BMEBESR 2017.48(1) . 60-67

Acta Veterinaria et Zootechnica Sinica

doi: 10. 11843/]. issn. 0366-6964. 2017. 01. 007

ETESERBENERABEZFRNMETERR

FRE K K. FRIE"
Crp Al B 2% B A it & P BEE AT B, JE it 100193)

 OE AWR B EERR DR X 5 AL E A E AL T s e . BT DL AR R R in M SO AN b
B A DG B L T A < 1) oM 25 R S R A A B ST ) Bayes ADT AR 2) B P B 3 (Dominant coeffi-
cients) 5 JilPE RN 1) £ Yo (B AR 5T I HL R R EOIR N IE 25 4 A 1) Bayes AD2 BEHY 3 3o 45 H0L 50 408 BE 45 T %

N AETY Bayes ADO I A P 280 0 B BTk BRI 20 Ak 1 7 b (B CGEBV) (9 AE i 2, I BB 55 A [5) 50t bR ik [R) Jas
(Quantitative trait locus, QTL)E &R ME RN EREA I 7 25 Bt 07 2 /0 L B X GEBV #E# P /952 m .,
SERFW] AR B AT LI 22 B A AU A GEBV A PERRAR A . S3 80, AT 22 1 HUE BUKR L X GEBV 1Y
TEB PRS2 WO . 2nE Ty 22 5 B U7 2 Z Wik B 0. 25 I, BayesAD2 A 8 R L #, 43 5l LE BayesADL il Bayes-
ADO P & 20. 3% 0 28. 4%, ARG Z .GEBV BRI M = . QTL S B34 £ . GEBV A i 1y i o M =
TRE. SRR X RO R b EE B 4% ) 0 MR AT R A A T 25 R A O T LA R R A

TR,
KR R ILNAIk £ DUnP A MR s M R B
FESES:S813. 1 XEkERERD A XEHE: 0366-6964(2017)01-0060-08

Bayesian Models including Dominant Effects for Genomic Selection

WANG Yan-hui, ZHU Bo, LI Jun-ya”
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Abstract: The aim of this study was to investigate the impact of dominant effects on the predictive
accuracy of genomic breeding values. Based on the dependency between additive and dominant
effects using BayesA model, we proposed two submodels: 1) the additive effect and dominant
effect were independent of each other in BayesAD1 model; 2) the dominant coefficient and abso-
lute values of additive effect were independent of each other in BayesAD2 model, in which the
dominant coefficient followed normal distribution. Using simulated datasets, we compared the
predictive accuracy of genomic estimated breeding value (GEBV) among the additive model
(BayesADO) and dominant models (BayesADl and BayesAD2). We further investigated the
effect of number of QTLs (quantitative trait loci) , size of full-sibs family and ratio of additive va-
riance to dominant variance on predictive accuracy of GEBV. The results showed that the domi-
nant models slowed down the declining of the predictive accuracy of GEBV in subsequent genera-
tions. Moreover, the predictive accuracy of GEBV increased as the ratio of dominant variance in-
crease. When the ratio of additive variance to dominant variance reached 0. 25, BayesAD2 was
20. 3% and 28.4 % higher than the accuracy of the BayesADI and BayesADO, respectively. In ad-
dition, the size of full-sibs family affected the predictive accuracy of GEBV positively. And an in-

crease in the number of QTL was accompanied by a reduction on the predictive accuracy of GE-
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BV. These results indicate that a better prediction of genetic values is intended, when the domi-

nant variance are large just as low-heritability traits.

Key words: genome selection; Bayesian model; dominant effects; dominant coefficients
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Table 1 The predictive accuracy of estimated TBV( r(a,a) ) with different dominant degree

| VA/VD
Model VA/VD=0.1/0. 4 VA/VD=0. 25/0. 25 VA/VD=0.4/0.1
BayesADO 0.462(0.042) 0.746(0.019) 0.911¢0.007)
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BayesAD2 0.593(0. 045) 0.810¢0.019) 0.913(0.003)
Aqor Bior
0.8} 0.8}
0.6F 0.6F
0.4+ 0.4f
02} 0.2¢
0
10 QTL 100 QTL 1000 QTL 10 QTL 100 QTL 1000 QTL
o, 1.0
0.8 |
0.6 |
04}
02}
10 QTL 100 QTL 1000 QTL 10 QTL 100 QTL 1000 QTL
E10 -
0.8 }
0.6 B BayesADO
) B BayesAD1
04t @ BayesAD2
02}

10 QTL 100 QTL 1000 QTL

A R REAEC 458, 2 A 10:C. 2RI MA %k 405D, 2 [ A%k 1005 E. 4 [F j 4%k 200

A. 4 individuals in full-sibs family; B. 10 individuals in full-sibs family; C. 40 individuals in full-sibs family; D. 100
individuals in full-sibs family; E. 200 individuals in full-sibs family

3 2EABKREZFNANEHSE QTLHBEARENERAEMEMITHERIE

Fig. 3 The predictive accuracy of GEBYV for different size of full-sibs family and number of QTLs
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