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Abstract: This study aimed to estimate the genetic parameters and genomic breeding values of “Min
Gai” cashmere goat hair traits, compare the effects of GBLUP and Bayes methods on the accuracy of
genomic breeding value prediction of hair traits of “Min Gai” cashmere goat, and provide a reference
basis for optimising the genetic selection and breeding strategy of “Min Gai” cashmere goats. This
study took the fleece traits of 847 “Min Gai” cashmere goats as the research object and used GBLUP,
Bayes A, Bayes B, Bayes C, and Bayes LASSO to estimate the genetic parameters and genomic
breeding values of fleece traits (fleece length, cashmere length, cashmere diameter, and cashmere
yield). Furthermore, the accuracy of the genomic breeding value estimates was evaluated using five-
fold cross-validation. The results showed that the heritability of fleece length estimated by the
5 methods was 0.11-0.32, the heritability of cashmere length was 0.14-0. 33, the heritability of
cashmere diameter was 0. 17-0. 49, and the heritability of cashmere yield was 0. 16-0. 32. There was
a strong positive genetic correlation between cashmere length and fleece length, with a correlation
coefficient of 0.48-0.84. The genetic correlation between other traits was relatively small, ranging
from —0.06 to 0.46. The genomic breeding value accuracy estimated by the GBLUP, Bayes A, Bayes
B, Bayes C, and Bayes LASSO methods for fleece length, cashmere length, cashmere diameter, and
cashmere yield were 0.623 4-0.950 9, 0.626 2-0.953 0, 0.830 8-0.953 1, and 0.741 8-0.961 4,
respectively. The genomic prediction accuracy of each trait estimated by the Bayes method was
significantly higher than that estimated by the GBLUP method, and the Bayes B method had the
highest genomic prediction accuracy, reaching 0. 950 9-0. 961 4. In summary, the Bayes B method is
recommended for the genomic selection of “Min Gai” cashmere goats, which may accelerate the
genetic progress of the population.
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Table 1 Basic descriptive statistics of fleece traits in “Min Gai” cashmere goats

PR A REL RAMHE RAME THHE i 22 A RE N
Trait Sample  Maximum  Minimum Mean Standard deviation Variation coefficient
FE 1 /cm Fleece length 847 22.00 14. 00 18. 04 1.72 9.54
4{J5 /cm Cashmere length 847 12.00 6.00 8.82 1.31 14. 83
41 /pm Cashmere diameter 847 19. 67 12.42 16. 07 1. 34 8.34
FE4 i /g Cashmere yield 847 2 750 750 1910 355.93 18. 64
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Fig. 1 Histogram of the frequency of cashmere traits
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Fig. 2 The distribution of the SNPs number on each chromosome before and after quality control
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The number of SNPs within 1 Mb window size
OMb l7Mb 34Mb 51Mb 68Mb 85 Mb 102Mb ll9Mb 136Mb 153 Mb
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Fig. 3 The distribution of the SNPs density on each chromosome after quality control
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Table 2 Estimation of variance components and genetic parameters for fleece length
J7 % Method ol ol o, h?
GBLUP 0.45 2.88 3.33 0.13
Bayes A 0.81 1.70 2.51 0.32
Bayes B 0.27 2.24 2.51 0.11
Bayes C 0.27 2.24 2.51 0.11
Bayesian LASSO 0.51 2.00 2.51 0.20

ol ML AL Jr 2 502 W ER 22 T5 2% 50 R Ty 22 02 gt I, T

. is additive genetic variance; o/ is residual variance; o, is phenotypic variance; h is heritability. The same as below
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T5 22 oy M st AL S8 S5 R W3R 3. SRR 7 Al HoAt J5 ¥R Al T H 1538 4% T3 S50, SRy v 45 B b A5
TIPS 07 22 0.08~0. 19, 844 J1 R 0. 16~ {RistfL J1.
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Table 3 Estimation of variance components and genetic parameters for cashmere yield

J7 ¥ Method o’ ol o, h?

GBLUP 0.19 0.41 0.60 0.32
Bayes A 0.13 0.36 0.49 0.19
Bayes B 0.09 0.40 0.49 0.17
Bayes C 0.08 0.41 0.49 0.16

Bayesian LASSO 0.11 0.38 0.49 0.23
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Table 4 Estimation of variance components and genetic parameters for cashmere length

J7 1 Method o’ ol o, h:

GBLUP 0.25 1.58 1.83 0.14
Bayes A 0.43 0.89 1.32 0.33
Bayes B 0.26 1.06 1.32 0.19
Bayes C 0.23 1.09 1.32 0.17
Bayesian LASSO 0.32 1. 00 1.32 0.24
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Table 5 Estimation of variance components and genetic parameters for cashmere diameter

J7 1 Method ol ol o, h:

GBLUP 1.13 1.16 2.29 0.49
Bayes A 0.55 1.04 1.59 0.35
Bayes B 0.27 1.32 1.59 0.17
Bayes C 0.32 1.27 1.59 0.20
Bayesian LASSO 0.45 1.14 1.59 0.29
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—0.01.—0.02) o 4% 5% & MR | pY £ A AH R
0.07~0. 47, Hoi B K M908 2 ) 36 8 M o6 i =
(0.47) , Fk B K MYL40(0.46) . £ GBLUP #
Bayes J7 % T ¥ & 90 45 5 F1 B K 24 B st A% 1F AH G,
HARMRAR SRR

2.5 “HIEVHLFSEMERER SR AR
bk %

3 F GBLUP, Bayes A. Bayes B. Bayes C,
Bayes LASSO 4§ 5 F J5 32 X “ 875 7 4% 1L 3 900 B 1
R AT HE 2R 7 Al A o, E o e 4 R L 3% 6
KI5, iR, 5F il iy B K BUR g gn
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A. The correlation heat map of GBLUP method; B. The correlation heat map of Bayes A method; C. The correlation heat map
of Bayes B method; D. The correlation heat map of Bayes C method; E. The correlation heat map of Bayes LASSO method.
Upper triangular data indicate phenotypic correlations among traits; lower triangular data indicate genetic correlations among
traits; diagonal lines indicate heritability. MC. Fleece length; RH. Cashmere length; RX. Cashmere diameter; CRL. Cashmere
#*#% denotes P<C0.001 (highly significant) , ** denotes 0.001<CP<C0.01
(extremely significant), * denotes 0. 01<CP<C0. 05 (significant)
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Fig. 4 Heat map of correlation between fleece traits of “Min Gai” cashmere goats based on different methodologies

yield. Superscripts indicate significance levels:

FE R Y L R AL R E R 4 B R 0. 623 4~
0.950 9; 0.626 2~0.953 0; 0.830 8~0.953 1;
0.741 8~0.961 4., X} T8 — DY BHERMF
Bayes B, Bayes C.Bayes LASSO = Ff J7 i il il ()
GEBV {E#iME L B & 22 5, HUEM M B ¥ & T
GBLUP il Bayes A K% . MWEMHE L, MK T

F6 AREFETHEMIKEE BB 8 #EHME

GBLUP ¥, Bayes 41 J7 ik 00 1) 6 K e M 42 =
T 40.57%~52.53%; 4R OJE fE # M R s T
41.06%~52.19% ; 4% 40 i #f PE 32 7 T 10.65% ~
14.72% ;7= 9 w2 F+ T 23.60%~29.60% . % L
JT ik, Bayes B J5 ¥ T “ 5 " 90 1L 2 90 R
e [R] 2B 0 o i P A i L 35 0. 950 9~0. 961 4

Table 6 Accuracy of genomic prediction of fleece traits under different methods

GBLUP

PR Trait Bayes A

Bayes B

Bayes C

Bayes LASSO

FE K Fleece length 0.876 3+0.03"

4 )5 Cashmere length 0.883 3+0.02"
4540 Cashmere diameter 0.930 340.01"

7= 4 & Cashmere yield 0.916 94+0. 06

0.950 940.01"
0.953 0£0.01"
0.953 14+0.01"
0.961440.01"

0.905 7+0. 05%
0.9329+0.02"
0.919 3+0. 05"
0.943 7+0.02%

0.940 9+0.02®
0.9353+0.02"
0.930 3+0.01*
0.927 9+0.01®

0.623440.08
0.626 240. 08
0.830 840.09°
0.741 840.09°
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& § 0.74 I BayesB
& 2 0.6
E\% 0.5 = BayesC
o 5 0.4= I Bayes LASSO
.2 03
0.3
g
202=
(53
O 0.1=
0.0=
EBRK )T g s
Fleece length Cashmere length Cashmere diameter Cashmere yield

& 2 BN [A] e 7R 4 ] 24 5 1 2 (P<<0. 05) , TR AR R F2 R 4 0] 22 B Rl 2 (P>>0. 05)

Different letters in the chart indicate significant differences between groups (P<C0.05) , and the same letter indicates non-

significant differences between groups (P~>0. 05)
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Fig. 5 Multiple comparisons of accuracy of genomic breeding values for fleece traits in “Min Gai” cashmere goats with

different methods
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