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W E: BEFREGIEFAGEE ERRE R )R8 B AR 8 8 8% 7 a5 AN 7] 77 125, F TP Al 8 Fh7E &2 A4 Ik
b B R4 #E E (genomic selection, GS) 5 ¥k 1Y WM HE B M o A F000% 542 AL TS A1 2 548 FUFE 3% v f% 56 (R 18 - 5=
RURCH 8 ok 34~ A B, B T R D A 45 B (G A Al 45 5 32 743 43 Bt (linkage disequilibrium and principal component
analysis, LD_PCA) , &5 & HAlh 3= i 417 &5 (LD and other principal component analysis, LD_outPCA ), 45 & ¢ /R i#h 4
K R E5rHr (LD and Pearson correlation coefficient, LD_PCC) ) & #(F B GEBIA VM 4 A 5L W 4L 51 (LD
and genome-wide association study, LD_GWAS) , 45 & HAE5HT (LD and EPISNP,LD_EPD) ) Fl 3y g I B {5 B (AL E
43 Be vk (weight distribution method , WDM) ), 3 8 A ] i 1 75 v Ak AL 2 JE DR RUAR B | FE ISR ik i RN A
FEA T . SRR, LR Z B LD_PCC 454 6 # GS J5 % (GBLUP , BayesA , BayesB . BayesC , Bayes
LASSO fl RRGBLUP) , 76 M Je B & J B T v H IS 3% 5 IR 1P Sk A0 A i o ~F- 32 90000 o6 0 41 COF LU o) B
B ARG 4R 2 490~13. 9%0) 43 AL F T 0. 709 3.0. 440 0.0. 497 4 0. 440 1; 4 43 Bt 15 (WDM) 76 4% 15 i )5
7L 3 B AU o oA i AR A5 e e 0 HE A MR (=20 10%0) o 4% b AR B 5T & 3L WDM A LD_PCC 1l LUA 42 7+
GS 1 000 A M, oA TR A 9% A7 4 7 0 D 3 52 W) GS o 0 P R 76 78 o 52 B2 o 1 o7 P B8 T )y ) R A S

SRR ¢ R DN R R DR 2 G FRAE B 5 6 R I 5 B BB TR 5 AR 43 D
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Comparative Study on the Prediction Accuracy of Genomic Selection Integrating

Different Biological Priors

TAN Taotao, GAO Bingxi, DU Zhiqiang”
(College of Animal Science and Technology, Yangtze University, Jingzhou 434025, China)

Abstract: The aim of this study was to develop different methods for screening genetic variants by
integrating genomic data, phenotypic information, and functional annotations, and to compare and
evaluate the prediction accuracy of 8 genomic selection (GS) methods for complex traits. Genotype-
phenotype data from 542 Beijing ducks and 2 548 Duroc pigs were analyzed using three dimensions of
variant selection: 1) genomic information, including linkage disequilibrium combined with principal
component analysis (LD_PCA) , other principal component variants (LD_outPCA) , and Pearson
correlation coefficient analysis (LD_PCC) ; 2) phenotypic information, including LD combined with
genome-wide association study (LD_GWAS) and EPISNP analysis (LD_EPI) ; and 3) functional

annotation information, using the weight distribution method (WDM). In total, 8 different screening
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methods were applied to construct genotype matrices,

and the prediction accuracies of different GS

models were compared. The LD_PCC method, when combined with 6 GS models (GBLUP,
BayesA, BayesB, BayesC, Bayes LASSO, and RRGBLUP), achieved the highest mean prediction
accuracies for duck fossil length, pig age to 100 kg, backfat thickness, and teat number, improving by

approximately 4%-13.9% compared with the initial genotype matrix, with accuracies of 0.709 3,
0.440 0, 0.497 4, and 0. 440 1, respectively. The WDM method achieved the highest accuracies for

backfat thickness and teat number, with improvements of about 10% compared with unweighted

models. In conclusion, this study demonstrates that WDM and LD_PCC can effectively enhance the

prediction accuracy of GS, providing valuable insights for further exploration of variant selection

methods and their application in breeding practice.
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F14) ) S8 R AR 0] 3 2% O 22 DAk A E B 1k, AT 5% e
GEBV 1y fli B 5 25 A g 58 48 4 1E O 3%
(feature selection) ¥ ML % 2% > £ B (1) R £ ¢ &
TH A WFIE R SNP ik 5 Bk B — | 045 % B
AP (LD) i 38 | 3 B3 43 B (PCA) T ¥ 55, 45 5
B LD W B S E AR &K (PCA AT REE R

AL (i B T g R PR 2 T A R s
X} i A SNPs % 1 48 — i A & Ab 317 St & 5 805

BB —u R A B G HE SNPs 1 s 550
] 25 45 Z2 Fh i 6 i i SNP, DL 5 GS e 4)3%
AR A P TR T B, AR S R A A L

PCC.PCA .GWAS EPISNP J #FE 4 it /b SNP
i e Y Jy O g A i A A A M O i U
(genomic best linear unbiased prediction, GBLUP)%:
IR A AU 5 G R0 A % v A I A b R AT SR IE , SR

HE S T 22 LRI AR OHERA 1 . LA M s
VA 0 TN o B ﬁfjbﬁﬁlgﬁﬂﬁﬁﬂﬂ’]iﬁé%u
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1 #REFE
1.1 ##EkiR

AR T AR A R EE 5 R AL, Sl
e A LT A T A BR 2 R B A Y b W B AT AR
Tk EC B A A O [ T AR SRR — AN 0 R
U R A L G R B A 542 SRR
¥ X 58 (breast width) g B K (fossil length) P4~
T R T B AL 2 A8 REAR BB S Y R
(backfat) . ¥ 3k ¥ (teat number) 1 & T 5 H #& (age
to 100 kg) 3 A~ & A o XF & A4 (7 4 B 45 R
WA,

fili i Beagle (5. 2) 3 {4 % i 2% 1) 3k PR 784 3 77 43
76, di ] PLINIK (1. 90b6. 21)$Afﬁ|ﬁ””5<a‘§&%)%'£4ﬂﬂ
A F ¥ . mind Ml geno ZH0X E 4 0. 02 1 J1E 7 3 A
R e K F 2% 1A F SNP 4 5, mal 24800
0.05 it ¥ # & /I 45 A7 FE 4 %R (minor allele
frequency , MAF ) /NF 0. 05 B0 &, hwe S E H
110 * i 3€ # Hardy-Weinberg ¥ 7 i 36 (P<<1X
10 ) SNPs, e & AR FE A B8 4, b o 15 ) 4
2y 3. AT AL K TSR AR 2 991, 8 T AL o
1.2 ETFEFEAFEENMALAGE
1.2.1 LD i@ F ] PLINK T E 344 SNP fif
A RO Sk A5 R LD #E LD BME M 0. 8,
A R K T B N e 1 B o iy 7 8,
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Table 1 Descriptive statistical analyses on traits

A FEA 2 i 22 RRAE R/ME % 7
Phenotype Sample Mean Standard deviation Maxi value Min value Heritability
#5 §9 9% /cm Duck breast width 542 11.75 0.48 13.10 10. 30 0.34

Je B /cm Duck fossil lenth 542 14. 60 0.64 19. 60 12. 40 0.48
BT H i /day Age to 100 kg 2 548 154. 66 9.32 203.01 124. 47 0.26
BB /mm Backfat thickness 2 548 10.91 2.06 19.70 5.48 0.32
Ak %/ Teat number 2 548 10.72 1.06 15.00 8.00 0.27

B L rf — AN 5 DA D T 4, Rt B2 DL 1A

1.2.2 LD_PCA  LD_PCA F % it Hlas2 )

JE scikit-learn 3 52 200 ) 3@ oo 48 M AR Wl 1D 15 3

() SNP i B 5 1) — A i A br R L iz SRk # 2

SNP i B 47 5 — A A5 210 58 B 0 —fb 6 1 X
X'Xx

ok b Oy 250 O R B Uy 22
P o Horhn RORFEACRL Gl Gk B O 25 06 B AT LA )
AR RN RRAE A, #F 045 2 4y, i &l 1D
FIi 7 o
1.2.3 LD_outPCA J5i%  LD_outPCA J& f ¥
4 BN S5 5 B A7 5 PCA A PR S B 08 5 80 4% o7
RUESA R LD BIBR A7 230 25 B AE =k U
SN N R i Y RN SNIVE i MU E ) O
1.2.4 LD_PCCH¥  LD_PCC R/R#h A& &
¥7 (Pearson correlation coefficient, PCC )M & —F FH
A S S 2 TA) 2 M G AR i B AL [ 1 4 3
U7 ¥ . PCC Y BUE I B o — 1~1, H R AR & S0
T PCC % T 1A, R A2 & 2 [8) £7 16 98 42
IEAHE KRR ;Y PCC AT — LB, "R WA~ A8 i 2 (7]
FHETZENMERXR ;Y PCCET OB, FmmA
A5t A AN AE SRR O, 36 BB T A8 ot o 57
NP

S (x-X) (v 7)
Sx-x) 3 vy

Ho X Y R A T R MO, XY 2
EXL,Y MEME
1.3 EFRIMERIRIS
1.3.1 LD_GWAS J5 ¥ TE BE PR BN OF iy
(SLDP) /& Zhu %4 H i) — Fl SNP 07 £ 76 50 b5 i
T3, RE U AE R R AR AR T B IE A GWAS
THAS 2 1 AN 7] d 25 R B 0 7 AR e o A A

PCC(X,Y)=

N L HEAT LD 7 BAS SF- 1 57 B B Of B S A e [
U /D B, DA i g A L e DL R 1B
1.3.2 LD_EPI N EPISNP /& Ma % /9 %
1) — SR A 3 2 ) S A AR R B AN [ A3 a5, )
RO, AL A5 e Bk EARSERN . FRid EPISNP
TR BRT 1 000 A4S0 18 35 (07 o5, FRaE4T LD 59
Ko, WK 1C,
1.4 EFHaEEIREENNESEZX

R 43 TE 75 2 46 4 4 75 I 0 2L Sk B0 o 4
LD % 3% 5, ] ANNOV AR #1455 SNP {37 5 i
TPEERE . Mk Hls 2 25 3 IR 20 804 T 1 o g v R X
SNP #4773 25 95 W 7 A [A] (4 38t A5 AL FE . A F 5% filf
T Sus scrofall 2 2% 3£ 41 50CH5"™ DL i %2 45 4>
SNP 37 55 78 2t 5% X 45 XN B 7 XORn H: A 2 BB
DX 3 4 07 B, I DAl SNP X 3 DX 2 A A9 Vs A8 5 i
SNP i sl ER G, TAEY =N R R EA
SNP JIF b 1) 5 A X358 43 B A [) 1) 3t 4% A0

A i X (exonic) A SNP K B 122 5% Wi 2 19 5 AY
o B F D) RE , B T AR BB AE 1. 0. B 4% X B
(splicing) ) SNP 4% 5 A] 8 23 5% I mRNA 119 5 £ 12
I N vl - = Wil S A B N A L O )
0.9, N F & B F 4b 5 F 1 89 4% X 35 (exonic;
splicing) i) SNP [a] £ 9l K 77 35t £ AL 1. 0. AE #H 3%
X (UTR) B SNP 7 5 [K 3% ik i 45 f B & 22 4E
A, HoA UTR3 AT UTRS [ 38t 14 B 43 314 0.5
0.6, AE % 3 RNA #b i F X (ncRNA exonic) Y
SNP A G52 M IE 4 i RNA B D BE , B L A 0. 4.
P& X (intronic) A SNP L4 A B 4% 4 5% 25 1 R
{H AR S 0] B8 23 52 ) ik R ) 3R R R 4R TR I st A5 A
A 0.2, Eif (upstream) Fl K i (downstream) X
B SNP AR 5 1T 8 23 52 M 3 K Y Jg sl A b o A
WAL KLE 2 0 0. 4 F10. 35 [RI AL T b 37 F0 R 37 X
Bk SNP W 7 0. 35 9 5t A4 AL E . 56 JE) X
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LD. i 881 0 08 s GWAS. 4 3L P20 SC I 73 17 s Epi. 800 A7 i HH 5 PCAL F 00 047 PCCL IR AR G R BT R . A,
LD J5#;B. LD_GWAS Ji%; C.LD_EPI 7k ;D. LD_PCA J7i5;E. LD_outPCA Jy ¥ ; F. LD_PCC Ji %

LD. Linkage disequilibrium screening; GWAS. Genome-wide association study; Epi. Effect locus calculation; PCA. Principal
component analysis; PCC. Pearson correlation coefficient calculation. A. LD method; B. LD_GWAS method; C. LD_EPI
method; D. LD_PCA method; E. LD_outPCA method; F. LD_PCC method
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Fig.1 Multiple screening processes

(intergenic) [ SNP 72 5 Xf 5 K D) & (14 52 i 270N , i5t
e RLE R 0.1, AL S 25 8T 1Y SNP [ i 3x
FRALEE Zr FC v, FE R D 2 e Bt B b g g o8 i H %
AT AR MR & T B0, RS o b PP Al SNP %0, A
1T D0 A 2 R 20 6 8 A5 R 104 P i, 44t v 3 780 il 1% 7
.
1.5 ERSAFHFE

AW 5T 3 AT AT A A P2 PE A Oy R R AR
GBLUP* DL J7 3 (41 BayesA BayesB .BayesC
Bayes LASSO) fil RRGBLUP 4!, GBLUP J&
A L R 20 B Al 5 MR Bt R AT M DU A
(LNIURGREZIER

y=Xb+Zu+te

Hp y MW E T 5 H % (age to 100 kg) \T¥

Ji% J& (backfat thickness) F1 %L 3k %= (teat number) LA

Ke At 50 8 Y B 58 (breast width) Al 7 4 K (fossil
length ) %5 PR 0K 1) 42 5 [ 22 28007 4 P X (A 75 A 0t
HY TR 2 A [ RN AR R, PR S 4 R 1R 4
] 2t 5 6 A [ 58 RN R 805 Z S SNP A 5 B 5 o 48 3
PRI 25 I P BB BL AR 5 e R i 25 0T . Bk DRS00 o 4 40 R
BE AL, He 43 A 38 8 B e Sy 278 B A o A, O
e B JiT A SNP L g (9 20 0 AH 55, 5 GBLUP A
[, BayesA f#f Fi DU - 307 A 20 523 AS R A7 050 B %%
ANTE] PR B ORI R G % . BayesB 51 AT #i B
PRSI , S e A N
y=Xb+>" Zia,+e

H,Zi, o, 53 5135 54> SNP AR BT 46 B
HVEEAS SNP AL 5B RN, FVF BayesB #E 47 7 ik
PR E R P ER B AR ERm, 5§
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BayesB fH 1 , {H BayesC 3 N Z 40 o, 16 T — 4
BI5) 43 AT X ik — 0 s R T B M B 2 M 5 il
L7 T BN % . Bayesian Lasso 5[ A T L1
T ) £ 3

18|

p 1A

P(,@M)ZH-I:l?;{e 4

BB, 53 5l 2R 7 R A 28 K50 ] A 2R 80, p 48 1Y 2

[ U 2% 500 R, A e 45 T A i A T TR S 8, B
(i fE B, S T OCSE AR B ) L BRI A VR BRI
Bio H WSS B m 1 g iy e RECNF L
1117 52 B P, e S 8 0 A R Al 1 2 Hom) = g
S 6 A %, T R E X PR RR ) S e R R A R
i 1] By 7R B R 4 52 4 R B (MCMC) SR AR 45K S

ISPA
w

R2 WRMHEER—

Table 2 Site screening results one

RRGBLUP & — fft 2 T 1 4= 8 v /K A 1 =5 [0)
(RKHS) B9 J5 % , 44 4 W 1a] 1 (ridge regression)
BLUP (best linear unbiased prediction) #f 17 & [ 41
PR, BIE I TR A AR et B SO . A T
T O 5 R A R B P A AT LUk RS TRAS O Tk B AT
T AT s AR TR e .

2 & R
2.1 ETFRENAELUFICNERAFENRHIE
&R

DR TS U Ml A B A AL O 3 T 9 Ak B S Y
T AL AR GETT T T A D7 1 b B SNP A7 R 7 Ax
AL B SETFAE R I 2 3R 3 K 4.

" - —
ik .WZ” bric LD GWAS<{0.04 GWAS<C0.03 GWAS<C0.02 GWAS<0.01
Dataset Origin markers

1} 5% Duck breast width 2475 2209 2450 2411 2360 2294
o K Duck fossil lenth 2255 2068 2231 2202 2168 2131

= AN
G4

GWAS<Z.LD %t GWAS B{EFRIC N . F 3R IA

GWAS<Z. Indicates sites where LLD data are falsely combined with GWAS threshold markers. The same as below

R3 MABRERZ

Table 3 Site screening results two

iﬁﬁi (,)rzjiiéziiers LD GWAS<{le-6 GWAS<{le-8 GWAS<{le-10 GWAS<le-12
A7 H i Age to 100 kg 332 870 7158 78 789 33765 22 334 7698
B 2 Backfat thickness 412 631 8 246 102 466 20 834 9826 8439
FL3L % Teat number 478 646 12 219 173 868 69 862 28 142 17 260
F4 NRHRER=

Table 4 Site screening results three

4 9 Dataset LD_PCC LD_outPCA LD_PCA LD_EPI
& 55 Duck breast width 1933 2310 291 2335
i £ Duck fossil lenth 1812 2170 287 2150
T35 H i Age to 100 kg 1111 7 256 120 1595
)= Backfat thickness 1056 8 342 110 2972
A3k # Teat number 1393 12 338 128 4233

2.2 TAEEEXTLE

AT B BT B IR b H OC R B (PCC) L K3y
77 1% 22 (mean squared error, MSE ) AE A ffif 15 75 0 4
JEFBe. MSE 2 —fvid By geit o, 1 T8 &
— A T B A A T R 25 0T 4 5 E . MSE

K P TP AG ST PR JEE A 50 L 101 U 5 L T
A

BN

MSE=3/

izl(yi—y;)

S TR WA, Sy, S EO A y,
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] 22 (197 O, e Ja 1S Y . MSE 19 {8 80/ i
U, 2R BRSBTS B WL I AE 2 18] Y 25 S
AN KRR o IBOT- A IF TS AR 1 2 A B 45 R
NS I ot (Al Y R S A= o N3 € 1T A NI RS
U 8 AR 5 22 B K, Horh LD_PCC Rl Ak R 1Y
(9 GBLUP J5 ¥&AH G M ¥ 55 i, 43 535 %1 0. 710 0 Fl
0.791 6, MSE 4351} 0. 122 51 0. 220 6, 4b T % &5

o {ly | gﬂﬂﬂﬂﬁﬁ iy uﬁﬂﬁﬂﬂﬂ ! gﬂaﬂﬂﬁﬁ Iﬂ
Sk g
SN

\| W Ll || i Iu i

B AL B R AR GE AR . AGE. #6 H T30 H i

AOF R0 T o8 H IR YRR B 4r (A R AE & i LD_PCC
A GBLUP J5 ik ] T 0. 503 7, HiAth 75 ¥ i MSE
SH T LR 8 GBLUP J7 35 808 ; 76 % 15 2 i g
FL3k By F M p LD_PCC 19 GBLUP #7141 & 4f
A3 AE ST 0.566 5110. 506 2 B HERT R .

S TR U LR A T A S A B R,
B O g A 7 b 5 1 3 ) o) A 2 B 1 5 el 5 DR 4

AT A Hﬂﬂﬂﬂn' !
QWWWWWW

== Origin

== LD

== LD_GWASI0-12
== LD_GWASI0-10
== LD_GWASI0-8
== LD GWASI0-6
== LD_outPCA

== Origin

== LD

== LD_GWASp004
== LD GWASp003
== LD GWASp002
== LD GWASp00I
== LD outPCA

== LD PCA == LD PCA
=== LD PCC == LD PCC
== LD EPI == LD EPI

sBF. B 5 BEJE  TN. 8 3L 3% %0 ; Breast_width. T i %5 ; Fossil_lenth. B & K .

LD_GWAS ¥4 ¥ /8 LD 254 GWAS J7 1, $idi 2678 GWAS B

The abscissa represents different statistical models.

AGE. Age to 100 kg; BF. Backfat thickness; TN. Teat number;

Breast_width. Duck breast width; Fossil_lenth. Duck fossil lenth. LD_GWAS-data indicates LD-integrated GWAS with a

specified GWAS significance threshold
B2 TR

Fig. 2 Comparison of prediction accuracy
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BB ¥ K RE BB RS5MEG6, H
F5 6T, A F A LD_PCC 7 k- {E 16 FF
A7 3% AU TN AR G MR AL AE AT A7, LD_PCC 5 ik
FERE 1 3R b b B AR B0 A 6. 420~13.9% 1)
PTF L TEWS T 008HE A 4% AR TR, B H 3

R5 MHEBEEEBMNUER

Table 5 Duroc pig prediction results

PEAR v R B e 22 1) £ i %k U 15 LD_PCA, 341
BRI B A 0. 167~0. 180 (19 AH X , H 1 77 12 76 1
T S e A rp e B R A, B T R LG B0 A G
P, HAT BB D PR 3 3R 4 A T

# % Phenotype J7#: Method S A S Mean PCC WiEZESTD
H T H i origin 0.3861 0.0319
Age 10 100 kg LD 0.4240 0.037 3
LD_GWASI0 0.429 7 0.036 2
LD_PCA 0.176 0 0.037 4
LD_outPCA 0.378 9 0.048 9
LD_PCC 0.4400 0.035 6
LD_EPI 0.4359 0.034 3
iR origin 0.4379 0.0409
Backfat thickness LD 0.4551 0.050 4
LD_GWASI0 0.461 1 0.050 5
LD_PCA 0.1808 0.050 2
LD_outPCA 0. 396 6 0.063 4
LD_PCC 0.497 4 0.044 0
LD_EPI 0.482 2 0.046 9
FLk# origin 0.413 4 0.0417
Teat number LD 0.4198 0.0312
LD_GWASI2 0.428 2 0.029 6
LD_PCA 0.167 3 0.0320
LD_outPCA 0.409 6 0.040 4
LD_PCC 0.440 1 0.0350
LD_EPI 0.426 5 0.032 3

LD_GWAS ®/R LD 45 A GWAS AR P I i ACR I b M B . T 1)
LD_GWAS represents the threshold for the best performance of the LD combined with GWAS markers method. The same as

below

2.3 HEREILE

B DR 2 A Rl R 0 D, R O i A T
PERE R B o AWM 1Y 2 5 CPU iy Intel(R)
Xeon(R) CPU E7-4820 v4 @ 2. 00GHz P4 i , 33+
80N, ITB BT WNAF N T XF b AN IR 7 s ik 47 2
0k S5 TSR R L TE SR ) 5 A R B
FIIEAR G o TR GBLUP A5 s 386 4 i B L H At
A8 NS Z B EN T ,GBLUP H HiA )7 i is &
TR, PCA AH OG5 25 B 4R o 55 ek ) g ple 02
ST R 3R A 22, M
PCA,LD_PCC J5 ¥ 75 4k 15 fx = 100 IUOKG B2 [ Bsf BT 5

(AT B IR ) A e, LV R R e 4 s
2.4 ETYRIBEENNESRELER

W 7 S8 s JE, FRAVT R A T I R L Sk B
LB T 42 U 35 I 0 SNP A7 503 5 ANNOV AR %K
347 T B, HoP upstream  downstream 2R IA £
B b TR 1 kb, TR FER I Sus scrofall 2
o B DR A R PR 3l A VE R B X 28 SNPs i 843
P B A [] F B DR DX Bl LR 93 A e 7 s
2.5 WMEHBEETNARELR

JInAL (weighted ) F1 K Jin AL i (default) (4 75 1B R
FFL Sk 0 SNP K B 7E 6 i A AU v (%) 7 245 150 00 o
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Table 6 Peking duck prediction results

F 7 Phenotype J7 % Method R &M Mean PCC brifE2E STD
LY o origin 0.6326 0.060 2
Duck breast width LD 0.6437 0.052 6
LD_GWASI 0.648 7 0.054 5
LD_PCA 0.662 1 0.0519
LD_outPCA 0.632 6 0.0554
LD_PCC 0.656 9 0.046 3
LD _EPI 0.6369 0.0490
AR origin 0.680 3 0.0727
Duck fossil lenth LD 0.695 2 0.067 6
LDGWAS2 0.702 6 0.0617
LD_PCA 0.7059 0.0714
LD_outPCA 0.6914 0.068 1
LD_PCC 0.709 3 0.0654
LD_EPI 0.686 9 0.071 6
F7 HIETEHESNPsIhEE IR R
Table7 Functional annotation and classification of SNPs in Duroc pigs
X 3 T4 Hor L/ %
Region Count Percentage
F: A 8] X Intergenic 169 033 74.84
N & T Intronic 50 617 22. 40
4h B F Exonic 2231 0.99
L% Upstream 1511 0.67
T i Downstream 1489 0.66
39IEEIIFIX UTR3 237 0.10
SUEBPEIX UTRS 90 0.04
IE%i % RNA 4h & ncRNA exonic 62 0.03
533 (i 1) Splicing 46 0.02
37 5 F i Upstream ;downstream 28 0.01
AR F ; 39 4% Exonic; splicing 2 0.001

PRI #E 22 W36 8 T

H1 2% 8 AT, AL A 7 & SNP B 7 T A1
A F ) I 2 BRI TR A B SNP ARG
FE R 4 RS vp AL B9 5 R J5E SNP 4 3 B
H 3 A U A AR T . X SR T AT vk RE
AT 5 A L T R VSR G P 28R A e
I RE o

IA S 14 5L 3k B0 SNP J [ A BT A A5 B vp Y T
2 BE A P T R A 19 2Lk B SNP B . A

GBLUP 2 %1 th A S5 14 7L 3k %% SNP i [ 2 30
A0 350 RO A 1 A T LS PCC A0, 349 042 i 31
0. 389 7. SR L3I KT oA B 4 33 1 T 75 B2,
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R8 REMEBTE AL FIBLIA SNP H 48 o i Tl = 2
Table 8 Predictive performance of different models on weighted and default SNP data

IR AR AL

Backfat thickness default

Teat number weighted

TSk HomAL

FLRHOR AL

Teat number default

Al IS AL

Model Backfat thickness weighted
GBLUP 0.410 8(0. 028 2)
BayesA 0.3831(0.024 2)
BayesB 0.349 4(0.0299)
BayesC 0.2982(0.017 3)

BL 0.400 3(0.022 7)
BRR 0.3957(0.0230)

0.3557(0.0310)
0.358 6(0.026 4)
0.3239(0.0487)
0.257 2(0.037 1)
0.3648(0.0451)
0.3749(0.046 4)

.3897(0.0228)
.3440(0.0234)
.306 5(0.032 1)
.249 3(0.0189)
.366 3(0.018 1)
.3537(0.027 8)

0.3490(0.0251)
0.3228(0.0307)
0.286 6(0.0369)
0.2405(0.0327)
0.3457(0.0305)
0.3476(0.031 1)

BL. Bayes LASSO ; BRR. Bayesian Ridge Regression, 5 H 5 7 F/nbr i 22
BL. Bayes LASSO; BRR. Bayesian Ridge Regression. The numbers in parentheses indicate the standard deviation
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