
that the rs320706814 SNP located approximately 123 kb
upstream of the BMP2 was the strongest candidate
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affecting carcass length. However, this study found that
the QTL upstream of the BMP2 was associated with
weight and proportion of FLB, HLB and R, SL, OL, THL,
LUL and SLUL. And, Zhang et al. [35] identified HMGA I
and PPARD as candidate for limb bone length in pigs in
the Large Whitex Minzhu intercross population. Fur-
thermore, other studies have reported that HMGAI is a
strong candidate gene affecting pig body size [35, 41, 42].
This study found that a QTL in the intron region of the
HMGAI gene was significantly associated with the pro-
portion of FLB. Overall, VRTN, BMP2, and HMGAI are
prominent candidate genes influencing pig body size and
play crucial roles in bone development.

Effects of marker preselection, marker density,

and reference population size on genomic prediction
Based on previous research, we know that several fac-
tors can influence the accuracy of predicting genomic
estimated breeding values (GEBVs). These include the
selection and size of the reference population [43, 44],
marker density [45, 46], pre-selection of markers [37],
prediction models [47-49], and heritability of traits [50,
51]. We compared the effect of different populations on
GEBV prediction accuracy and observed significantly
higher accuracy in the combined populations when using
CC1 Chip data compared to the YK and LY populations
(Fig. 5b). This may be due to the limited size of the YK and
LY populations, which reduces the accuracy of GEBV pre-
diction. However, using GWAS significant loci for GEBV
prediction resulted in significant improvement in accu-
racy for the YK and LY populations, although it remained
lower than that of the combined population. Apart from
the reference population size, the variation in linkage
disequilibrium between markers in combined popula-
tions and single-breed populations also affects prediction
accuracy. In the combined population, linkage disequilib-
rium blocks formed between markers are smaller. Thus,
assuming a specific marker has an effect in the combined
population, it is more likely due to its higher linkage dis-
equilibrium with the QTL, rather than longer linkage
blocks within a single breed. Previous research by Roos
et al. [52] also showed that the accuracy of genome pre-
diction is the highest when multiple populations are com-
bined to form a training set, but a higher labeling density
is also required. Higher marker density can improve pre-
diction accuracy to some extent, but not all markers will
have an impact on traits. In our study, we found that the
accuracy of GEBV predictions using genotype imputation
data was lower than that based on CC1 Chip genotyping
data. However, when using GWAS significant loci to pre-
dict GEBVs of different traits, the accuracy of genotype
imputation data significantly improved, and in the single-
breed population, the accuracy of genotype imputation
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data was significantly higher than that of CC1 Chip data.
It can be seen that while increasing the marker density,
we also need to pre-select the markers to improve GEBVs
prediction accuracy [37-39].

Feasibility of genome-based selection for pork cuts

As we all know, the most important thing in animal
breeding is to select elite individuals and those are identi-
fied as the candidates with high EBVs. One of the widely
used molecular breeding methods is marker-assisted
selection, which involves identifying QTLs associated
with traits of interest and then using models incorpo-
rating these QTLs to predict EBV in individuals [50].
In this study, QTLs related to pork cuts were identi-
fied, which has important reference value for breed-
ing pork cuts using marker-assisted selection. However,
marker-assisted selection has been gradually replaced by
molecular breeding methods based on genomic selec-
tion in recent years [53—55]. Genomic selection requires
establishing a reference population containing pheno-
type and genotype individuals, evaluating the effect
value of each marker on the target phenotype using a
suitable model, and then genotyping the individuals that
need to be predicted. The GEBVs of each individual are
calculated using the estimated marker effect value of
the reference population, and individuals are selected
and retained based on their GEBVs ranking [56]. This
method improves the accuracy of selective breeding and
shortens the generation interval. It is especially effec-
tive for difficult-to-measure phenotypes and phenotypes
with low heritability [57, 58]. In our previous study, we
found that most of the pork cuts were medium to high
heritability traits. This suggests that breeding for pork
cuts using genomic selection may have higher predictive
accuracy. In this study, we predicted the GEBVs of pork
cuts weight and proportion and found that the predic-
tion accuracy of pork cuts was similar to that of carcass
morphology traits, and the accuracy ranged from 0.342
to 0.693. The prediction accuracy of some pork cuts can
even reach above 0.65, such as the proportion of RI and
BPS. In addition, the pork cuts are the traits of pigs after
slaughter, and it is still challenging to predict the weight
and proportion of pork cuts through live bodies. There-
fore, the use of genomic selection would be a practical
way to select elite pigs for pork cuts early in life.

Conclusion

In this study, we identified 14 QTLs and 112 QTLs asso-
ciated with 17 pork cuts, as well as candidate genes, using
HGWAS and IGWAS for the first time. Our results sug-
gest the independent regulation of skeletal development
by several genes across different body parts. Specifically,
we identified HMGAI as a candidate gene that affects
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the size of the fore leg bones, VRTN as a causal gene that
affects the number of vertebral and rib bones and BMP2
as candidate gene that affects the size of both hind leg
bones and fore leg bones, as well as the length of a single
vertebral bone. The QTLs and candidate genes we iden-
tified have important implications for marker-assisted
selection and genome selection. Moreover, we conducted
genomic selection of pork cuts and carcass morphology
traits in different populations. We found that the predic-
tion accuracy of GEBVs for pork cuts ranged from 0.342
to 0.693, and that the predictive accuracy of several traits,
including ribs, boneless picnic shoulder, tenderloin, hind
leg bones, and scapula bones, exceeded 0.6. We also
found that genomic selection strategy of using BSLMM
model, with higher density of effective markers and pre-
selecting markers can improve the accuracy of GEBVs.
Furthermore, we constructed the first reference popu-
lations for genome selection of pork cuts in pigs. These
reference populations contain the genetic information
of main commercial breeds of Landrace, Yorkshire, and
Duroc, which can be directly used for genome selection
for most of the commercial pig companies. Overall, our
study provides valuable insights into the genetics of pork
cuts in pigs and lays a foundation for improving the effi-
ciency of pig breeding programs.
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BBS Boneless boston shoulder

BE Belly

BF Back fat
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Supplementary Information

The online version contains supplementary material available at https://doi.
org/10.1186/540104-023-00914-4.

Additional file 1: Table S1. Summary information for four populations.

Additional file 2: Table S2. Estimates of heritabilities with their standard
error (SE) for pork cuts and carcass morphology traits in the combined
populations.

Additional file 3: Table S3. Significant loci associated with pork cuts and
carcass morphology traits by GWAS after genotype imputation.

Acknowledgements

The authors would like to acknowledge National Natural Science Foundation
of China [grant number 32160782] for their financial support. Special thanks
were given to Muyuan Food Co,, Ltd. (Henan, China) and Longda Muyuan

Meat Food Co,, Ltd. (Henan, China) for providing the swine and meat samples.

Authors’ contributions

LH conceived and designed the study and revised the manuscript. LX
performed most of the analysis, and was a major contributor in writing the
manuscript. ZZ analyzed the data and wrote and revised the manuscript. JQ
assisted in sample collection and participated in discussion. LR, DC, XT and LC
assisted in sample collection. SX, participated in the designed the study. LH,
ZZ,and LX participated in the discussion of the results. All authors read and
approved the final manuscript.

Funding
This work was supported by National Natural Science Foundation of China
[grant number 32160782].

Availability of data and materials
The data that support the findings of this study are available from the cor-
responding author upon reasonable request.

Declarations

Ethics approval and consent to participate

All procedures involving animals followed the guidelines for the care and use
of experimental animals (GB/T 27416-2014, Laboratory animal institutions-
general requirements for quality and competence) approved by the National
Standard of the People’s Republic of China. The ethics committee of Jiangxi
Agricultural University specially approved this study.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no conflict of interest.

Received: 11 April 2023 Accepted: 2 July 2023
Published online: 03 September 2023

References
1. LiuR, Xing L, Zhou G, Zhang W. What is meat in China? Anim Front.
2017,7(4):53-6. https://doi.org/10.2527/af.2017.0445.

20.

AR

Page 17 of 18

Zeng W, Wen W, Deng Y, Tian Y, Sun H, Sun Q. Chinese ethnic meat prod-
ucts: continuity and development. Meat Sci. 2016;120:37-46. https://doi.
org/10.1016/j.meatsci.2016.04.007.

Nam K, Jo C, Lee M. Meat products and consumption culture in the
east. Meat Sci. 2010;86(1):95-102. https://doi.org/10.1016/j.meatsci.
2010.04.026.

General Office of the Ministry of Agriculture and Rural Affairs of the
People’s Republic of China. Notice of the ministry of agriculture and rural
affairs on further strengthening supervision over the trans-provincial
transfer of live pigs and their products. 2018. Available at: https://www.
moa.gov.cn/govpublic/SYJ/201809/t20180925_6158480.htm. Accessed
11 July 2020.

General Office of the Ministry of Agriculture and Rural Affairs of the
People’s Republic of China. Notice of the general office of the ministry
of agriculture and rural affairs on strengthening the supervision of the
movement of live pigs in the prevention and control of african swine
fever. 2018. Available at: https.//www.moa.gov.cn/gk/tzgg_1/tfw/
201808/t20180810_6155550.htm. Accessed 11 July 2020.

Grunert KG. Future trends and consumer lifestyles with regard to meat
consumption. Meat Sci. 2006;74(1):149-60. https://doi.org/10.1016/j.
meatsci.2006.04.016.

Xie L, Qin J, Rao L, Tang X, Cui D, Chen L, et al. Accurate prediction and
genome-wide association analysis of digital intramuscular fat content in
longissimus muscle of pigs. Anim Genet. 2021;52(5):633-44. https://doi.
org/10.1111/age.13121.

Li LY, Xiao SJ, Tu JM, Zhang ZK, Zheng H, Huang LB, et al. A further survey
of the quantitative trait loci affecting swine body size and carcass traits in
five related pig populations. Anim Genet. 2021;52(5):621-32. https://doi.
org/10.1111/age.13112.

Zhang Z, Hong Y, Gao J, Xiao S, Ma J, Zhang W, et al. Genome-wide associa-
tion study reveals constant and specific loci for hematological traits at three
time stages in a White Duroc X Erhualian F, resource population. PLoS
ONE. 2013;8(5):e63665. https://doi.org/10.1371/journal.pone.0063665.

. Druet T, Farnir FP. Modeling of identity-by-descent processes along a chro-

mosome between haplotypes and their genotyped ancestors. Genetics.
2011;188(2):409-19. https.//doi.org/10.1534/genetics.111.127720.

. Zhang Z, Guillaume F, Sartelet A, Charlier C, Georges M, Farnir F, et al.

Ancestral haplotype-based association mapping with generalized
linear mixed models accounting for stratification. Bioinformatics.
2012;28(19):2467-73. https://doi.org/10.1093/bioinformatics/bts348.

. Xie L, Qin J,Rao L, Cui D, Tang X, Xiao S, et al. Effects of carcass weight,

sex and breed composition on meat cuts and carcass trait in finishing
pigs. J Integr Agric. 2023;22:1489-501. https://doi.org/10.1016/j jia.
2022.08.122.

. GB/T 17236-2019. Operating procedures of livestock and poultry slaugh-

tering - pig. Beijing: Standards Press of China; 2019.

. Purcell S, Neale B, Todd-Brown K, Thomas L, Ferreira MA, Bender D, et al.

Plink: a tool set for whole-genome association and population-based
linkage analyses. Am J Hum Genet. 2007,81(3):559-75.

Rubinacci S, Delaneau O, Marchini J. Genotype imputation using the
positional burrows wheeler transform. Plos Genet. 2020;16(11):e1009049.
https://doi.org/10.1371/journal.pgen.1009049.

Tong X, Chen D, Hu J, Lin S, Ling Z, Ai H, et al. Re-sequenced high-quality
1k pig genomes enable accurate haplotypes construction and robust
selection-signature detection (unpublished manuscript). 2022.

. Yan G, Liu X, Xiao S, Xin W, Xu W, LiY, et al. An imputed whole-genome

sequence-based gwas approach pinpoints causal mutations for complex
traits in a specific swine population. Sci China Life Sci. 2022;65(4):781-94.
https://doi.org/10.1007/511427-020-1960-9.

Delaneau O, Zagury JF, Robinson MR, Marchini JL, Dermitzakis ET.
Accurate, scalable and integrative haplotype estimation. Nat Commun.
2019;10(1):5436. https://doi.org/10.1038/541467-019-13225-y.

Druet T, Georges M. A hidden markov model combining linkage and
linkage disequilibrium information for haplotype reconstruction and
quantitative trait locus fine mapping. Genetics. 2010;184(3):789-98.
https://doi.org/10.1534/genetics.109.108431.

Zhou X, Stephens M. Genome-wide efficient mixed-model analysis for
association studies. Nat Genet. 2012;44(7):821-4. https://doi.org/10.1038/
ng.2310.

VanRaden PM. Efficient methods to compute genomic predictions. J
Dairy Sci. 2008,91(11):4414-23. https://doi.org/10.3168/jds.2007-0980.


https://doi.org/10.1186/s40104-023-00914-4
https://doi.org/10.1186/s40104-023-00914-4
https://doi.org/10.2527/af.2017.0445
https://doi.org/10.1016/j.meatsci.2016.04.007
https://doi.org/10.1016/j.meatsci.2016.04.007
https://doi.org/10.1016/j.meatsci.2010.04.026
https://doi.org/10.1016/j.meatsci.2010.04.026
https://www.moa.gov.cn/govpublic/SYJ/201809/t20180925_6158480.htm
https://www.moa.gov.cn/govpublic/SYJ/201809/t20180925_6158480.htm
https://www.moa.gov.cn/gk/tzgg_1/tfw/201808/t20180810_6155550.htm
https://www.moa.gov.cn/gk/tzgg_1/tfw/201808/t20180810_6155550.htm
https://doi.org/10.1016/j.meatsci.2006.04.016
https://doi.org/10.1016/j.meatsci.2006.04.016
https://doi.org/10.1111/age.13121
https://doi.org/10.1111/age.13121
https://doi.org/10.1111/age.13112
https://doi.org/10.1111/age.13112
https://doi.org/10.1371/journal.pone.0063665
https://doi.org/10.1534/genetics.111.127720
https://doi.org/10.1093/bioinformatics/bts348
https://doi.org/10.1016/j.jia.2022.08.122
https://doi.org/10.1016/j.jia.2022.08.122
https://doi.org/10.1371/journal.pgen.1009049
https://doi.org/10.1007/s11427-020-1960-9
https://doi.org/10.1038/s41467-019-13225-y
https://doi.org/10.1534/genetics.109.108431
https://doi.org/10.1038/ng.2310
https://doi.org/10.1038/ng.2310
https://doi.org/10.3168/jds.2007-0980

Xie et al. Journal of Animal Science and Biotechnology

22.

23.

24.

25.

26.

27.

28.

29.

30.

31

32.

33

34

35.

36.

37

38.

39.

40.

41.

(2023) 14:116

Pe'er |, Yelensky R, Altshuler D, Daly MJ. Estimation of the multiple testing
burden for genomewide association studies of nearly all common vari-
ants. Genet Epidemiol. 2008;32(4):381-5. https://doi.org/10.1002/gepi.
20303.

Johnson RC, Nelson GW, Troyer JL, Lautenberger JA, Kessing BD, Winkler
CA, et al. Accounting for multiple comparisons in a genome-wide asso-
ciation study (GWAS). BMC Genomics. 2010;11(1):724. https://doi.org/10.
1186/1471-2164-11-724.

Duggal P, Gillanders EM, Holmes TN, Bailey-Wilson JE. Establishing an
adjusted P-value threshold to control the family-wide type 1 error in
genome wide association studies. BMC Genomics. 2008;9:516. https://doi.
0rg/10.1186/1471-2164-9-516.

Hinks A, Cobb J, Marion MC, Prahalad S, Sudman M, Bowes J, et al. Dense
genotyping of immune-related disease regions identifies 14 new suscep-
tibility loci for juvenile idiopathic arthritis. Nat Genet. 2013;45(6):664-9.
https://doi.org/10.1038/ng.2614.

Sartelet A, Druet T, Michaux C, Fasquelle C, Geron S, Tamma N, et al. A
splice site variant in the bovine mf11 gene compromises growth and
regulation of the inflammatory response. Plos Genet. 2012;8(3):21002581.
https://doi.org/10.1371/journal.pgen.1002581.

Yang J, Lee SH, Goddard ME, Visscher PM. Gcta: a tool for genome-wide
complex trait analysis. Am J Hum Genet. 2011;88(1):76-82. https://doi.
0rg/10.1016/j.ajhg.2010.11.011.

Harville DA. Maximum likelihood approaches to variance component
estimation and to related problems. J Am Stat Assoc. 1977;72(358):320-38.
Yang J, Benyamin B, McEvoy BP, Gordon S, Henders AK, Nyholt DR, et al.
Common snps explain a large proportion of the heritability for human
height. Nat Genet. 2010;42(7):565-9. https://doi.org/10.1038/ng.608.
Zhou X, Carbonetto P, Stephens M. Polygenic modeling with bayesian
sparse linear mixed models. Plos Genet. 2013;9(2):21003264. https://doi.
0rg/10.1371/journal.pgen.1003264.

Hayes BJ, Pryce J, Chamberlain AJ, Bowman PJ, Goddard ME. Genetic
architecture of complex traits and accuracy of genomic prediction: coat
colour, milk-fat percentage, and type in holstein cattle as contrasting
model traits. Plos Genet. 2010;6(9):e1001139. https://doi.org/10.1371/
journal.pgen.1001139.

Xie L, Qin J,Yao T, Tang X, Cui D, Chen L, et al. Genetic dissection of 26
meat cut, meat quality and carcass traits in four pig populations. Genet
Sel Evol. 2023;55:43. https://doi.org/10.1186/512711-023-00817-y.

Xu J,FuY,HuY,Yin L, Tang Z, Yin D, et al. Whole genome variants across
57 pig breeds enable comprehensive identification of genetic signatures
that underlie breed features. J Anim Sci Biotechnol. 2020;11:115. https://
doi.org/10.1186/540104-020-00520-8.

Wang L, Zhang L, Yan H, Liu X, Li N, Liang J, et al. Genome-wide associa-
tion studies identify the loci for 5 exterior traits in a Large White x Minzhu
pig population. PLoS ONE. 2014;9(8):e103766.

Zhang L, Li N, Liu X, Liang J, Yan H, Zhao K; et al. A genome-wide association
study of limb bone length using a Large White X Minzhu intercross popula-
tion. Genet Sel Evol. 2014;46:56. https.//doi.org/10.1186/512711-014-0056-6.
DuanY, Zhang H, Zhang Z, Gao J, Yang J, Wu Z, et al. Vrtn is required

for the development of thoracic vertebrae in mammals. Int J Biol Sci.
2018;14(6):667.

Schulz-Streeck T, Ogutu JO, Piepho H. Pre-selection of markers for
genomic selection. BMC Proceedings. 2011;5(Suppl 3):512. https://doi.
0rg/10.1186/1753-6561-5-53-512.

Dudley JW, Johnson GR. Epistatic models and pre-selection of markers
improve prediction of performance in corn. Mol Breed. 2013;32(3):585-
93. https://doi.org/10.1007/511032-013-9891-3.

Zhang Z, Ma P, Zhang Z, Wang Z, Wang Q, Pan Y. The construction of a
haplotype reference panel using extremely low coverage whole genome
sequences and its application in genome-wide association studies and
genomic prediction in duroc pigs. Genomics. 2022;114(1):340-50. https://
doi.org/10.1016/j.ygeno0.2021.12.016.

LiJ, Peng S, Zhong L, Zhou L, Yan G, Xiao S, et al. Identification and valida-
tion of a regulatory mutation upstream of the BMP2 gene associated with
carcass length in pigs. Genet Sel Evol. 2021;53(1):94. https://doi.org/10.
1186/512711-021-00689-0.

LiuH, Song H, Jiang ¥, Jiang Y, Zhang F, Liu Y, et al. A single-step

genome wide association study on body size traits using imputation-
based whole-genome sequence data in Yorkshire pigs. Front Genet.
2021;12:629049. https://doi.org/10.3389/fgene.2021.629049.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

Page 18 of 18

Gong H, Xiao S, Li W, Huang T, Huang X, Yan G, et al. Unravelling the
genetic loci for growth and carcass traits in chinese bamaxiang pigs
based on a 1.4 million SNP array. J Anim Breed Genet. 2019;136(1):3-14.
https://doi.org/10.1111/jbg.12365.

Chen L, Vinsky M, Li C. Accuracy of predicting genomic breeding values
for carcass merit traits in angus and charolais beef cattle. Anim Genet.
2015;46(1):55-9. https://doi.org/10.1111/age.12238.

Song H, Zhang J, Jiang Y, Gao H, Tang S, Mi S, et al. Genomic prediction
for growth and reproduction traits in pig using an admixed reference
population. J Anim Sci. 2017,95(8):3415-24. https://doi.org/10.2527/jas.
2017.1656.

Brandum RF, Su G, Janss L, Sahana G, Guldbrandtsen B, Boichard D,

et al. Quantitative trait loci markers derived from whole genome
sequence data increases the reliability of genomic prediction. J Dairy Sci.
2015;98(6):4107-16. https://doi.org/10.3168/jds.2014-9005.

Erbe M, Hayes BJ, Matukumalli LK, Goswami S, Bowman PJ, Reich CM,

et al. Improving accuracy of genomic predictions within and between
dairy cattle breeds with imputed high-density single nucleotide poly-
morphism panels. J Dairy Sci. 2012;95(7):4114-29. https://doi.org/10.
3168/jds.2011-5019.

Daetwyler HD, Pong-Wong R, Villanueva B, Woolliams JA. The impact of
genetic architecture on genome-wide evaluation methods. Genetics.
2010;185(3):1021-31. https://doi.org/10.1534/genetics.110.116855.
Clark SA, Hickey JM, van der Werf JHJ. Different models of genetic
variation and their effect on genomic evaluation. Genet Sel Evol.
2011;43(1):18. https://doi.org/10.1186/1297-9686-43-18.

Gao N, Li J, He J, Xiao G, Luo Y, Zhang H, et al. Improving accuracy of
genomic prediction by genetic architecture based priors in a bayes-

ian model. BMC Genet. 2015;16(1):120. https://doi.org/10.1186/
$12863-015-0278-9.

Guo Z, Tucker DM, Basten CJ, Gandhi H, Ersoz E, Guo B, et al. The impact
of population structure on genomic prediction in stratified popula-
tions. Theor Appl Genet. 2014;127(3):749-62. https://doi.org/10.1007/
500122-013-2255-x.

Zhang A, Wang H, Beyene Y, Semagn K, Liu Y, Cao S, et al. Effect of trait
heritability, training population size and marker density on genomic pre-
diction accuracy estimation in 22 bi-parental tropical maize populations.
Front Plant Sci. 2017;8:1916. https://doi.org/10.3389/fpls.2017.01916.
Roos APWD, Hayes BJ, Goddard ME. Reliability of genomic predictions
across multiple populations. Genetics. 2009;183(4):1545-53. https://doi.
org/10.1534/genetics.109.104935.

Boichard D, Ducrocq V, Croiseau P, Fritz S. Genomic selection in domestic
animals: principles, applications and perspectives2. CR Biol. 2016;339(7—
8):274-7. https://doi.org/10.1016/j.crvi.2016.04.007.

Fernandes Junior GA, Rosa GJM, Valente BD, Carvalheiro R, Baldi F, Garcia
DA, et al. Genomic prediction of breeding values for carcass traits in
nellore cattle. Genet Sel Evol. 2016;48(7):7. https://doi.org/10.1186/
s12711-016-0188-y.

de Campos CF, Lopes MS, E Silva FF, Veroneze R, Knol EF, Savio Lopes P,
et al. Genomic selection for boar taint compounds and carcass traits in a
commercial pig population. Livest Sci. 2015;174:10-7. https://doi.org/10.
1016/j.livsci.2015.01.018.

Samoré AB, Fontanesi L. Genomic selection in pigs: state of the art and
perspectives. Ital J Anim Sci. 2016;15(2):211-32. https://doi.org/10.1080/
1828051X.2016.1172034.

Knol EF, Nielsen B, Knap PW. Genomic selection in commercial pig breed-
ing. Anim Front. 2016;6(1):15-22. https://doi.org/10.2527/af.2016-0003.
Hayes BJ, Bowman PJ, Chamberlain AJ, Goddard ME. Invited review:
genomic selection in dairy cattle: progress and challenges. J Dairy Sci.
2009;92(2):433-43. https://doi.org/10.3168/jds.2008-1646.


https://doi.org/10.1002/gepi.20303
https://doi.org/10.1002/gepi.20303
https://doi.org/10.1186/1471-2164-11-724
https://doi.org/10.1186/1471-2164-11-724
https://doi.org/10.1186/1471-2164-9-516
https://doi.org/10.1186/1471-2164-9-516
https://doi.org/10.1038/ng.2614
https://doi.org/10.1371/journal.pgen.1002581
https://doi.org/10.1016/j.ajhg.2010.11.011
https://doi.org/10.1016/j.ajhg.2010.11.011
https://doi.org/10.1038/ng.608
https://doi.org/10.1371/journal.pgen.1003264
https://doi.org/10.1371/journal.pgen.1003264
https://doi.org/10.1371/journal.pgen.1001139
https://doi.org/10.1371/journal.pgen.1001139
https://doi.org/10.1186/s12711-023-00817-y
https://doi.org/10.1186/s40104-020-00520-8
https://doi.org/10.1186/s40104-020-00520-8
https://doi.org/10.1186/s12711-014-0056-6
https://doi.org/10.1186/1753-6561-5-S3-S12
https://doi.org/10.1186/1753-6561-5-S3-S12
https://doi.org/10.1007/s11032-013-9891-3
https://doi.org/10.1016/j.ygeno.2021.12.016
https://doi.org/10.1016/j.ygeno.2021.12.016
https://doi.org/10.1186/s12711-021-00689-0
https://doi.org/10.1186/s12711-021-00689-0
https://doi.org/10.3389/fgene.2021.629049
https://doi.org/10.1111/jbg.12365
https://doi.org/10.1111/age.12238
https://doi.org/10.2527/jas.2017.1656
https://doi.org/10.2527/jas.2017.1656
https://doi.org/10.3168/jds.2014-9005
https://doi.org/10.3168/jds.2011-5019
https://doi.org/10.3168/jds.2011-5019
https://doi.org/10.1534/genetics.110.116855
https://doi.org/10.1186/1297-9686-43-18
https://doi.org/10.1186/s12863-015-0278-9
https://doi.org/10.1186/s12863-015-0278-9
https://doi.org/10.1007/s00122-013-2255-x
https://doi.org/10.1007/s00122-013-2255-x
https://doi.org/10.3389/fpls.2017.01916
https://doi.org/10.1534/genetics.109.104935
https://doi.org/10.1534/genetics.109.104935
https://doi.org/10.1016/j.crvi.2016.04.007
https://doi.org/10.1186/s12711-016-0188-y
https://doi.org/10.1186/s12711-016-0188-y
https://doi.org/10.1016/j.livsci.2015.01.018
https://doi.org/10.1016/j.livsci.2015.01.018
https://doi.org/10.1080/1828051X.2016.1172034
https://doi.org/10.1080/1828051X.2016.1172034
https://doi.org/10.2527/af.2016-0003
https://doi.org/10.3168/jds.2008-1646

	Genetic dissection and genomic prediction for pork cuts and carcass morphology traits in pig
	Abstract 
	Background 
	Results 
	Conclusions 

	Background
	Materials and methods
	Animals, feeding and sampling
	Phenotypic determination
	Genotyping
	Imputation of whole-genome sequence variants
	Imputation-based of whole-genome sequence GWAS (IGWAS)
	Haplotype-based CC1 Chip genotyping data GWAS (HGWAS)
	Statistical models to genome prediction
	Evaluation of the accuracy of genomic prediction

	Results
	Summary of HGWAS
	Summary of imputation-based IGWAS
	Accuracy of genomic predictions
	Different populations, marker densities and pre-selecting markers

	Discussion
	Candidate genes affecting body size
	Effects of marker preselection, marker density, and reference population size on genomic prediction
	Feasibility of genome-based selection for pork cuts

	Conclusion
	Anchor 26
	Acknowledgements
	References


