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Abstract: This study aimed to explore the application of GBLUP and penalized regression methods
in genomic selection of the hematological traits in pigs. We chose 13 hematological traits from the
immune resource population collected by our laboratory as the analyzed objects. We used the gen-
otyping data of Illumina PorcineSNP60 Genotyping Beadchip to conduct the genomic selection
analysis, in which GBLUP and 3 penalized regression methods (ridge, lasso and elastic-net) were
used based on additive model and additive-dominance model. The results showed that the accuracy
of genomic selection was positively correlated with estimated values of chip heritabilities of traits.
The results of cross-validation analysis showed that the MCV (mean corpuscular volume) had the
highest prediction accuracy among 13 hematological traits. The prediction accuracy of additive

model and additive-dominance model were different in different traits. In total trend, the predic-
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tion accuracy of the lasso and elastic-net regressions were lower than that of the ridge regression

and GBLUP. But in a few traits, such as NE% , it was opposite. In conclusion, there is no opti-

mal genomic prediction method that could be suitable for all traits, and we should consider the

genetic characteristics of the target traits when choosing a genome evaluation method. This

research provides important reference information for the practical application of genomic selec-

tion for immune traits in pigs.
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Table 1 Results of heritability estimation for each trait

LN w1z 7 LN W%
Trait Heritability Trait Heritability
WBC 0.377 0£0.014 5 MO % 0.034 1£0.015 5
NE 0.081 240.024 8 RBC 0.254 340.021 8
LY 0.325 840.018 1 HGB 0.503 640,012 2
MO 0.049 440.014 3 MCV 0.626 540,012 1
EO 0.277 840.019 4 RDW 0.471 340.019 2
NEY 0.344 0£0.021 3 PLT 0.183 0£0.019 5
LY% 0.426 740.015 5
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Table 2 Results of cross-validation based on GBLUP for each trait

PR repeat=10, repeat=25, repeat=>50,
Trait k-fold=10 k-fold=10 k-fold=5
WBC 0.2116 0.210 7 0.195 4
NE 0.103 7 0.104 5 0.070 2
LY 0.164 8 0.152 6 0.159 0
MO 0.017 9 0.017 9 0.009 1
NE% 0.162 7 0.172 7 0.163 2
LYY% 0.2211 0.240 3 0.2337
MO % 0.009 3 0.011 8 0.010 1
RBC 0.1219 0.174 9 0.125 1
HGB 0.267 9 0.289 1 0.258 7
MCV 0.315 0 0.320 5 0.316 8
RDW 0.184 4 0.230 0 0.197 6
PLT 0.059 2 0.081 1 0.058 9

EO 0.170 9 0.188 0 0.181 9
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Table 3 Results of cross-validation based on ridge regression for each trait

oA 7Y o - S e A Y
eIk Additive model Additive-dominance model
Trait repeat=10, repeat=25, repeat=>50, repeat=25,

k-fold=10 k-fold=10 k-fold=5 k-fold=10
WBC 0.2137 0.207 8 0.198 9 0.217 5
NE 0.104 5 0.102 7 0.094 5 0.113 1
LY 0.182 5 0.200 4 0.202 4 0.185 1
MO 0.005 8 0.0111 0.017 6 0.037 9
NE% 0.2239 0.208 9 0.193 8 0.223 6
LY% 0.264 1 0.274 0 0.254 9 0.289 7
MO% 0.011 3 0.025 8 0.0317 0.047 3
RBC 0.2380 0.2320 0.2155 0.272 4
HGB 0.289 0 0.293 7 0.276 3 0.277 8
MCV 0.3270 0.3351 0.3311 0.334 0
RDW 0.242 7 0.246 5 0.243 4 0.229 5
PLT 0.108 9 0.087 4 0.103 5 0.118 3
EO 0.149 8 0.152 4 0.130 2 0.218 7

R4 FBHRET lasso AAKN T XBIED LR

Table 4 Results of cross-validation based on lasso regression for each trait

Jn A Y o1 - S e A Y

Pk Additive model Additive-dominance model
Trait repeat=10, repeat=25, repeat=>50, repeat=25,

k-fold=10 k-fold=10 k-fold=5 k-fold=10
WBC 0.031 6 0.045 8 0.077 3 —0.038 3
NE NA NA 0.0211 NA
LY 0.159 2 0.149 7 0.123 1 0.116 1
MO NA NA —0.080 7 NA
NE % 0.246 3 0.251 1 0.235 1 0.201 9
LY% 0.204 5 0.238 4 0.195 0 0.180 0
MO % —0.006 4 —0.029 4 —0.038 1 NA
RBC 0.211 3 0.239 1 0.157 8 0.2316
HGB 0.233 2 0.261 4 0.203 2 0.246 5
MCV 0.312 5 0.309 5 0.290 4 0.280 6
RDW 0.074 4 0.094 3 0.066 6 —0.023 6
PLT —0.027 1 —0.069 1 —0.016 2 —0.054 4
EO NA NA NA NA
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Optimal selection of alpha parameters of elastic-net regression for each trait
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Table S Results of cross-validation based on elastic-net regression for each trait

Jin e A Y

- P A Y

HER Additive model Additive-dominance model
Trait

repeat=10, k-fold=10 repeat=25, k-fold=10 repeat=>50, k-fold=5 repeat=25, k-fold=10
WBC 0. 108 7(alpha=0. 1) 0.111 4Calpha=0. 1) 0. 114 0Calpha=0. 1) 0.091 0 (alpha=0. 1)
NE 0. 027 7(alpha=0.7) 0. 037 1(alpha=0. 6) 0. 024 5(alpha=0.4) 0. 033 4(alpha=0.4)
LY 0.176 4(alpha=0. 8) 0. 160 9(alpha=0.7) 0. 141 8(alpha=0. 8) 0.159 1(alpha=0.1)
MO NA NA —0. 053 3(alpha=0. 8) NA
NE% 0.267 6(alpha=0.5) 0. 262 8(alpha=0. 3) 0. 233 3(alpha=0.4) 0.210 6(alpha=0.1)
LY% 0. 268 5(alpha=0. 8) 0. 256 7(alpha=0. 2) 0. 232 8(alpha=0. 3) 0. 258 7(alpha=0. 1)
MO % 0.010 2(alpha=0.2) —0.003 3(alpha=0. 8) —0. 020 3Calpha=0.7) NA
RBC 0. 231 5(alpha=0. 6) 0. 243 6(alpha=0. 8) 0.157 9(Calpha=0.5) 0. 235 1(alpha=0. 4)
HGB 0. 280 4(alpha=0.2) 0.263 4(alpha=0. 2) 0.229 1 (alpha=0.1) 0.277 2(alpha=0. 1)
MCV 0. 349 4(alpha=0. 2) 0. 333 5(alpha=0.5) 0. 298 8(alpha=0.1) 0.290 2 (alpha=0. 1)
RDW 0. 132 5(alpha=0. 1) 0.104 9Calpha=0. 1) 0.102 0Calpha=0. 3) 0.044 9 (alpha=0. 1)
PLT —0. 041 4(alpha=0. 6) —0. 032 4(alpha=0. 6) —0.004 7 (alpha=0.9) —0. 005 4(alpha=0. 1)
EO NA NA 0.104 2 (alpha=0. 6) NA

TGS N Rl alpha fH

The numbers in brackets are the optimal alpha values

=10, k=10
A

r=25, k=10
AR

Elastic-net [A] |9 # alpha Z%{% 0.1.0.2.0.3.,0.4.,0.5.,0.6.0.7.,0.8.,0.9
The alpha parameters of elastic-net regression are 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9
B2 3#EEAES GBLUP EREMESRE S k-fold B LK R E BT 59 70 5 ik L&

Fig. 2 Comparison of 3 regression methods and GBLUP for predicting accuracy of each trait in different repetition times and k-

fold values under different models
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