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Simple Summary: Milk production is an important trait in the breeding and genetic improvement
of Xinjiang Brown cattle. To obtain the best strategy for improving the reliability of the breeding
value estimation for each trait, we used single-trait and multitrait models based on the A-array
pedigree-based best linear unbiased prediction (PBLUP) and H-array single-step genomic best linear
unbiased prediction (ssGBLUP) to perform the genetic evaluation of different strategies using the
restricted maximum likelihood (REML) and Bayesian methods. Upon comparison, the ssGBLUP
calculation results of the multitrait models obtained using the REML and Bayesian methods were
better than those of other strategies. Considering the calculation time, the multitrait model REML
method is recommended for ssGBLUP calculation to accurately predict the breeding value of young
animals; thus, this strategy should be used for the early breeding selection of Xinjiang Brown cattle.

Abstract: One-step genomic selection is a method for improving the reliability of the breeding value
estimation. This study aimed to compare the reliability of pedigree-based best linear unbiased
prediction (PBLUP) and single-step genomic best linear unbiased prediction (ssGBLUP), single-trait
and multitrait models, and the restricted maximum likelihood (REML) and Bayesian methods. Data
were collected from the production performance records of 2207 Xinjiang Brown cattle in Xinjiang
from 1983 to 2018. A cross test was designed to calculate the genetic parameters and reliability of the
breeding value of 305 daily milk yield (305 dMY), milk fat yield (MFY), milk protein yield (MPY), and
somatic cell score (SCS) of Xinjiang Brown cattle. The heritability of 305 dAMY, MFY, MPY, and SCS
estimated using the REML and Bayesian multitrait models was approximately 0.39 (0.02), 0.40 (0.03),
0.49 (0.02), and 0.07 (0.02), respectively. The heritability and estimated breeding value (EBV) and the
reliability of milk production traits of these cattle calculated based on PBLUP and ssGBLUP using
the multitrait model REML and Bayesian methods were higher than those of the single-trait model
REML method; the ssGBLUP method was significantly better than the PBLUP method. The reliability
of the estimated breeding value can be improved from 0.9% to 3.6%, and the reliability of the genomic
estimated breeding value (GEBV) for the genotyped population can reach 83%. Therefore, the genetic
evaluation of the multitrait model is better than that of the single-trait model. Thus, genomic selection
can be applied to small population varieties such as Xinjiang Brown cattle, in improving the reliability
of the genomic estimated breeding value.

Keywords: Xinjiang Brown cattle; milk; SCS; REML; Bayes; single-step GBLUP
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1. Introduction

Xinjiang Brown cattle was the first breed of cattle used for milk and meat purposes after
the founding of the People’s Republic of China [1]. The breeding industry of Xinjiang Brown
cattle accounts for a large proportion of the local economic development as well as farmers’
and herders’ income. In 2018, the population of Xinjiang Brown cattle reached 1.5 million [2].
However, compared with the Holstein cattle, genetic improvement technologies for Xinjiang
Brown cattle are relatively behind. Xinjiang Brown cattle are a unique species in Xinjiang,
where for a long time, the breeding value for the milk production traits of this cattle breed
was estimated using pedigree-based best linear unbiased prediction (PBLUP) through the
construction of the additive genetic relationship matrix (A matrix) [1]. However, with the
reduction in sequencing cost, cattle breeding has entered the genome era [3].

The large-scale breeding of Xinjiang Brown cattle population is limited, and the num-
ber of the grazing or semihouse feeding and semi-grazing population is high. Although
the production performance database of core breeding farms has been preliminarily es-
tablished, the limitations of Xinjiang Brown cattle production performance data, coupled
with the lack of pasture management and the presence of a significant amount of truncated
data, have led to the genetic evaluation of Xinjiang Brown cattle in failing to achieve better
reliability in terms of genomic estimated breeding value, thus influencing the accurate
selection of excellent breeding animals. Compared with PBLUP, genome prediction can
reduce the breeding cost and generation interval by at least 50% [4], leading to faster genetic
progression. Genomic selection (GS) technology can also improve the reliability of genetic
evaluation; therefore, it is imperative to apply it in genetically evaluating Xinjiang Brown
cattle. A study on the GS of cattle mainly focuses on the reliability of models, methods,
and genomic estimated breeding values [4]. On the basis of a previous calculation of
genomic best linear unbiased prediction (GBLUP) using the genetic-pedigree joint relation-
ship matrix (G matrix), single-step GBLUP (ssGBLUP) was proposed [5]. Furthermore, it
is more comprehensive than GBLUP in genetically evaluating individuals [6]. ssGBLUP
can simultaneously use the phenotype and pedigree information of genotype and non-
genotype animals [7,8], and combine the A and G matrices to construct a genetic-pedigree
relationship matrix (H matrix) [9-11] to perform a one-step genetic evaluation. For example,
Li et al. [12] used a one-step method to estimate the milk production trait of Holstein cattle
in China and increased the accuracy of estimation by 0.12 compared with the two-step
GBLUP method. However, the study also found that adjusting the proportion of G and A
matrices in the one-step method did not improve reliability [13,14]. Studies using different
livestock species further confirmed that ssGBLUP was more reliable than BLUP and GBLUP
in estimating GEBV [15-18].

The multitrait BLUP (MBLUP) has been studied for decades. It is a method for the
genetic evaluation of individuals for two or multiple traits using information such as the
phenotypic and genetic correlations of traits. An advantage of MBLUP [19] is the increased
accuracy of genetic evaluation. The multitrait genetic evaluation of the REML and Bayesian
methods is widely used in cattle breeding [20]. Studies have shown that the accuracy of the
breeding value estimated by the multitrait model is twice that of PBLUP [21]. The accuracy
of estimation based on the G-matrix multitrait model was also 3% higher than that of the
single-trait model [22], where many studies have reported the advantages of multitrait
genetic evaluation or GS [23-26].

Therefore, this study aimed to use the REML and Bayesian methods to estimate the
genetic parameters of the milk production traits of Xinjiang Brown cattle using the A and
H matrices, respectively, with a goal to ultimately obtain the variance components and
genomic breeding values of each trait of the single- and multitrait models; this will improve
the reliability of the estimated values and provide theoretical support for a more accurate
estimation of the genetic parameters of the Xinjiang Brown cattle population.



Animals 2022, 12,136

30f13

2. Materials and Methods
2.1. Data Source and Processing

Data of Xinjiang Brown cattle were obtained from 7516 production performance
measurement records and 16,795 pedigree records of the abovementioned four Xinjiang
Brown cattle breeding pastures (The Xinjiang Tianshan Animal Husbandry Bio-Engineering
Co. Ltd, Xinjiang Uygur Autonomous Region local state-owned Urumgi cattle farm, Yili
Xinjiang Brown cattle farm, Tacheng Agriculture and Animal Husbandry Technology Co.
LTD, China) from 1983 to 2018 as well as DHI measurement records from 2010 to 2018. The
pedigrees of Xinjiang Brown cattle breeding bulls, Xinjiang Brown cattle adult cows, and
Swiss brown cattle breeding bulls were traced as well. This included 676 Xinjiang Brown
cattle breeding bulls, among which 1 breeding bull had the most offsprings (619 offsprings),
and 221 breeding bulls had only one offspring; 583 adult cows of Xinjiang Brown cattle had
only one offspring, and 6199 adult cows of Xinjiang Brown cattle had >2 offsprings; the
maximum number of offsprings was 12. The following milk production traits were obtained
after sorting: 305 daily milk yield (305 dMY), milk fat yield (MFY), milk protein yield (MPY),
and somatic cell score (SCS). SCC conversion to SCS is based on the formula determined by

the American Dairy Cattle Improvement Program Board: SCS = log, (%) +3.

Effect Division: The field effect was divided into four levels, where the calving year
was divided into seven levels according to phenotypic records: 1985-1995, 1996-2000,
2001-2005, 2006-2008, 2009-2011, 2012-2014, and 2015-2018; the calving season effect,
according to the unique climatic conditions in Xinjiang, was divided into spring (April
and May), summer (June, July, and August), autumn (September), and winter (January,
February, March, October, November, and December) using the pentad mean temperature
method; the birth order effect was divided into six levels: 1, 2, 3, 4, 5, and 6 (including
>6 births).

2.2. Genotyping Data

The chip data included 403 Xinjiang Brown cattle cows, 71 Xinjiang Brown cattle bulls,
and 11 Swiss brown cattle bulls, where a total of 139,376 single nucleotide polymorphism
(SNP) loci were detected using the GeneSeek GGP Bovine 150 K chip (Illumina). The Beagle
v.4.1 software was used for imputation, which mainly inferred the presence of haplotypes
in the population based on the principle of linkage disequilibrium. Therefore, the quality of
the chip data needed to be controlled to ensure the accuracy of imputation. Quality control
standard: the SNP loci with an individual genotyping detection rate of <90%, individual
genotype deletion rate of <10%, minor allele frequency of >0.01, and Hardy Weinberg
equilibrium p-value of >1 X 10~° were excluded. Finally, 118,021 SNP loci of Xinjiang
Brown cattle were retained for subsequent analysis.

2.3. Statistical Analysis
2.3.1. Estimation of Genetic Parameters of the Single-Trait Model

Different relationship matrices (A or H matrix) were constructed using single-trait
models, PBLUP and ssGBLUP, and the genetic parameters of milk production traits of
Xinjiang Brown cattle were estimated using the REML method.

Matrix expression formula of each trait model is shown below:

Y=Xb+Za+e

where Y is the observed value vector of each trait (including 305 dMY, MFY, MPY, and
5CS), b is the fixed effect vector (field, calving year, calving season, and birth order), a is
the random additive genetic effect vector, e is the residual effect vector, X is the fixed effect
coefficient matrix, and Z is the random additive genetic effect coefficient matrix.

For PBLUP [27] or ssGBLUP [28], assume a ~ N(0, A or Ho7Z), e ~ N(0, Io?), where
A is the additive genetic relationship matrix based on the pedigree, H is the genomic-
pedigree joint relationship matrix, o2 represents additive genetic variance, I is the unit



Animals 2022, 12,136

40f13

matrix, and ‘732 represents the variance of random error effect. With given A and G values,
H is calculated using the following formula:

o | Au- AuA;;AEll + ApAy GAy  ApAyG

GA,, Ay G
where subscripts 1 and 2 of A represent the populations of non-genotyped and genotyped
animals, respectively; G is the genomic relationship matrix, and its calculation formula
O MM
5G = oy ()
(1—-2p;),and (2 — 2p;) represent 11 homozygotes, 12 or 21 heterozygotes, and 22 homozy-
gotes, respectively; p; is the minimum allele frequency of the jth SNP; m is the number of
markers; and py is the allele frequency of the Kth SNP. Therefore, the formula for H~! is

0 0
H1=A4A"1

Tlo 6 yay

ships; G~! is the inverse matrix of genomic relationship; and Agzl is the inverse matrix of
the pedigree relationship of genotyped individuals (the same letter in the multitrait model
represents the same meaning).

; M is the incidence matrix of SNP effect, where elements (0 —2p j),

, where A~1is the inverse matrix of all pedigree relation-

2.3.2. Estimation of Genetic Parameters of the Multitrait Model

The REML and Bayesian methods were used on the multitrait animal model to perform
genetic parameter estimation based on PBLUP and ssGBLUP, where the matrix form of the
multitrait model [29] is as follows:

n X] 0 0 0 bl Zl 0 0 0 ay e1
ya | _| 0 X2 0 0 by | | Pz 0 0 B || e
Y3 0 0 X3 0 b3 0 0 Z3 0 as e3
Yq 0 0 0 X4 b4 0 0 0 7 4 as (]

where y; is the observed value vector of all individuals, b; is the fixed effect vector
of the ith trait, a; is the additive genetic effect vector of the ith trait, ¢; is the resid-

ual random effect vector of the ith trait, and X; and Z; are the relationship matrices of
2

a o2 e Ouay
and a;, respectively. Assume ~ N|0,Aor H® : : ,
an Symmetric - -- agn
e o2 S G
~N|0,I® : : , where A is the additive genetic effect
en Symmetric --- 02

matrix; 0'3]_ and 0,321_ are the additive genetic variance and random error effect variance of the
ith trait, respectively; Oaa; and (Tgigj(i # j) are the additive genetic covariance and random

error effect covariance between the ith and jth traits, respectively. The formula for H~! is
1 4 0 0

HE =470 6leay |

The REML method of the REMLF90 module of BLUPF90 software [30] was used to
estimate the variance components. After the calculation results converged, AIREMLF90 was
used to run for 0 times and the approximate standard errors of all calculation parameters
were obtained based on the algorithm implemented by Meyer and Houle in the AIREMLF90
program. As an alternative of SE, calculate SD for function of (co)variances by repeated
sampling of parameter estimates from their asymptotic multivariate normal distribution,
following ideas presented by Meyer and Houle 2013 [31]. The Bayesian method was
followed using the GIBBS1F90 module in the BLUPF90 software and the Bayesian Gibbs
sampling method. In the Bayesian method, the total strand length of samples was 100,000
and the length of the preheating strand was 10,000, with a sparse interval of 50. The Geweke
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diagnostics method of POSTGIBBSF90 module of BLUPF90 software was used to check the
convergence of the Gibbs chain.

2.3.3. Calculation of Heritability

The calculation formula of heritability is as follows:

2
h2 04

oz +0p, + 02

where h? is heritability, 02 is the additive genetic variance, (fgg is the permanent environ-
mental variance of individual, and ¢? is the residual variance.
The formula for the standard error of heritability is shown below:

Vi 2 C 2, 2
-]
P

where SE? (h?) is the standard error of heritability, o7 is the additive genetic variance, and
(T% is the overall phenotypic variance, (7% =02+ (T%e + 02
2.3.4. Reliability of Breeding Value Estimation
The definition of reliability of GEBV was:
_ Cov*(GEBV,a)

RZ = Cor*(GEBV,a) =
GEBV ( ) VGEBVVu

If GEBV is unbiased, 2 = GEBV + ¢, Cov(GEBV, ¢) = 0, ¢ is prediction error.

COUz(GEBV, tl) N VGEBV
VeeBvVa Va

Cov(GEBV,a) = Cov(GEBV,GEBV +¢) = VgrpyRappy =

where 4 and ¢ are independent, R% 5., is the reliability of genomic estimated breeding
value, Cor?(GEBV, a) is the square of the correlation coefficient between genomic estimated
breeding and actual values. The reliability of animal breeding values was calculated
according to prediction error variance as

Voesv _, _ PEV
Va Va

Vs = Vgepy + PEVRE gy =

where PEV is the prediction error variance and V; is the direct additive genetic variance.

3. Results
3.1. Descriptive Statistical Analysis of Each Trait

Table 1 lists the sample number of observed values, minimum value, maximum
value, mean value, standard deviation, and coefficient of variation of the milk production
and reproductive traits of Xinjiang Brown cattle. Figure 1 shows that the data frequency
distribution of the milk production traits of Xinjiang Brown cattle followed a normal
distribution. The average milk production of Xinjiang Brown cattle in 305 days was
4216.49 kg, which was similar to that of Sanhe cattle and Chinese Simmental cattle but
lower than that of dual-purpose cows such as European Fleckvieh cattle and Swiss brown
cattle [32]. The mean MFY and MPY of the population were 168.53 kg and 143.79 kg,
respectively, which were lower than those of Fleckvieh cattle and Swiss Brown cattle [33],
and similar to those recently reported Italian Simmental cattle [34] SCS can be used as an
indicator of breast health, where the lower the SCS value, the lower the risk for mastitis.
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305 Daily Milk Yield

These traits can reflect the production efficiency and health status of dairy cows and are
also important goals for the breeding of Xinjiang Brown cattle.

Table 1. Description of milk trait in Xinjiang Brown Cattle.

Trait ! Number Minimum Maximum Average SD cv
305 dMY/kg 7515 814 8444 4126.49 1405.71 34.07
MFY /kg 2655 21.6 431.55 168.53 68.29 40.52
MPY /kg 2655 20.3 302.72 143.71 51.42 35.78
SCS 2655 —2.05 10.95 4.98 2.16 43.37

1305 dMY: 305 daily milk yield; MFY: milk fat yield; MPY: milk protein yield; SCS: somatic cell score.

frequency
frequency
frequency

Figure 1. Frequency distribution of phenotypic data of Xinjiang Brown Cattle.

3.2. Estimation of the Genetic Parameters of Milk Production Traits

Table 2 shows the estimation results of the genetic parameters for the milk production
traits of Xinjiang Brown cattle obtained using the single-and multitrait models based on
PBLUP and ssGBLUP using the REML or Bayesian methods. The heritability of milk
production traits of Xinjiang Brown cattle that was calculated on the basis of PBLUP and
ssGBLUP using the multitrait models REML and Bayesian methods was higher than those
of each trait calculated using the single-trait model REML method; moreover, the standard
error of heritability of the former model was lower than that of the latter. However, the
heritability results of the milk production traits of Xinjiang Brown cattle calculated using
the REML and Bayesian methods based on PBLUP and ssGBLUP of the multitrait model
were similar; Gibbs parameter chains of additive genetic variance of milk production traits
under different relationship matrices were obtained using the Bayesian method. Geweke
diagnostic test results show that the convergence trend of iteration curve indicates that
the parameter chain converges. The heritability of 305 dMY, MFY, and MPY estimated by
the two methods in the multitrait model was approximately 0.39 (0.02), 0.40 (0.03), and
0.49 (0.02), respectively, which indicated high heritability traits (4> > 0.3). However, the
heritability of SCS was approximately 0.07 (0.02), which suggested a low heritability trait
(" <0.1).

3.3. Reliability of Breeding Value Estimation of Milk Production Traits

Table 3 compares the estimated breeding value (EBV), GEBV reliability, and increased
reliability (Areliability) of the overall and genotyped populations of Xinjiang Brown cattle
that were calculated via different methods and models. Results showed that the reliability
of GEBV calculated using ssGBLUP was higher than that of EBV calculated using PBLUP in
the overall and genotyped populations regardless of whether it was based on the single- or
multitrait model. Comparing with the multi- and single-trait models of the REML method,
the reliability of EBV estimated using the multitrait model was higher than that estimated
using the single-trait model; the reliability of GEBV estimated using the multitrait model
was higher than that estimated using the single-trait model. However, comparing the
REML and Bayesian methods of the multitrait model, the reliability of EBV and GEBV of
SCS calculated using the Bayesian method was slightly higher than that calculated using the
REML method in the overall and genotyped populations. In contrast, the EBV and GEBV
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reliability results of other traits were similar (Figure 2). In all results, the Areliability of the
genotyped population was higher than that of the overall population and the Areliability
of the Bayesian method was slightly higher than that of the REML method.

Table 2. Variance components and heritability of milk traits obtained using the pedigree relationship
matrix (pedigree-based best linear unbiased prediction (PBLUP)) and combined genomic-pedigree
matrix (single-step genomic best linear unbiased prediction (ssGBLUP)) (SE of variance components
and heritability reported in parentheses).

PBLUP ssGBLUP

Trait o2(SE) 02(SE) h?(SE) 02(SE) o2(SE) H*(SE)

305 MY 275,620 922,930 0.238 276,960 924,850 0.239

(21,393) (18,862) (0.016) (21,545) (18,869) (0.016)

MFY 198.390 2849.800 0.065 197.690 2843.100 0.065

REML (67.272) (95.395) (0.022) (63.325) (93.252) (0.021)

(single-trait model) MPY 233.960 1427.100 0.141 230.860 1429 0.139

(43.413) (47.843) (0.025) (43.347) (47.566) (0.025)

5Cs 0.177 4.0239 0.042 0.15410 4.047 0.037

(0.076) (0. 127) (0.018) (0.073) (0.127) (0.017)

305 MY 499,900 803,200 0.384 507,300 804,400 0.387

(30,746) (15,783) (0.016) (31,206) (15,803) (0.016)

MEFY 1341 2138 0.386 1368 2146 0.389

REML (119.960) (67.600) (0.024) (121.450) (67.735) (0.024)
(Multiple-trait

model) MPY 937.500 1026 0.478 961.400 1028 0.483

(74.342) (1.370) (0.023) (75.724) (31.676) (0.027)

5Cs 0.189 4.015 0.045 0.164 4.040 0.039

(0.077) (0.130) (0.018) (0.07362) (0.127) (0.017)

305 MY 506,620 803,370 0.387 503,920 805,970 0.385

(26,877) (15,108) (0.014) (26,790) (15,165) (0.014)

MEY 1368.800 2142.800 0.389 1426.400 2148.500 0.399

Bayes (101.480) (63.356) (0.020) (100.910) (63.497) (0.019)
(Multiple-trait

model) MPY 932.260 1031.300 0475 987.080 1032.300 0.488

(53.003) (30.717) (0.017) (59.840) (30.720) (0.018)

5Cs 0.290 3.978 0.068 0.273 3.997 0.065

(0.080) (0.129) (0.018) (0.078) (0.129) (0.018)

1305 dMY: 305 daily milk yield; MFY: milk fat yield; MPY: milk protein yield; SCS: somatic cell score. 02: additive
genetic variance; (Tez residual variance; h2: heritability; SE: standard error.

Table 3. Comparison of estimated breeding value (EBV) and genomic estimated breeding value
(GEBV) reliability, Spearman’s rho (PBLUP and ssGBLUP) and increases in reliability (Arel) ob-
tained for the whole population and the genotyped subpopulation by different methods in Xinjiang
Brown Cattle.

Whole Population Genotyped Subpopulation
Traits ! PBLUP ssGBLUP Arel (%) Correlation PBLUP ssGBLUP Arel (%) Correlation
0.404 0414 ” 0.491 0.526 ”
305dMY 5 506) (0.201) 1 0-98 (0.123) (0.108) 35 0.89
0.148 0.166 - 0213 0.237 -
(SirlnglIe\’ltT;ait MEY (0.117) (0.126) 18 0.89 (0.115) (0.115) 25 0.73
model) 0.242 0.258 " 0341 0377 "
MPY (0.172) (0.173) 16 0.94 (0.154) (0.150) 36 0.81
SCs 0.115 0.125 1 087+ 0.161 0.172 11 076+

(0.097) (0.106) (0.093) (0.095)
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Table 3. Cont.
Whole Population Genotyped Subpopulation
Traits ! PBLUP ssGBLUP Arel (%) Correlation PBLUP ssGBLUP Arel (%) Correlation
0.612 0.620 . 0.811 0.825 .
osdmy (22 0257 0.9 0.99 ©092) 0059 14 0.97
0.610 0.619 N 0.810 0.824 N,
REML MEY (0.265) (0.257) 1 0.99 (0.092) (0.085) 14 0.97
(Multiple trait 0.611 0.619 0.810 0.825
model . . *% . - *%
) MPY (0.265) (0.257) 09 0.99 (0.092) (0.085) 15 0.97
0.109 0.119 . 0.190 0.199 .
5CS (0.099) (0.103) 1 0.9 (0.095) (0.097) 1 0.81
0.614 0.621 . 0.813 0.828 .
05dMY o (0258) 08 0.99 (0090) 0083) 15 0.97
0.610 0.619 . 0.809 0.825 .
Bayes MFY (0.264) (0.257) 1 0.99 (0.090) (0.083) 16 0.97
(Multiple-trait 0.613 0.621 0.812 0.827
model - . . . . .
) MPY (0.265) (0.258) 0.9 0.99 (0.090) (0.083) 15 0.97
0.133 0.146 . 0.235 0.260 .
S¢S (0.122) (0.128) 13 091 (0.118) (0.119) 25 0.79

1305 dMY: 305 daily milk yield; MFY: milk fat yield; MPY: milk protein yield; SCS: somatic cell score; SE: standard
error; ** indicates correlation being significantly different from 0 (p < 0.01).

Matrix

" | m_H_cies
O E
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0.0-
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=
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Fat Yield 305d
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=
|| S_H_REML
02 04 06 08
SCS

Figure 2. Density map of the reliability of GEBV using different methods of the single-trait and
multitrait models. M_GIBBS_H is the reliability of GEBV using the Bayesian method of the multitrait
model, M_REML_H is the reliability of GEBV using the REML method of the multitrait model, and
S_REML_H is the reliability of GEBV using the REML method of the single-trait model.
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4. Discussion
4.1. Analysis of Genetic Parameters of Milk Production Traits

In this study and the one by Zhou Jinghang, the heritability of 305 dMY and SCS
estimated using the REML method of the DMU software based on the pedigree data of
Xinjiang Brown cattle was 0.40 (0.017) and 0.08 (0.009), respectively, which were both higher
than the heritability results of PBLUP calculated using the REML and Bayesian methods in
this study; the standard error of the former was lower. However, the heritability results
were similar to those of ssGBLUP calculated using the REML and Bayesian methods in
this study. The estimated heritability of MFY and MPY was 0.30 (0.013) and 0.20 (0.011),
respectively, which were significantly lower than the results estimated using the REML
and Bayesian methods for different genetic relationship matrices of the multitrait model in
this study [35]. In addition, the heritability of somatic scoring was lower than that of the
American and Italian brown cattle populations (0.12 [36] and 0.14 [37], respectively).

In this study, the heritability obtained using the REML and Bayesian methods in the
multitrait model was higher than that in the single-trait model. Furthermore, in all model
methods, except for the decrease in SCS, the heritability of other traits calculated based on
ssGBLUP was slightly higher than that calculated based on PBLUP [29]; the standard errors
of the heritability of the two were similar. The heritability in genetic parameter estimation
based on the G matrix was lower than that based on the A matrix [38,39]. During ssGBLUP
estimation, the slight increase in heritability was mainly reflected in the increase in additive
genetic variance components [40,41]. The additive genetic variance difference between
PBLUP and ssGBLUP estimations was primarily due to the construction of the A and H
matrices being different, and the scale of diagonal elements was also different [42]. For
example, the individual breeding value, a; = 0.5(as + a;) + m;, where a5 is the breeding
value of the father, 4, is the breeding value of the mother, and m; is the Mendelian sampling
deviation of individuals. For the A matrix, its diagonal is the expected value of the genetic
relationship coefficient between individuals. In contrast, the diagonal in the G matrix is
the real genetic relationship coefficient between individuals considering the Mendelian
sampling deviation [43,44]. For example, when using paternal or maternal phenotypic
information to estimate the breeding value, if the genetic relationship of the A matrix is 0.5,
the genetic relationship of the G matrix will be >0.5 or <0.5; the H matrix combines the
A and G matrices. Several studies have shown that GBLUP and ssGBLUP are better than
PBLUP. The main reason is that the G matrix shows a more realistic genetic relationship
between individuals than the A matrix [44—46]. Therefore, the parameter estimation of
the A and H matrices may have deviations [47]. In addition, many studies conducted in
China and overseas have confirmed that the REML method is relatively ideal for estimating
genetic parameters of livestock breeding [48]. As the Bayesian method can consider prior
information of unknown parameters and provide accurate posterior distribution for a
limited sample size [49], it is favorable for the genetic evaluation of small breed populations
when there is a large amount of historical data available [50]; however, its calculation time
is relatively long.

4.2. Predictive Analysis of EBV and GEBV Reliability

When using the REML method of the single-trait model, only the reliability of the
breeding value of 305 dAMY was >0.4. The reliability of the breeding value of milk produc-
tion traits estimated based on PBLUP and ssGBLUP of the REML and Bayesian methods in
the multitrait model ranged from low to moderate. In general, the increased ratio of the
reliability of genotyped population was 0.9%-3.6% higher than that of the overall popula-
tion, and the GEBV reliability of the genotyped population was up to 83%. Compared with
PBLUP, ssGBLUP method with chip information added significantly and simultaneously
improved the reliability of breeding value estimation in both REML and Bayesian methods
(Figure 2), which indicated that GS using ssGBLUP is feasible for the genetic evaluation of
Xinjiang Brown cattle. Although the Bayesian method of the multitrait model is slightly
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better than the REML method, using the REML method to calculate ssGBLUP can save
more calculation time.

Relying on the linkage disequilibrium between SNP markers and quantitative trait
locus of target traits, genomic prediction promotes the association between SNP markers
and individual phenotypic values. Thus, the accurate estimation of SNP’s genetic effect
based on the phenotypic value has become a key factor in genomic prediction; the accuracy
of genomic prediction [51] can be improved by increasing the number and accuracy of
phenotypic values (by expanding the reference population) [52]. Genotyping candidate
animals with different SNP loci and chip densities can also influence the accuracy of GS [53].
In the ssGBLUP method, the genomic breeding value estimation accuracy is higher for
traits with a larger number of animal phenotypes and genotypes and those with high
heritability [54].

With increased reference population size and improved pedigree data integrity, the
accuracy of EBV or genomic breeding estimation increases [55]. However, there are rela-
tively few genotyped populations of Xinjiang Brown cattle (genotyped individuals account
for only 2.89%), which is the key factor restricting the reliability of ssGBLUP estimation
of breeding value. Furthermore, some studies have reported that the reliability of low
heritability traits is greatly improved when GBLUP is used [56]. In studies using different
livestock [15,17,57-59], the same conclusion that ssGBLUP can more accurately predict
the genetic value of animals than the classical PBLUP method was drawn. In addition to
increasing the number of reference groups of this variety, some studies have shown that
the combined reference population significantly improves the reliability of GEBV for the
populations of four countries. Compared with the use of the domestic population alone
as a reference, the reliability of GEBV is increased by an average of 10% when different
reference population sizes are used for different countries and traits. In addition, expand-
ing the reference population size can significantly improve the reliability of GEBV [50] by
2-19% [52,60]. Therefore, in the future, the cross variety GS of Xinjiang Brown cattle can
also be used as a strategy to expand the reference population and improve the reliability of
the breeding value estimation.

5. Conclusions

It is feasible to use ssGBLUP to perform the genomic evaluation of the milk production
traits of Xinjiang Brown cattle. However, the single-trait model does not consider the
covariance between traits, and thus has a large error. The use of the multitrait model,
regardless of the use of PBLUP or ssGBLUP, can greatly improve the reliability of the
breeding value estimation. Moreover, the estimated genetic parameters provide a basis for
calculating a more accurate breeding value of Xinjiang Brown cattle. However, if it is needed
to obtain a higher level of breeding value reliability, the number of genotypes needs to be
simultaneously expanded when using high-density chips (150 k). Nevertheless, applying
the ssGBLUP method to the genetic evaluation of Xinjiang Brown cattle necessitates further
study and analysis. The next challenge is to build a joint reference group through cross
variety GS to expand the number of genotyped animals with the objective to improve the
reliability of the breeding value estimation of various traits of Xinjiang Brown cattle.

Author Contributions: Conceptualization, L.X., X.H. and Y.W.; methodology, H.L.; formal analysis,
J.Z.; investigation, Y.S.,].Z, D.W., X.Z. and M.Z; resources, X.H. and Y.S.; data curation, L.X.; writing—
original draft preparation, H.L., YW., and M.Z.; writing—review and editing, M.Z, H.L., YW. and
X.H.; supervision, X.H. All authors have read and agreed to the published version of the manuscript.

Funding: This work was funded by China Agriculture Research System of MOF and MARA
(Grant No. CARS-36), National Natural Science Foundation of China (Grant No. 31860630) and
The Xinjiang Uygur Autonomous Region Science and technology Aid Xinjiang Project (Grant No.
2018E02052), The Xinjiang Uygur Autonomous Region University Scientific Research Project (Grant
No. XJEDU20171005).

Institutional Review Board Statement: Not applicable.



Animals 2022, 12,136 11 of 13

Informed Consent Statement: “Not applicable” for studies not involving humans.
Data Availability Statement: The study did not report any data.

Acknowledgments: We greatly thank the MDPI, the Xinjiang Tianshan Animal Husbandry Bio-
Engineering Co., Ltd, Xinjiang Uygur Autonomous Region local state-owned Urumgi cattle farm, Yili
Xinjiang Brown cattle farm, Tacheng Agriculture and Animal Husbandry Technology Co. LTD, China
for data and samples collection.

Conflicts of Interest: We certify that there are no conflicts of interest with any financial organizations
regarding the material discussed in the manuscript.

References

1. Xu, L. Estimates of Genetic Parameters and Total Performance Index Construction of Xinjiang Brown Cattle; Xinjiang Agricultural
University: Urumgqi, China, 2020.

2. Zhou,],; Li, P; Liu, L.; Zhao, G. The present situation and the genetic improvement proposal of the Xinjiang Brown Cattle. Chin. J.
Anim. Sci. 2017, 53, 38-43.

3. Meuwissen, T.H.; Hayes, B.].; Goddard, M.E. Prediction of total genetic value using genome-wide dense marker maps. Genetics
2001, 157, 1819-1829. [CrossRef] [PubMed]

4. Hayes, B.J.; Bowman, PJ.; Chamberlain, A.]J.; Goddard, M.E. Invited review: Genomic selection in dairy cattle: Progress and
challenges. J. Dairy Sci. 2009, 92, 433—443. [CrossRef] [PubMed]

5. Legarra, A.; Aguilar, I.; Misztal, I. A relationship matrix including full pedigree and genomic information. J. Dairy Sci. 2009, 92,
4656-4663. [CrossRef] [PubMed]

6.  Misztal, I; Legarra, A.; Aguilar, I. Computing procedures for genetic evaluation including phenotypic, full pedigree, and genomic
information. J. Dairy Sci. 2009, 92, 4648-4655. [CrossRef] [PubMed]

7.  Bolormaa, S.; Pryce, ].E.; Zhang, Y.; Reverter, A.; Barendse, W.; Hayes, B.].; Goddard, M.E. Non-additive genetic variation in
growth, carcass and fertility traits of beef cattle. Genet. Sel. Evol. 2015, 47, 26. [CrossRef] [PubMed]

8.  Su, G.; Madsen, P;; Nielsen, U.S.; Méntysaari, E.A.; Aamand, G.P,; Christensen, O.F; Lund, M.S. Genomic prediction for Nordi
Red cattle using one-step and selection index blending. J. Dairy Sci. 2012, 95, 909-917. [CrossRef] [PubMed]

9.  Meuwissen, T.H.E. Accuracy of breeding values of “unrelated” individuals predicted by dense SNP genotyping. Genet. Sel. Evol.
2009, 41, 35. [CrossRef]

10. Harris, B.L.; Johnson, D.L. Genomic predictions for New Zealand dairy bulls and integration with national genetic evaluation. J.
Dairy Sci. 2010, 93, 1243-1252. [CrossRef]

11.  Su, G.; Ma, P; Nielsen, U.S.; Aamand, G.P,; Wiggans, G.; Guldbrandtsen, B.; Lund, M.S. Sharing reference data and including
cows in the reference population improve genomic predictions in Danish Jersey. Animal 2016, 10, 1067-1075. [CrossRef]

12. Li, X,; Wang, S.; Huang, J.; Li, L.; Zhang, Q.; Ding, X. Improving the accuracy of genomic prediction in Chinese Holstein cattle by
using one-step blending. Genet. Sel. Evol. 2014, 46, 66. [CrossRef]

13. Legarra, A.A.; Christensen, O.F.B.; Aguilar, 1.C.; Misztal, I.D. Single Step, a general approach for genomic selection. Livest. Sci.
2014, 166, 54-65. [CrossRef]

14. Misztal, I; Vitezica, Z.G.; Legarra, A.; Aguilar, I.; Swan, A.A. Unknown-parent groups in single-step genomic evaluation. J. Anim.
Breed. Genet. 2013, 130, 252-258. [CrossRef] [PubMed]

15. Teissier, M.; Larroque, H.; Robert-Granié, C. Weighted single-step genomic BLUP improves accuracy of genomic breeding values
for protein content in French dairy goats: A quantitative trait influenced by a major gene. Genet. Sel. Evol. 2018, 50, 31. [CrossRef]
[PubMed]

16. Chen, C.Y,; Misztal, I.; Aguilar, I; Tsuruta, S.; Meuwissen, T.H.E.; Aggrey, S.E.; Wing, T.; Muir, WM. Genome-wide marker-assisted
selection combining all pedigree phenotypic information with genotypic data in one step: An example using broiler chickens. J.
Anim. Sci. 2011, 89, 23-28. [CrossRef] [PubMed]

17.  Yoshida, G.M.; Carvalheiro, R.; Rodriguez, FH.; Lhorente, ].P,; Yafiez, ].M. Single-step genomic evaluation improves accuracy of
breeding value predictions for resistance to infectious pancreatic necrosis virus in rainbow trout. Genomics 2019, 111, 127-132.
[CrossRef]

18. Guarini, A.R.; Lourenco, D.A.L.; Brito, L.F,; Sargolzaei, M.; Baes, C.F,; Miglior, F,; Tsuruta, S.; Misztal, I.; Schenkel, ES. Use of a
single-step approach for integrating foreign information into national genomic evaluation in Holstein cattle. J. Dairy Sci. 2019,
102, 8175-8183. [CrossRef]

19. Chen, G; Zhang, Q. Animal Genetic Principle and Breeding Method; China Agricultural Press: Beijing, China, 2009.

20. Xu, C; Wang, X,; Li, Z.; Xu, S. Mapping QTL for multiple traits using Bayesian statistics. Genet. Res. 2009, 91, 23-37. [CrossRef]
[PubMed]

21. Aguilar, I; Misztal, I; Tsuruta, S.; Wiggans, G.R.; Lawlor, T.J. Multiple trait genomic evaluation of conception rate in Holsteins. J.
Dairy Sci. 2011, 94, 2621-2624. [CrossRef]

22. Jia, Y, Jannink, J. Multiple-Trait Genomic Selection Methods Increase Genetic Value Prediction Accuracy. Genetics 2012, 192,

1513-1522. [CrossRef]


http://doi.org/10.1093/genetics/157.4.1819
http://www.ncbi.nlm.nih.gov/pubmed/11290733
http://doi.org/10.3168/jds.2008-1646
http://www.ncbi.nlm.nih.gov/pubmed/19164653
http://doi.org/10.3168/jds.2009-2061
http://www.ncbi.nlm.nih.gov/pubmed/19700729
http://doi.org/10.3168/jds.2009-2064
http://www.ncbi.nlm.nih.gov/pubmed/19700728
http://doi.org/10.1186/s12711-015-0114-8
http://www.ncbi.nlm.nih.gov/pubmed/25880217
http://doi.org/10.3168/jds.2011-4804
http://www.ncbi.nlm.nih.gov/pubmed/22281355
http://doi.org/10.1186/1297-9686-41-35
http://doi.org/10.3168/jds.2009-2619
http://doi.org/10.1017/S1751731115001792
http://doi.org/10.1186/s12711-014-0066-4
http://doi.org/10.1016/j.livsci.2014.04.029
http://doi.org/10.1111/jbg.12025
http://www.ncbi.nlm.nih.gov/pubmed/23855627
http://doi.org/10.1186/s12711-018-0400-3
http://www.ncbi.nlm.nih.gov/pubmed/29907084
http://doi.org/10.2527/jas.2010-3071
http://www.ncbi.nlm.nih.gov/pubmed/20889689
http://doi.org/10.1016/j.ygeno.2018.01.008
http://doi.org/10.3168/jds.2018-15819
http://doi.org/10.1017/S0016672308009956
http://www.ncbi.nlm.nih.gov/pubmed/19220929
http://doi.org/10.3168/jds.2010-3893
http://doi.org/10.1534/genetics.112.144246

Animals 2022, 12,136 12 of 13

23.

24.

25.

26.

27.

28.

29.

30.
31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.
49.

Miar, Y.; Plastow, G.S.; Moore, S.S.; Manafiazar, G.; Charagu, P.; Kemp, R.A.; Van Haandel, B.; Huisman, A.E.; Zhang, C.Y.; McKay,
R.M.; et al. Genetic and phenotypic parameters for carcass and meat quality traits in commercial crossbred pigs. J. Anim. Sci.
2014, 92, 2869-2884. [CrossRef] [PubMed]

Jiang, J.; Zhang, Q.; Ma, L.; Li, ].; Wang, Z.; Liu, J. Joint prediction of multiple quantitative traits using a Bayesian multivariate
antedependence model. Heredity 2015, 115, 29-36. [CrossRef] [PubMed]

Hayashi, T.; Iwata, H. EM algorithm for Bayesian estimation of genomic breeding values. BMC Genet. 2010, 11, 3. [CrossRef]
[PubMed]

Guo, G.; Zhao, F; Wang, Y.; Zhang, Y.; Du, L.; Su, G. Comparison of single-trait and multiple-trait genomic prediction models.
BMC Genet. 2014, 15, 30. [CrossRef]

Henderson, C.R. Best linear unbiased estimation and prediction under a selection model. Biometrics 1975, 31, 423—-447. [CrossRef]
[PubMed]

Aguilar, I.; Misztal, I; Johnson, D.L.; Legarra, A.; Tsuruta, S.; Lawlor, T.J. Hot topic: A unified approach to utilize phenotypic,
full pedigree, and genomic information for genetic evaluation of Holstein final score. J. Dairy Sci. 2010, 93, 743-752. [CrossRef]
[PubMed]

Dekkers, ].C.M. Prediction of response to marker-assisted and genomic selection using selection index theory. J. Anim. Breed.
Genet. 2007, 124, 331-341. [CrossRef]

Misztal, I.; Tsuruta, S. Manual for BLUPF90 Family of Programs; University of Georgia: Athens, Greece, 2015.

Meyer, K.; Houle, D. Sampling based approximation of confidence intervals for functions of genetic covariance matrices. Proc.
Assoc. Advmt. Anim. Breed. Genet. 2013, 20, 523-526.

Meng, Q.; Hua, C.; Chun, Y,; Gang, Y.; Li, S.; Yuan, Z. Chinese and international situation, progresses and perspectives of breeding
strategies in dual purpose cattle. China Dairy Cattle 2013, 13, 18-21.

Zotkiewski, P; Stanek, P.; Janus, E. Productivity of Simmental and Monbeliarde cows culled ub 2005-2006 taking into account the
reasons for their culling. Acta Sci. Pol. Zootech. 2018, 17, 15-22. [CrossRef]

Cesarani, A.; Gaspa, G.; Masuda, Y.; Degano, L.; Vicario, D.; Lourenco, D.A.; Macciotta, N.P. Variance components using genomic
information for two functional traits in Italian Simmental cattle: Calving interval and lactation persistency. J. Dairy Sci. 2020, 103,
5227-5233. [CrossRef] [PubMed]

Zhou, J.; Liu, L.; Chen, CJ.; Zhang, M.; Lu, X.; Zhang, Z.; Huang, X.; Shi, Y. Genome-wide association study of milk and
reproductive traits in dual-purpose Xinjiang Brown cattle. BMC Genom. 2019, 20, 827. [CrossRef] [PubMed]

Gibson, K.D.; Dechow, C.D. Genetic parameters for yield, fitness, and type traits in US Brown Swiss dairy cattle. J. Dairy Sci. 2018,
101, 1251-1257. [CrossRef]

Dal Zotto, R.; De Marchi, M.; Dalvit, C.; Cassandro, M.; Gallo, L.; Carnier, P; Bittante, G. Heritabilities and genetic correlations of
body condition score and calving interval with yield, somatic cell score, and linear type traits in Brown Swiss cattle. J. Dairy Sci.
2007, 90, 5737-5743. [CrossRef] [PubMed]

Loberg, A.; Diirr, ].W.; Fikse, W.E; Jorjani, H.; Crooks, L. Estimates of genetic variance and variance of predicted genetic merits
using pedigree or genomic relationship matrices in six Brown Swiss cattle populations for different traits. J. Anim. Breed. Genet.
2015, 132, 376-385. [CrossRef] [PubMed]

Haile-Mariam, M.; Nieuwhof, G.J.; Beard, K.T.; Konstatinov, K.V.; Hayes, B. Comparison of heritabilities of dairy traits in
Australian Holstein-Friesian cattle from genomic and pedigree data and implications for genomic evaluations. . Anim. Breed.
Genet. 2013, 130, 20-31. [CrossRef]

Veerkamp, R.F; Mulder, H.A.; Thompson, R.; Calus, M.P.L. Genomic and pedigree-based genetic parameters for scarcely recorded
traits when some animals are genotyped. J. Dairy Sci. 2011, 94, 4189-4197. [CrossRef]

Jensen, J.; Su, G.; Madsen, P. Partitioning additive genetic variance into genomic and remaining polygenic components for
complex traits in dairy cattle. BMC Genet. 2012, 13, 44. [CrossRef]

Powell, ].E.; Visscher, PM.; Goddard, M.E. Reconciling the analysis of IBD and IBS in complex trait studies. Nat. Rev. Genet. 2010,
11, 800-805. [CrossRef] [PubMed]

Calus, M.P.L.; Meuwissen, TH.E.; de Roos, A.PW.; Veerkamp, R.F. Accuracy of Genomic Selection Using Different Methods to
Define Haplotypes. Genetics 2008, 178, 553-561. [CrossRef]

Habier, D.; Fernando, R.L.; Dekkers, ].C.M. The Impact of Genetic Relationship Information on Genome-Assisted Breeding Values.
Genetics 2007, 177, 2389-2397. [CrossRef]

Daetwyler, H.D.; Villanueva, B.; Bijma, P.; Woolliams, J.A. Inbreeding in genome-wide selection. ]. Anim. Breed. Genet. 2007, 124,
369-376. [CrossRef]

Muir, WM. Comparison of genomic and traditional BLUP-estimated breeding value accuracy and selection response under
alternative trait and genomic parameters. J. Anim. Breed. Genet. 2007, 124, 342-355. [CrossRef]

Forni, S.; Aguilar, I.; Misztal, I. Different genomic relationship matrices for single-step analysis using phenotypic, pedigree and
genomic information. Genet. Sel. Evol. 2011, 43, 1. [CrossRef]

Zhang, Y.; Zhang, Q. Linear Model in Livestock and Poultry Breeding; Beijing Agricultural University Press: Beijing, China, 1993.
Hossein-zadeh, N.G. Estimates of genetic parameters and genetic trends for production and reproduction traits in Iranian
buffaloes (Bubalus bubalis). Anim. Prod. Sci. 2017, 57, 216-222. [CrossRef]


http://doi.org/10.2527/jas.2014-7685
http://www.ncbi.nlm.nih.gov/pubmed/24778330
http://doi.org/10.1038/hdy.2015.9
http://www.ncbi.nlm.nih.gov/pubmed/25873147
http://doi.org/10.1186/1471-2156-11-3
http://www.ncbi.nlm.nih.gov/pubmed/20092655
http://doi.org/10.1186/1471-2156-15-30
http://doi.org/10.2307/2529430
http://www.ncbi.nlm.nih.gov/pubmed/1174616
http://doi.org/10.3168/jds.2009-2730
http://www.ncbi.nlm.nih.gov/pubmed/20105546
http://doi.org/10.1111/j.1439-0388.2007.00701.x
http://doi.org/10.21005/asp.2018.17.1.03
http://doi.org/10.3168/jds.2019-17421
http://www.ncbi.nlm.nih.gov/pubmed/32278560
http://doi.org/10.1186/s12864-019-6224-x
http://www.ncbi.nlm.nih.gov/pubmed/31703627
http://doi.org/10.3168/jds.2017-13041
http://doi.org/10.3168/jds.2007-0280
http://www.ncbi.nlm.nih.gov/pubmed/18024767
http://doi.org/10.1111/jbg.12142
http://www.ncbi.nlm.nih.gov/pubmed/25727736
http://doi.org/10.1111/j.1439-0388.2012.01001.x
http://doi.org/10.3168/jds.2011-4223
http://doi.org/10.1186/1471-2156-13-44
http://doi.org/10.1038/nrg2865
http://www.ncbi.nlm.nih.gov/pubmed/20877324
http://doi.org/10.1534/genetics.107.080838
http://doi.org/10.1534/genetics.107.081190
http://doi.org/10.1111/j.1439-0388.2007.00693.x
http://doi.org/10.1111/j.1439-0388.2007.00700.x
http://doi.org/10.1186/1297-9686-43-1
http://doi.org/10.1071/AN15370

Animals 2022, 12,136 13 of 13

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

Foroutanifar, S. Comparison of long-term effects of genomic selection index and genomic selection using different Bayesian
methods. Livest. Sci. 2020, 241, 104207. [CrossRef]

Gao, H. Comparison of Statistical Models for Genomic Prediction Based on Nordic Cow Population; China Agricultural University:
Beijing, China, 2012.

Vanraden, PM.; Van Tassell, C.P; Wiggans, G.R.; Sonstegard, T.S.; Schnabel, R.D.; Taylor, J.F.,; Schenkel, ES. Invited review:
Reliability of genomic predictions for North American Holstein bulls. J. Dairy Sci. 2009, 92, 16-24. [CrossRef] [PubMed]
Nordbg, @.; Gjuvsland, A.B.; Eikje, L.S.; Meuwissen, T. Level-biases in estimated breeding values due to the use of different SNP
panels over time in ssGBLUP. Genet. Sel. Evol. 2019, 51, 76. [CrossRef] [PubMed]

Ventura, R.V,; Miller, S.P.; Dodds, K.G.; Auvray, B.; Lee, M.; Bixley, M.; Clarke, S.M.; Mcewan, ]J.C. Assessing accuracy of
imputation using different SNP panel densities in a multi-breed sheep population. Genet. Sel. Evol. 2016, 48, 71. [CrossRef]
[PubMed]

Casellas, J.A.; Piedrafita, ].B. Accuracy and expected genetic gain under genetic or genomic evaluation in sheep flocks with
different amounts of pedigree, genomic and phenotypic data. Livest. Sci. 2015, 182, 58-63. [CrossRef]

Liu, A. Estimation of Genetic Parameters and Genomic Prediction of Reproductive Traits in Dairy Cows; China Agricultural University:
Beijing, China, 2018.

Cesarani, A.; Gaspa, G.; Correddu, E; Cellesi, M.; Dimauro, C.; Macciotta, N.P.P. Genomic selection of milk fatty acid composition
in Sarda dairy sheep: Effect of different phenotypes and relationship matrices on heritability and breeding value accuracy. J.
Dairy Sci. 2019, 102, 3189-3203. [CrossRef] [PubMed]

Chen, L.; Ekine-Dzivenu, C.; Vinsky, M.; John, B.; Jennifer, A.; Mike, E.R.D.; Carolyn, F,; Paul, S.; Li, C. Genome-wide association
and genomic prediction of breeding values for fatty acid composition in subcutaneous adipose and longissimus lumborum
muscle of beef cattle. BMIC Genet. 2015, 16, 135. [CrossRef] [PubMed]

Zhou, L.; Wang, Y;; Yu, J.; Yang, H.; Kang, H.; Zhang, S.; Wang, C.; Liu, J. Improving genomic prediction for two Yorkshire
populations with a limited size using the single-step method. Anim. Genet. 2019, 50, 391-394. [CrossRef] [PubMed]

Lund, M.S.; de Roos, A.P; de Vries, A.G.; Druet, T.; Ducrocq, V.; Fritz, S.; Guillaume, F; Guldbrandtsen, B.; Liu, Z.; Reents, R.; et al.
A common reference population from four European Holstein populations increases reliability of genomic predictions. Genet. Sel.
Evol. 2011, 43, 43. [CrossRef] [PubMed]


http://doi.org/10.1016/j.livsci.2020.104207
http://doi.org/10.3168/jds.2008-1514
http://www.ncbi.nlm.nih.gov/pubmed/19109259
http://doi.org/10.1186/s12711-019-0517-z
http://www.ncbi.nlm.nih.gov/pubmed/31842728
http://doi.org/10.1186/s12711-016-0244-7
http://www.ncbi.nlm.nih.gov/pubmed/27663120
http://doi.org/10.1016/j.livsci.2015.10.014
http://doi.org/10.3168/jds.2018-15333
http://www.ncbi.nlm.nih.gov/pubmed/30799105
http://doi.org/10.1186/s12863-015-0290-0
http://www.ncbi.nlm.nih.gov/pubmed/26589139
http://doi.org/10.1111/age.12806
http://www.ncbi.nlm.nih.gov/pubmed/31179556
http://doi.org/10.1186/1297-9686-43-43
http://www.ncbi.nlm.nih.gov/pubmed/22152008

	Introduction 
	Materials and Methods 
	Data Source and Processing 
	Genotyping Data 
	Statistical Analysis 
	Estimation of Genetic Parameters of the Single-Trait Model 
	Estimation of Genetic Parameters of the Multitrait Model 
	Calculation of Heritability 
	Reliability of Breeding Value Estimation 


	Results 
	Descriptive Statistical Analysis of Each Trait 
	Estimation of the Genetic Parameters of Milk Production Traits 
	Reliability of Breeding Value Estimation of Milk Production Traits 

	Discussion 
	Analysis of Genetic Parameters of Milk Production Traits 
	Predictive Analysis of EBV and GEBV Reliability 

	Conclusions 
	References

