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Abstract: In order to improve the breeding efficiency, different heritability and effective loci were set up by the genotype data
and corresponding real characters of two groups of soybean to simulate the accuracy of different characters, statistical methods
were used to simulate different characters to predict precise values. Cross validation repeated hundreds of times to stabilize the
prediction value, compare and analyze Bayesian B and several common methods of genomic selection. The results showd that
the Bayesian B method was better and more stable, indicating that the Bayesian B method had obvious advantages in the selec-

tion of soybean whole genome, which could be used in soybean breeding. At the same time, the application of Bayesian B

method was introduced to guide the soybean breeding.
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Fig.2 Analysis of phenotypic character data
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Table 1 Comparison of different genome selection methods for predicting the accuracy of different real traits
REAE, FRiIL) (EZON TNk
gBLUP Bayes B rBLUP
Soybean (individuals , marks ) Trait Least squares
K& (170,2174) Mtk 1 0. 88817 0. 88692 0. 88037 0. 46432
Soybean(170,2174) PR 2 0. 53649 0. 52730 0. 47482 0.34123
K& (307,7125) PR 1 0. 59447 0.61979 0. 58615 0. 39432
Soybean (307,7125) PR 2 0. 58778 0. 60885 0. 55003 0. 42871
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Table 2 Comparison of the prediction accuracy of different genome selection methods under different

genetic and NQTN numbers

RE (A&, FRid) [EPRERN ) /N5
gBLUP Bayesian B rBLUP
Soybean (individuals , marks ) Stimulated trait( h> ,NQTN) Least squares
K& (307,7125) 0.25,5 0. 12444 0. 18909 0. 14644 0. 04678
Soybean(307,7125) 0.50,5 0. 24424 0.50418 0. 26028 0.21770
0.75,5 0. 38981 0. 54868 0. 39347 0. 17231
0.90,5 0. 48283 0. 55896 0. 48562 0. 34328
0.25,50 0. 18402 0. 19495 0. 13339 0. 05621
0.50,50 0.30793 0. 33486 0. 34092 0. 14361
0.75,50 0. 42459 0. 44023 0. 44147 0.17778
0.90,50 0. 54581 0. 55468 0.54315 0. 24445
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Fig. 3 Experimental design and implementation flow chart
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Table 3 Comparison of the time and Accuracy in the computation of the

accurate values of different prior values in the Bayesian B method

KRE (A, FRD)

Soybean ( individuals , marks )

B[] K (L

Time and accuracy

K.(307,7125)

Time ( second )

Soybean(307,7125) Accuracy

JEI {8 500 Fe X H 5000 e R {H 20000
Prion value 500 Prion value 5000 Prion value 20000
65342.0 698756. 8 27128768. 8

0. 42816 0. 46629 0. 47638
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Table 4 Bayesian B method for calculating the breeding value of soybean traits

b N otk 1 BFME otk 2 FAME PR 3 BRI otk 4 FAME
Code Individual Breeding value of trait 1 Breeding value of trait 2 Breeding value of trait 3 Breeding value of trait 4
1 CCl1 —1. 144785753 -0.075067388 -0. 075067388 -5.450764748
2 CC10 —-2.169343332 -0.081929817 -0.081929817 —-4. 178595990
3 CC100 -0. 177602911 0. 049436254 0. 049436254 -0. 306000505
4 CCl101 -2.972702508 -0.093927981 -0. 093927981 -7.486184375
5 CC102 1. 499222645 0.001017684 0.001017684 0. 815709378
6 CC103 -0.651772411 —-0.014369962 —-0.014369962 —-1. 140591412
7 CC104 4.415172291 -0.084313487 —-0.084313487 4. 443670588
8 CC105 —-0. 340542284 —-0. 042535800 -0. 042535800 1. 316693580
9 CC106 —-2.624320435 -0. 081575082 —-0. 081575082 —-5.289412543
10 CC107 1. 768449444 -0. 028466986 -0. 028466986 4.271822384
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