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Abstract: This study aimed to systematically compare the accuracy of genomic selection for impor-
tant economic traits in pigs by using 8 models including GBLUP, SSGBLUP, BayesA, BayesB,
BayesC, BayesLASSO, BSLMM and BayesR. The data of age at 100 kg, backfat thickness at
100 kg and teat numbers were collected from 2 585 Yorkshire sows and all the individuals were
genotyped by using PorcineSNP50K Beadchip. The accuracy of genomic selection for the 8 models
were compared by a 5-fold cross-validation procedure based on additive model. The results dem-
onstrated that the accuracy of genomic selection were positively correlated with the calculated her-
itabilities of different traits. The cross-validation analysis indicated that the prediction accuracy of
age at 100 kg was the highest among the 3 different traits, but different models performed dissim-
ilarly in different traits. The prediction accuracy of SSGBLUP was the highest for both age at
100 kg and backfat thickness at 100 kg, and the prediction accuracy of BayesA was the highest for
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teat numbers. In conclusion, SSGBLUP model can be used for the traits with moderate and high

heritabilities when conducting genomic prediction for small sample size and BayesA is suitable to

the traits with low heritability. How to optimize and select a model that is applicable to all traits

may be a research direction in the future.
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Table 1 Descriptive statistics for the age and backfat thickness at 100 kg and teat numbers

LN 1% 100 kg H #%/d ik 100 kg 7555 /mm L3k %
Trait AGE100 BT100 TN
R ER 2 585 2 585 2 585
Number of animals

SRR N ¢ 573 573 573
Number of genotyped animals
FEA WL 174 174 174
Number of sire
R REL 1491 1491 1491
Number of sow
KA 203.2 22.57 16
Maximum
He/ME 110.0 6.81 11
Minimum
- 157.2 12.91 14
Mean
T 1 2 9. 67 1. 62 0.79
Standard deviation
RS R 6.15 12.59 5.63

Coefficient of variation

Jo e s AR o 15 O R DR TR B 2 53R 10 26 LA L A i
Z (call rate) 90 % LA b, 5 /N &5 o7 25 IR 4 38 (MAF)
30 LA L o W IR AVTAR P-4 4G 56 (HWE) Ry 1 X107°,
B e B AR 573 AR 48 317 45 %L SNPs A
T 5 R 20 k40 #r
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Table 2 Different genomic selection methods and effect distributions''*]

JI A K A2 08 85 R 3 A 2 5

Formula of effect distribution

J5 i JIT A AR B RRONE B AR 53 A
Method Assumed distribution of effect
BLUP normal

BayesA t

BayesB point-t

BayesC t mixture

BayesLASSO double exponential

BSLMM

normal mixture

BayesR point-normal mixture

B ~ N(0.,d2)
B ~ t(0.vi62)
B~ m(0.v6?) + (1 — )8,
B~ a(0.v.a) + (1 —)t(0,v,0.015%)
B ~ DE (0.0

B ~ aN(0.d; + ;) + (1 —2)N0,5;)

B ~ m1 N(0,62) + 7, N(0,0. 162) + 75 N(0,0. 0167) + (1 — 7y — 7z — 73)

BARTRARIEHIZUN. s DE KR SR E A 5 v K78 Bl s RIR IS H500 KRN O

Bis effect of marker; DE denotes double exponential distribution; v is the degree of freedom parameter; r is the scale parame-

ter; 8, denotes a point mass at zero

1.4 EFRAZEEMNSHTITE

LR 2H 1R $F 1) 22 XL 56 UIE (cross-validation) 14 $&
5495 A8 LI IR » S5 Bt 3 B A IR S B A B B 5 53 B
503 SR IG MR UK B — Iy AR AR i AR L A 4y
YERINREE AR 5 WKl B Oy FE AR I 78 24— I DU
WA AT B GEBV Ay, B AH S R A 5 T30 1)
WERAYE G o e S Bl ) A A Bl BIL 0T B 22 A% IE JR
M RAVEE (. = g+ e ) i FHAHE R BT
{ELAE A T o 8 P 7 A 48 A o

Ul b, SSGBLUP ) FH fir 4 4~ 1k iy 2 L5 8.
FRE AR AN o3 A U ) L R AU R S0 4 1 3%
RUE B Al H GEBV, FRRAE IR 5 U, B 2 HUI A
HERPE . Forh, A JEREMIXT AT R MEAEXT A 4ot
K IYEE S 9 J2 1. 001 4 F1 0. 028 5.G HHRE ) X £ £k
JCE MR X M £ o0 R W ¥ E 4 0y 0.988 6 Al
—0.001 7, ZHKHE o N 0.95, « H 0.98, B
k7 0.03,

2 5% R
2.1 AEFGXREAXRBETEEREE MM
ik 100 kg H#% .35 100 kg 5 B JE FIFL K 20my
ARG R LR 1. 200 W RIG RS R A
A 45 M I 2% O R 0 W RN L PR 4 SNPs {5 B A #E 1)
WL O AR IR A R AR, P E B AR
% KL #R £ (average information restricted maxi-
mum likelihood, AIRESML) i 1 3 1% J7 22 71 8l 4%

Ty 2% . 38 b kst A% Oy 25 BT 25 09 T AR T 4 v
AR A A% . oA R DA R 2 OC &R AR AN I
AGE100,BT100 F1 TN 18t 1% J 15 #E 252 53 501 Ry
0.340(0.078),0. 318(0.078) A1 0.140(0.071), ¥y
R FH A% Ge i i 2% OC & AR A T AGETL00,
BT100 F1 TN {8t f& J) FlAs #E = 0. 584 (0. 124) |
0.416(0.112) F1 0. 176 (0. 093), AGE100 115t 1%
J1d R s BT100 2, TN 4% J1 e fik. TN Hk
J& FAL AL Pk, AGELT00 Fi1 BT100 bk 1) 8 1%
TG THEBA B v 5 SR s A T K. &R IR AR
IR AE R AR 125 R UL 3.

2.2 KEBEEMRERAEEARERILE

2.2.1 AFXtREREE 100 kg H W ) 3 F 21 3k 58
SEHIE 3 BEAT 5% 38 S HIE L f# F GBLUP,

SSGBLUP, BayesA. BayesB. BayesC. BayesLASSO,
BSLMM #il BayesR %f AGE100 JF & % [K 21 i i ,
F GEBV Fl y. 1A IR0 5 0000 0% 4t P L 25
N 4 frzs - AGEL00 iRt 232 0. 342 1,0. 361 5,
0.329 8.0. 332 6,0.322 9.,0.327 5,0. 327 6 F1 0. 330 7,
G R P LUR 78 AGE100 WAl i+ ANk &5 AR
By #E Bk SSGBLUP #: &, GBLUP, BayesB.
BayesR, BayesA, BSLMM i BayesLASSO & Z .,
BayesC ik,

2.2.2 EEXFREMEIE 100 ke 5 Y D] 41 e £
2E IR W AT 5-F5 A8 LS LA ] GBLUP,
SSGBLUP,BayesA,BayesB,BayesC,Bayes[LASSO,
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Table 3 Results of heritability estimation for each trait

g T (bR iR
TN Heritability (SE)
Trait ESTTES SR 3 X R
Pedigree relationship ~ Genomic relationship
AGE100 0. 584(0.124) 0. 340€0.078)
BT100 0.416¢0.112) 0. 318(0.078)
TN 0.176€0.093) 0.140€0.071)

BSLMM H1 BayesR % BT100 J J& 3 X 26 i 0 , H
GEBV Fl y. B AH 5 R o o 500 7 o A 14, 45 51
4 s . BT100 By HEHA M 73 502 0. 272 4.0. 336 4,
0. 318 5.0. 327 9.,0. 331 9.,0. 320 3,0. 325 4 F10. 321 5,
MEE R AT LUF 1, 7E BT100 HAl 1Ak & F e 1)
R SSGBLUP & . BayesC . BayesB.BSLMM
BayesR.,Bayes[LASSO A1 BayesA X 2 , #i i 14 F 1%
)& GBLUP,

2.2.3  BEXFOR ERERE FL Sk B PR 2 ik A8 LI
UE A AT 54538 BGHIE . f# ] GBLUP,SSG-
BLUP, BayesA. BayesB., BayesC, BayesLASSO,
BSLMM #I BayesR %} TN JF J@& 3t A 20 i 3 . F
GEBV I y. (19 AH 5 M R 1 w2 F50I0 174 7R 4 7 & 45 2R
F 4 fim. TN R HERG 4> B2 0. 132 3,0. 095 5,
0.135 1,0.120 4,0.124 4,0.122 9,0.126 0 #
0.132 8, MEFRHALIE N FE TN f14li1f GEBV
P HERA T BayesA f & » BayesR . GBLUP ,BSLMM,
BayesC., BayesLASSO fi BayesB ¥X 2, SSGBLUP
TR 1 B AIK

2.2.4 8 Bh Ty vk FE DR W0 AR 1Y b A X g
1A% ST ARTIE 5 AN () 5 R 2 36 R A 78 1 0 I o
Pk, 7] A & #, GBLUP, SSGBLUP, BayesA , BayesB,
BayesC. BayesLASSO, BSLMM # BayesR 8 Fj J
O AER PR R BRI 5 AGE100,BT100 Al
TN 3 FpfR A% 01 B IE O &R . AR R 19 7
Bk FE,E AGE100 Fil BT100 1, SSGBLUP % A
2 F500 A M 12 B L 7E AGEL00 Hr, GBLUP FI
BayesB (1) & [X] 25 131 I 7 4 7 2k 7 SSGBLUP, 1fij 7£
BT100 # BayesC Fil BayesB (1) 5 DX 21 11 il #fE off 14
T SSGBLUP; 7E TN v, BayesA 1% 5 P 25 i
TR 1 B 5 » BayesR Fl GBLUP ¢ 3 P 41 751 ) 74

PR T BayesA(FE 4),
T4 BERETAAFENZXNBIESHER
Table 4 Results of cross-validation based on different meth-

ods for each trait

Iyt %100 ke Al 3% 100 ke PR FL3k M
Method AGE100 BT100 TN
GBLUP 0.342 1 0.272 4 0.132 3
SSGBLUP 0.361 5 0.336 4 0.095 5
BayesA 0.329 8 0.318 5 0.1351
BayesB 0.332 6 0.327 9 0.120 4
BayesC 0.322 9 0.3319 0.124 4
BayesLASSO 0.327 5 0.320 3 0.122 9
BSLMM 0.327 6 0.325 4 0.126 0
BayesR 0.330 7 0.321 5 0.132 8
3o ®

AHEFE FR GEHB IR T 1 BE T [ i 42 AR R B
THE 3 AN [ 35t 1 45 R M R R TR 2 SR R 1 A G T)
W, G AR )T AT (GLMD Xt
IF] 5 A0 R AT Wk 2 G 0 0 A 3 T A IO ARG O
RS, JEMAG AN ] B AR PR 38 A% Ty BOAREAE T
T2 AR Bt 5 % R R A R B B e R SE
F RS AT 50 BT 10 X6 5 02 O 28 A7 7 1) B0 S 4K
P 4R L X S R R A © 0 AR I (H B AR P AR IR
YDA T R 23 0 A o 45 PR R AT A S A [
RO R W 38 A% F3 A 1 AR5 Al T AGET00 Al
TN (938 1% J W 2 T AH G 520 L i BT100 38t %
IS T2 e ms AR T A OC B 520 R A% g vk
I 25 5 52 R0 4 Bk PR A 5 2 50 R AR TE 8% e e 22
S Jit DRI B 2 4 ik DA 2 5 4 OC 2R B I LA 8 Ak
T R E T A9 28985 538 S5 5C 28 0 3 5 3 S 0 B e A
PRI 84 56 R . A IFSEAE W L 7T /8 B W] Y
PRBE2H o3l 3 T R85 R 4 0 R 1y sh AL s 1%
T KA 25 5 5k e WAl T AL O 220 L AR R
t, AGEL00 F1 TN 3t 4% Jy Al 145 2R vh 1) 1] 42 5 1A
U 55 F 0 W 5 A GBI 9 B Ry 423 0 Al 1 B
T AERE A TS [R) P AR R A i T 4 B R A B i
FHE IR A O AR I 1Y sl W AR T B B N

AWFSE E SR T GBLUP, SSGBLUP, BayesA
BayesB,BayesC, BayesLASSO,BSLMM HI BayesR
8 A [) 5 i % A AR 6 PR A T i) 3 T M . &
IR [R] 2 8 5 1 o 0 1 5 MIR g5 4% O Al T 52 AT
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X L A R R T AR P AL A T R (E B SSGB-
LUP A & m my o d  H e o0 RN 1 & #0475 K 53
RIS 5 £ B R 3 TR 2 2 A Ok 0 356 R A0 £
BEY AR E T S HBR N BUR s BayesB R I LR
SE T REA B R 1k PR . BayesB A KE 4 (o)
PRCIERLR » HAT Do (1— ) bRic BAT 800, X
AN T TR OB R L s I IR S| R B 1
QTLMAS f%i#E % W], BayesB It GBLUP,LASSO
F1 BayesA Al 71 A & 3L A 41 & i (H 19 1 74 22
B TE BRSO BN LR GBLUP 315 56
AU E FE R R P AR R R T
GBLUP HI BayesC 7 & 45 35t 4% J R b R 9T
REEE B 8 MR T LA & GBLUP 1 BayesC, 7E{
S AL PR P L B 1 BayesA HE MR GEBV /]
RES B B (AN . GBLUP 2 H A 3% 2 #3007 45
w2 EL A A R B Se 58 4 A O 2% 9F HLIR M E & 431
A REANTF A AE W 2F MC BRI B0 . BayesR B TR b5 il
AR R8I 43 AT 43 B T R TR B B2 L A & A IE & 43
A BYIR A 40 A7 1T BayesA R M t 234, Btk IR
Pt A A A T S TR AU 5 a5t 4 T AR Y 1
AIRETE SR . LG ORE X 13 DR A T vk i
AT RE A 4 (0 b v B 38 9 T 7 vk 2 % R H bR
PEIR 81 S5

AW FAG T E A 0 HE R M ERTE 0. 35 LU
T HERR R RS HH B8 SO E T AR U T A
PEA RS L D A Tl e 4 3 DR 2 08 5% A B A B 45/
RERZER K. BT LL T 5L D A e i 7 B2
OB LERY FEA S L B A KA RS I &

4 & ®

A #F 52 ] GBLUP., SSGBLUP. BayesA.
BayesB.BayesC, BayesLASSO.,BSLMM I BayesR
8 P X K F %K 100 kg H iy ik 100 kg 79 2%
R FL L H 3 AR IEAT T HE A 220 B . OF
8B VAR 38 1 77 % 35 DAL 2 8 % 1 o 1 v A o
SN JC Ve PR A J7 12, e R 2 37 456 1 A 2 e v )
AGEL00, fER PR AR A J2 TN, FEXS/INFEAS TT Jie ik
PRI 2H 5000 I v | v 5 s A ) PR T DL e SSGB-
LUP L5 5% I3 PEAR AT LLIE$% BayesA, A & H
TR MR R AT . AW b B & R OT R
B T HREN S EFEL .
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