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ABSTRACT: Marker effects on the boar taint components 
androstenone and skatole were estimated for 603 Pietrain 
sired crossbred boars originated from three regionally 
different populations. Genomic-BLUP was used to calibrate 
the genomic selection (GS) estimation formula. Accuracy 
of genomic prediction was assessed by five-fold cross 
validation. In a first scenario, estimations were performed 
across populations, which revealed accuracies of 0.62 to 
0.65 for androstenone and skatole. Genomic prediction 
within each population showed similar accuracies ranging 
from 0.51 to 0.68. Using boars of the two populations for 
calibration and animals of the third populations as 
validation set led to significantly lower accuracies ranging 
from 0.06 to 0.27. We conclude that genomic selection 
against boar taint using information from commercial 
crossbreds is promising. However, only low genetic 
progress can be expected if GS formulas are transferred to 
genetically deviating pig populations, which are not 
included in the GS calibration procedure. 
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genomic breeding value 
 
 

Introduction 
 

As indicated by several national and European 
declarations (e.g. COPA-COGECA 2010) it is planned to 
ban surgical castration of piglets without anesthesia at least 
as of 2018. This will influence the quality of pork since the 
meat of entire males could be affected by boar taint. 
Alternatives like surgical castration with anesthesia, 
immune castration and fattening of entire boars are 
controversially discussed. Boar fattening has several 
advantages with respect to production like higher feed 
efficiency or carcass lean content. However, the risk of 
tainted meat has to be minimized. One possibility is to 
select pigs with a low incidence of boar taint within 
breeding programs (Windig et al. 2012). 

 
In Germany, commercial slaughter pigs are mostly 

of type Pietrain × F1-Sow. Genetic evaluation of Pietrain 
boars within herdbook organisations is performed in two 
stages: a) on station testing of purebred half- and fullsibs 
and b) progeny testing of commercial crossbreds, which is 
mostly realized in commercial fatting herds. 

 
It has been shown widely that genomic selection is 

a promising breeding tool for rapid improvement of 
complex traits. After successful implementation of genomic 
prediction of breeding values in purebred cattle breeds 

(Holstein, Jersey) (Hayes et al. 2009, Habier et al. 2010), it 
is now beginning to be used in pig breeding programs 
(Cleveland and Hickey 2013, Wellmann et al. 2013). Along 
with these activities national and regional pig breeding 
organizations in Germany currently discussing to extend 
their breeding objective by inclusion of boar taint 
indicators.  

 
Therefore, the objective of this study was to 

evaluate genomic prediction accuracy for boar taint 
components in the sire line Pietrain. Of particular interest 
were the effects of heterogeneous population structure, 
which is characteristic for this breed in Germany, and the 
use of crossbred performance of boar taint components.  

 
Materials and Methods 

 
Animal resources and trait recording. Overall, 

performance data of 603 entire male progenies originated 
from 136 AI-Pietrain boars and 410 crossbred sows of three 
regionally different breeding populations located in North-
Rhine-Westphalia, Baden-Wuerttemberg and Bavaria of 
two breeding organizations were analyzed. Crossbred dams 
of two populations were a single cross of German 
Edelschwein and German Landrace (cross 1 and cross 2) 
whereas sows of the third population Large 
White×(Leicoma×German Landrace) (cross 3). The 
investigated populations included families with 1-2 
offsprings in a half-sib family structure and the pigs were 
kept on five different performance testing stations. 
Additional information about test stations including 
performance recording can be found in the regulation for 
pig performance testing (ZDS 2007). All boars were 
slaughtered from November 2009 until December 2010 in 
commercial abattoirs with an average weight of 90.1 kg (± 
6.60). Slaughterhouse management gave the necessary 
permissions for tissue and organ collection. Samples of 
muscle, testis and fat were afterwards stored at -20°C. The 
quantitative determination of boar taint components 
androstenone (AND) and skatole (SKA) was conducted by 
Frauenhofer Institute for Molecular Biology and Applied 
Ecology (IME) Schmallenberg. Back fat AND was 
evaluated using gas chromatography/mass spectrometry 
(GC/MS) (Garcìa-Regueiro & Diaz 1989). The content of 
SKA in backfat was purified by reverse-phase high 
performance liquid chromatography (RP-HPLC) (Dehnhard 
et al. 1993). AND and SKA were log-transformed using log 
base e in order to meet the assumption of Gaussian 
distributed data.  

 



Genotyping and data validation. Genomic DNA 
was isolated from muscle samples. Single nucleotide 
polymorphisms (SNP) of all boars were genotyped on the 
PorcineSNP60 Illumina iSelect BeadChip according to the 
manufacture’s protocol. For quality control, data were 
analyzed by the R-package GenABEL to account for low 
call rate (CALL > 0.95), low minor allele frequency (MAF 
> 0.05) and deviation from Hardy-Weinberg proportion (p-
value < 0.001). SNPs were annotated based on the 
information from the Pig Sscrofa10.2 (International Swine 
Genome Sequencing Consortium).  

 
The genomic relationship matrix was estimated 

following method 1 suggested by VanRaden (2008). 
Furthermore, molecular variance among and within 
breeding populations as well as the corresponding Fst value 
was assessed following Weir and Cockerham (1984). 

 
Genomic prediction. Breeding values (EBV) of 

boar taint components AND and SKA were estimated using 
WOMBAT software (Meyer 2007). A sire model which 
includes the fixed effect testing station, type of cross and 
slaughter weight (covariable), was assumed to predict 
EBVs and corresponding reliabilities.  

 
Genomic estimated breeding values (GEBV) were 

predicted for AND and SKA using ridge regression best 
linear unbiased prediction (rrBLUP). BLUPs of allelic 
effects were estimated by assuming that all effects have the 
same prior distribution and shrinkage them towards zero by 
the same magnitude (Whittaker et al. 2000). 

 
Cross validation. Accuracy of genomic prediction 

was estimated in a fivefold cross-validation design. Three 
different scenarios (S) were applied to investigate the effect 
of different crossbred lines on genomic prediction for 
hybrid performance: S1) Calibration and validation of 
prediction was performed across the three segregating local 
crossbred populations, S2) Calibration and validation of 
prediction was done within each crossbred population 
separately, S3) Validation was performed in one crossbred 
population while the remaining two crossbred populations 
were forming the training set for calibration. 

 
Accuracy of genomic selection was reported as 

simple Pearson correlations coefficient between GEBV and 
EBV as proposed by Daetwyler et al. (2013). Additionally, 
individual accuracy was obtained analogues to the accuracy 
of EBV in an animal model through the inversion of the 
mixed model equations (MME) (Henderson 1975, Mrode 
2005).  

 
All analyses were performed using the R software 

version 2.15.2. Breeding values were predicted using the 
rrBLUP package version 4.2 (Endelman 2011). 

 
 
 
 

Results and Discussion 
 

Population structure and heritabilities. A total 
of 603 animals were genotyped resulting in 43’527 
segregating SNPs. Five samples had a low call rate <0.95 
and were removed from the data set. We calculated genome 
wide pairwise identical-by-state distances (figure 1). The 
investigation of the first three principal components 
revealed only few links between the populations.  

 

 
Figure 1: Plots of the three principal components 
showing the genomic kinship between the analyzed 
animals. Red: Cross 1, blue: cross 2 and green: cross 3. 

 
Analysis of the phenotypes showed that cross 1 

had highest mean concentrations and variation in both boar 
taint components. Cross 2 (377.3 ng/g ± 391.2) and cross 3 
(336.1 ng/g ± 324.6) had distinct lower concentrations 
particularly of AND compared with population 1 (869.7 
ng/g ± 857.4). Similar observations were made for SKA. 
Heritabilities (h²) across populations were high as expected 
for both boar taint components in cross 1 and 2 (Table 1). 
These h² are in accordance with those reported in other 
breeds (Strathe et al. 2013). Cross 3 revealed the lowest h², 
which might be explained by high standard errors. 

 
Table 1: Mean and standard deviations of prediction 
accuracy for boar taint components for three different 
Pietrain sired crosses under scenario S1 and S2 
N: number of boars, AND: androstenone, SKA: skatole 

Data N Trait h2 rEBV rMP rPEV 

All 
(S1) 597 

AND 0.59 0.65 0.60 
(±0.06) 

0.62 
(±0.06) 

SKA 0.57 0.65 0.53 
(±0.06) 

0.65 
(±0.06) 

Pop 1 
(S2) 241 

AND 0.67 0.64 0.58 
(±0.09) 

0.57 
(±0.07) 

SKA 0.58 0.69 0.54 
(±0.10) 

0.57 
(±0.07) 

Pop 2 
(S2) 236 

AND 0.66 0.66 0.68 
(±0.08) 

0.55 
(±0.08) 

SKA 0.65 0.59 0.57 
(±0.09) 

0.55 
(±0.08) 

Pop 3 
(S2) 120 

AND 0.31 0.61 0.57 
(±0.15) 

0.56 
(±0.07) 

SKA 0.11 0.45 0.51 
(±0.15) 

0.56 
(±0.07) 



Table 2: Mean and standard deviations of prediction 
accuracy for boar taint components for three different 
Pietrain sired crosses under scenario S3 

Training set Validation 
set Trait rMP rPEV 

Pop. 1 & 2 Pop. 3 
AND 0,21 0.44 

(±0.03) 
SKA 0,08 0.42 

(±0.03) 

Pop. 1 & 3 Pop. 2 
AND 0,07 0.41 

(±0.02) 
SKA 0,27 0.39 

(±0.02) 

Pop. 2 & 3 Pop. 1 
AND 0,06 0.41 

(±0.02) 
SKA 0,14 0.41 

(±0.02) 
AND: Androstenone, SKA: skatole 

 
 
In order to characterize the genomic (SNP) 

distance of the crosses, Fst-values as well as within and 
between breeding population variances were estimated. 
Investigating the molecular variance of the SNPs revealed a 
Fst-value (among cross variation) of 0.013 and the variation 
among the different crossbred populations explained only 
3.23% of the total SNP variation 
= !"#$%  !"#$"%$&'

!"#$%  !"!"#$"%&!!"#$""%  !"#$"%$&'
  = !.!"#

!.!"#!!.!"
.  

 
These findings suggest that the genetic distances 

between the three crosses were less pronounced. On the 
other hand it can be speculated, that differences between the 
phenotypic means of the three crosses cannot be captured 
by SNP effects, but are presumably the result of 
environmental effects (test station) and/or different 
measurement errors. Similar findings were also observed by 
Windhausen et al. (2012) in hybrid maize populations.  

 
Accuracy of genomic prediction. Accuracies of 

EBVs and genomic prediction for specific scenarios (S1-
S3) are listed in table 1 and 2. In scenario S1 GEBVs were 
estimated across the three populations and revealed 
accuracies of 0.62 and 0.65 for both boar taint components. 
Genomic prediction within each population (S2) showed 
similar accuracies ranging from 0.51 to 0.68. Estimated 
reliabilities calculated by the inverse of the MME were in 
accordance with the accuracies applying a Pearson 
correlation on EBVs and GEBVs. 

 
Using boars of two populations for calibration and 

male pigs of the third populations as validation (S3) yielded 
correlations between GEBV and EBV (rMP) in a range of 
0.06 to 0.27. These accuracies are in comparison to the 
promising results of scenario S1 and S2 significantly lower 
and might be explained by differences in linkage 
disequilibrium (LD) and linkage phases (LP) between the 
different crosses. Hence, marker effects estimated in one 
cross cannot be transferred to another genetically deviating 
population. Similar results have been reported in plant 

breeding for maize (Windhausen et al. 2012, Zhao et al. 
2012) and in cattle (Hayes et al. 2009). 

 
Differences between the LD and LP can particular 

be expected between the different dam lines of the 
crossbred boars. It can be assumed, that at least in recent 
generations less expressed genetic links between the 
individuals of these dam lines exists. From this point of 
view, it would be beneficial to analyze the inheritance of 
boar taint components within the dam lines. Such 
investigations should also consider fertility traits because 
possible negative relationships between AND and fertility 
traits e.g. age at first farrowing (Windig et al. 2012), need 
to be considered. 

 
Calculating genomic prediction accuracies by the 

inverse of the MME (rPEV) were considerably higher than 
rMP. However, rPEV does not quantify accuracy in a strict 
sense (Daetwyler et al., 2013), so that the validity of rPEV 
according to the genetic prediction of boar taint components 
is questionable. 

 
Conclusion 

 
Our analysis showed that genomic selection 

against boar taint is promising. It was possible to reach 
adequate high accuracies, even in small population. This 
suggests that in general genomic selection in the Pietrain 
sire line is beneficial by using boar taint information of 
commercial crossbreds. On the other hand, only low genetic 
progress can be expected if genomic formulas are 
transferred to genetically deviating pig populations which 
are not included in the genomic selection calibration 
procedure. Differences in LD and LP in different lines 
might serve as an explanation for these low accuracies. 
Future attempts in genomic selection against boar taint 
should consider sire and dam lines simultaneously.  
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