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ABSTRACT: To reduce the costs of genomic selection, 
selection candidates can be genotyped with an SNP panel of 
reduced density. Two strategies for the selection of SNPs to 
be considered in a very low density SNP panel (384 SNPs) 
are investigated using 895 progeny tested and genotyped 
German Piétrain boars. In the first strategy equal spaced 
SNPs were selected, which were used to impute the high 
density genotypes. In the second strategy SNPs were select-
ed based on results of association analysis. Accuracies of 
DGV for the two strategies were obtained from cross vali-
dation. A regression approach to correct for the upward bias 
of the cross validation accuracy of the DGV was used. The 
first strategy resulted in more accurate DGV. This implies 
that imputation is beneficial even if only 384 SNPs are 
genotyped for the selection candidates. 
Keywords: Piétrain sire line; Unbiased DGV accuracies; 
Very low-density SNP panel 
 
 

Introduction 
 

In genomic selection a large number of single nu-
cleotide polymorphisms (SNPs) spread across the genome 
are used for breeding value estimation in a reference popu-
lation and for subsequent selection of candidates based on 
genomically enhanced breeding values (Meuwissen et al., 
2001; Goddard and Hayes, 2009). Because of already small 
generation intervals in pigs there is not so much scope for 
further reduction of the generation interval, as it is in dairy 
cattle. Nevertheless genomic selection is relevant also in pig 
breeding schemes (Lillehammer et al., 2011). Some breed-
ing organisations have started to implement genomic selec-
tion by genotyping progeny tested sires with the Illumina 
PorcineSNP60 BeadChip (Ramos et al., 2009) and to use 
them as the initial reference population (Wellmann et al., 
2013). From an economical point of view, most critical are 
the high cost of genotyping. 

 
One way to reduce routine costs is to genotype se-

lection candidates with an SNP panel of reduced density. A 
very low-density panel (VLD panel, 384 SNPs) was sug-
gested to be sufficient for imputation. The strategy is to 
select SNPs based on equidistant location, high MAF and 
low correlation of genotypes (equal-spaced, ES). This is 
described in Wellmann et al. (2013). Missing genotypes can 
then be imputed using genotyping information from the 
individuals in the reference population. Genomic breeding 
values can then be estimated for the selection candidates in 
the same way as if they were genotyped for the full set of 
SNPs. To avoid an error accumulation, selection candidates 

which are selected for breeding the next generation have to 
be subsequently genotyped for the full set of markers. 

 
Another strategy to select SNP for the VLD panel 

is to choose SNP being significant in GWAS or having high 
average BayesA effects (largest-effect, LE). An imputation 
step and a subsequent typing of the selected individuals 
afterwards are not needed. 

 
The aim of the present study was to apply diffe-

rent strategies to implement genomic selection in the sire 
line Piétrain population using VLD panels. The SNPs were 
selected to be included in the VLD panel using index-
similar procedures. Methods for genotype imputation and 
for the estimation of the accuracy of genomic breeding 
values were applied. The methods were validated using 
correlation between direct genomic values (DGV) and esti-
mated breeding values (EBV), and approximate accuracies 
of DGV. A special emphasis was laid on obtaining bias 
reduced cross validation accuracies of DGV. 

 
Materials and Methods 

 
Genotypes and conventional EBV for 14 traits, 

(growth (2), carcass (9) and meat quality (3)) of 895 Ger-
man Piétrain boars were available from breeding organiza-
tions. Boars were genotyped with the PorcineSNP60 Bead 
Chip (Ramos et al., 2009). A total of 48062 markers re-
mained in the data set after quality control and were used 
for the analysis. Haplotypes were reconstructed using de-
fault parameters in fastPHASE (Scheet and Stephens, 
2006). These were inserted into Haploview v4.1 (Barrett et 
al., 2005) to estimate 2r  (Hill and Robertson, 1968) values 
for SNP pairs with a distance ≤ 5Mb. Genotyped boars 
were split into a training and a validation set. The validation 
set for imputation and genomic selection consisted of 100 
boars, which were the youngest animal with high-density 
(HD) genotyped sires. The remaining 795 boars were in-
cluded in the training set.  

 
From the set of markers in the validation set two 

VLD panels were built. SNPs were selected based on 
scores. For the first panel the score was calculated as the 
product of a function of P-values and the estimated contri-
bution to the additive genetic variance (largest-effect, LE). 
The significance of the SNP was determined by GWAS 
(Stratz et al., 2014). Within the function, markers with 
small P-values were scored higher than markers with larger 
P-values. BayesA was used to estimate the contribution to 
the additive genetic variance. Herein the effect of the mark-



er was defined as its average contribution to the additive 
variance of traits. The traits were standardized to have the 
same additive variance. 

 
For the second subset, SNPs were selected based 

on equidistant location, high MAF, and low correlation of 
genotypes (equal-spaced, ES). Thereby even maker being at 
similar genomic positions but being not in LD were includ-
ed in the VLD panel. These VLD SNPs were used to im-
pute the 48062 SNPs using LD and linkage information. 
SNP selection and imputation was done as described in 
Wellmann et al. (2013). The imputation error rate and accu-
racies were calculated for the VLD-ES strategy. SNPs not 
included in the VLD panel were masked in the validation 
set and imputed using the training set. The imputation error 
rate was computed as the proportion of masked SNP geno-
types that were not correctly imputed. The imputation accu-
racy for an individual was computed as the squared correla-
tion between its true and imputed genotypes. 

 
DGV were estimated with GBLUP (Meuwissen et 

al., 2001) using deregressed EBVs and different marker 
subsets. Boars were progeny tested with varying number of 
offspring. Therefore GBLUP was extended to account for 
heterogeneous error variances as described in Garrick et al. 
(2009). 

 
The BLUP EBV of individuals of the training and 

a validation sets were estimated in a single evaluation, 
which results in a correlation of the EBV and the prediction 
errors. The error correlation leads to an overestimation of 
the DGV accuracies if it is not accounted for (Amer and 
Banos, 2010). This is especially a problem for EBV with 
low accuracies due to a limited number of offspring. To 
obtain bias reduced accuracies of DGV, the multiple regres-
sion approach of Wellmann et al. (2013) was applied for the 
EBV as follows. 
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This equation predicts the expected correlation be-
tween DGV and EBV. The intercept 

0a  and the regression 
coefficients 1a  and 

2a  are fixed effects, and the errors 
te  

are normally distributed. Val
tr and Train

tr are the accuracies of 
the EBV in the validation set, respectively the accuracy in 
the training set. Note that for 1→Val

tr , the EBV approxi-
mates the TBV, so the contribution of the prediction error to 
the correlation approaches zero. Thus, for 1=Val

tr , the ex-
pected correlation between EBV and DGV equals the ex-
pected accuracy of DGV for a randomly chosen trait with 
Train
tr  specified. This can be estimated as 
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For simplicity we assumed that possible depend-
ency of the error 

te  on Val
tr  is negligible. Therefore, the 

accuracy of DGV for trait t was estimated as 
 

 t
Train
ttTBVDGV eraaar ˆˆ1ˆˆˆ 210, +++=  (2) 

 
Genomic predictions, EBVDGVr ,  and TBVDGVr ,  were estimated 
for three SNP sets, i.e. the full set (HD), the VLD-ES set, 
and VLD-LE set. 
 

Results and Discussion 
 

All possible SNP pairs with a distance ≤ 5Mb 
produced 3284064 pairwise LD values on the 18 porcine 
autosomes. The average 2r  between the SNP was 0.34 and 
points to a high genetic diversity within this breed. The 
mean imputation error rate (accuracy) for masked markers 
was 0.133 (0.79). 

 
 

 
Figure 1. Correlations between DGV and validation set 
EBV.  
The regression lines show how the correlation between DGV and EBV 
depends on the accuracies of the EBV in the validation set. The solid line 
corresponds to the situation in which the standard complete pedigree was 
used to estimate the EBV. The dotted line shows the function when the 
pedigree information between sires were omitted, i.e. the EBV was deter-
mined solely by progeny records. 

 
 
In Figure 1 the results of eq. (1) are visualized. 

The solid line shows the regression function as estimated in 
eq. (1). The dotted line shows the function when the pedi-
gree information between sires were omitted, i.e. the EBV 
was determined solely by progeny records (see Wellmann 
et al., 2013 for details). This figure shows that the lower the 
accuracy of the EBV in the validation set the greater the 
correlation between DGV and EBV if the full pedigree 



information is used. This is very likely due to the error 
correlation. The regression approach (eq. 1+2) accounts for 
this upward bias and produces bias corrected DGV accura-
cies. In Table 1, the correlations and accuracies for the HD 
strategy, the VLD-ES and the VLD-LE strategy are shown. 
The mean EBVDGVr , (0.62) and TBVDGVr , (0.42) were highest for 
the HD strategy. EBVDGVr ,  and TBVDGVr ,  was 0.59 and 0.37 
for the VLD-ES strategy. For VLD-LE strategy EBVDGVr ,  
and TBVDGVr ,  was 0.49 and 0.19, respectively. Averaged over 
all traits the results of the scenarios with regard to the 

EBVDGVr ,  is HD>VLD-ES>>VLD-LE. 
 
Although the accuracies of DGV in the HD strate-

gy were highest, this method was not implemented in the 
routine genomic selection application, because of the high 
genotyping costs. The VLD-LE strategy seemed to be 
promising, because an imputation step and a subsequent 
typing of selection candidates afterwards are not needed. 
Therefore the VLD-LE strategy seems to be easier to organ-
ize and to implement. However this strategy is less flexible 
and also the accuracies of the DGVs were substantially 
lower compared to the VLD-ES strategy. 

 
Conclusion 

 
We showed that with the VLD-ES strategy more 

accurate DGV were obtained than with the VLD-LE strate-
gy, even if only 384 SNPs are to be genotyped. The regres-
sion method for obtaining unbiased estimates of the accura-
cy of DGV is a promising approach which has to be evalu-
ated in detail using stochastic simulations. Based on the 
results of this study and of Wellmann et al. (2013) the 
VLD-ES strategy was implemented in the routine genomic 
selection application. 
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Table 1. Correlations between DGV and EBV and accuracies of DGV. Results from the HD-strategy (48062 marker), 
VLD-ES strategy and VLD-LE strategy (384 marker) 

Trait group 
                EBVDGVr ,             TBVDGVr , (eq. 1+2) 
HD VLD-ES VLD-LE HD VLD-ES VLD-LE 

Growth 0.51 0.52 0.35 0.41 0.41 0.21 
Muscularity 0.60 0.56 0.43 0.42 0.36 0.17 
Meat quality 0.76 0.70 0.68 0.43 0.34 0.20 
mean 0.62 0.59 0.49 0.42 0.37 0.19 
 



	  


