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Figure 1. The mean prediction accuracies using different x values in the normal and gamma distributions of QTL
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Figure 2. Mean of genomic prediction accuracies using single step Bayesian regression for the nongenotyped animals
for each validation set in the normal distribution

>
m
wl
(G]
[T
5]
§ H Generation 8
§ M Generation 9
<
= Generation 10
SSBR-A SSBR-C SSBR—-C  SSBR—C (1
(m=0.995) (m=0)  Estimation)

SSBR Methods

bgiye 00l G Sllge> (sl (i slals yocsSS (slo ) 5l odlitnl b (pagif (Mol sla b))l i Como (5:0ke =Y IS5
Loy il Gl @55 5 dul Cumes 3l Jud 2 &y
Figure 3. Mean of genomic prediction accuracies using single step Bayesian regression for the nongenotyped animals
for each validation set in the gamma distribution

b JolS LD 55 aySolis o8 sl o) altwo ) Jlais!
ol psboas 5 Sy uil)ly W g 0395 Jele sl
S5 g ge 0dd 3yl pdlie & 425 L 350 e dpuslono
Obyy bwy edel Cunda ey (SNl 35 &S
03 i B bg, sle 4 Cums SSBR-C (n=0)
Jly o LB gy o o ol Cunli o s o8 15 el
Wb 03} (1eBS S &S9P 9 sl A (S

4 (Al Mol o))l cunll copo ke

0ald Ui ¥ Jgds p0 w0l 03) (et SNl sla i)l
Sy cPa (9] (Gwikn Cenl cops sl odd
s V/+YSSBR-C (m= chosen) 5 BayesA (sl s,
5 AV 9 V¥ 9 LS’) u‘).)] dl.alf é")}’ cdls 2 +/aa
Camll ol ps b 03) (o3 S5 Sl by je8 <l
osbyly S ame U Sl a8 (el (i
Jodo ol 0ads yelp do iy 0935 (SNl o)


http://dx.doi.org/10.29252/rap.10.26.122
https://rap.sanru.ac.ir/article-1-1024-en.html

[ Downloaded from rap.sanru.ac.ir on 2025-11-17 ]

[ DOI: 10.29252/rap.10.26.122 ]

wa

ARV uLuuA) Atd O)L«f: /Wma JLu unl.) u‘AJy dWs)’

LB 5 Jboy (35 OISl mjer o odid 035 (e3> Mol (sla i)l ay (owdly (> Mol slash)l (3, l5kul slad) Coml cups —F g
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Abstract

The purpose of this study was to compare the accuracy of genomic evaluation for Bayes A,
Bayes B, Bayes C and Bayes L multi-step methods and SSBR-C and SSBR-A sinale-step
methods in the different values of x for predicting genomic breeding values of the genotyped
and non-genotyped animals. A genome with 40000 SNPs on the 20 chromosom was simulated
with the same distance (100cM). The = values that maximized the prediction accuracies in
BayesC were 0.980 and 0.995 for the normal and gamma distributions of QTL, respectively, and
were also used in SSBR-C method. Genomic prediction accuracy in the SSBR-C (x = 0.99)
method was higher than multi step methods from 0.02 to 0.09 for gamma distribution. Results
showed that considering mixture distribution and use of phenotype, genotype and pedigree
information simultaneously, the SSBR-C (n = 0.99) method had higher accuracy than other
methods and is considered a better choice in this scenario. Moreover, both single and multi-step
methods showed similar prediction accuracy when the genetic architecture appeared to approach
the normal distribution. Furthermore, SSBR-C (x = 0) method appeared to be more reliable
choice that was due to regressions of true breeding value on estimated breeding value close to
one in normal distribution. Generally, GEBV accuracy decreased as the distance increased
between validations and training set, which was more sensitive for non-genotyped individuals
compared to genotyped individuals.
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